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Alternating Minimization Algorithm for Speckle
Reduction with Shifting Technique

Hyenkyun Woo and Sangwoon Yun*

Abstract—Speckle (multiplicative noise) in synthetic aperture
radar (SAR) makes it difficult to interpret the observed image.
Due to edge preserving feature of total variation (TV), variational
models with TV regularization have attracted much interest
in reducing the speckle. Algorithms based on the augmented
Lagrangian function have been proposed to efficiently solve
speckle reduction variational models with TV regularization. But
these algorithms require inner iterations or inverses involving
the Laplacian operator at each iteration. In this paper, we
adapt Tseng’s alternating minimization algorithm with shifting
technique to efficiently remove the speckle without any inner
iterations or inverses involving the Laplacian operator. The
proposed method is very simple and highly parallelizable, and so
it is very efficient to despeckle huge size SAR images. Numerical
results show that our proposed method outperforms the state-of-
the-art algorithms for speckle reduction variational models with
the TV regularizer in terms of the CPU time.

Index Terms—Convex optimization, Alternating minimization,
Total variation, Speckle, Synthetic aperture radar, Multiplicative
noise, Denoising

I. INTRODUCTION

Synthetic aperture radar on a satellite is very useful for
monitoring the ground of the Earth, irrespective of the weather
condition [10], [28]. The received backscattered signal of SAR
is corrupted by the speckle. We assume that the speckle is fully
developed, i.e., the number of point scatterers in a resolution
cell is large [11], [22]. The intensity of the observed signal
at each pixel is the product of a backscattering coefficient (or
a radar cross section) of the target and the speckle which is
(negative) exponentially distributed with unit mean [31], [42].
Since the standard deviation of the speckle is equal to the
mean of it, the signal-to-noise ratio (SNR) of the observed
signal is only one (i.e. 0 dB) [4]. Unlike the standard optical
imaging system, such as digital camera, the noise level of SAR
is very high and so the speckle in SAR makes it hard to in-
terpret valuable information, such as edges and patterns, from
the observed signal. Therefore, the reduction of the speckle
from the observed signal is a meaningful preprocessing for
applications, such as segmentation and feature extraction.
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Recently, variational models [2], [6], [15], [20], [25], [30],
[371, [39], [45] with the total variation regularizer have at-
tracted much interest in removing the speckle due to edge
preserving feature of TV [34] (many sharp edges exist in
urban areas). Among them, the model based on maximum
a posteriori (MAP) criterion for a logarithmic transformed
image [6], [37] and the I-divergence model [39] are a convex
variational model for speckle reduction. Algorithms based
on the augmented Lagrangian function with nonlinear block-
Gauss-Seidel method have been proposed to efficiently solve
aforementioned convex variational models for speckle re-
duction [6], [39]. However, inner iterations [6] or inverses
involving the Laplacian operator [39] are required depending
on the formulation of the augmented Lagrangian function.
The computational cost of inner iterations and evaluation of
inverses is rather expensive.

In this paper, we propose a general framework, which
combines an alternating minimization algorithm (AMA) [41]
with shifting technique, to solve convex variational models
for speckle reduction. The shifting technique significantly
improves the performance of the AMA for speckle reduction;
see Section III-B. The proposed algorithm has a simple closed
form solution at each iteration. This is a main advantage of our
algorithm over other state-of-the-art algorithms [6], [39] since
no inner iterations and no inverses involving the Laplacian
operator are required. Numerical results show that our pro-
posed algorithm outperforms the state-of-the-art algorithms for
speckle reduction in terms of the CPU time. The peak signal-
to-noise ratio (PSNR) of the proposed algorithm is comparable
to that of the state-of-the-art algorithms.

A. Variational Models for Speckle Reduction

In this subsection, we briefly describe three variational
models for speckle reduction.

Let Q C R?, b be the observed radar image intensity. Then
we want to find the unknown true image intensity, i.e. radar
cross section (RCS) @ : © — R™ from the observed image
intensity:

b= an, (1

where 7) is the speckle (multiplicative noise). Since the noise
level of the speckle is relatively high, the conventional SAR
system reduces the noise variance of the observed signal
by multi-looking process, i.e., averaging the observed signals
from slightly different angles of the same resolution cell (L-
look SAR image). We note that the same effect is achieved by
averaging neighboring pixels in the image domain. It is known
that the probability density function (PDF) of the speckle n
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of the L-look SAR image is given by the following Gamma
distribution:

= —e MH(n), )

where H is Heaviside function, the mean value of the speckle
nis 1 (E(n) = 1), and the variance of n is 1/L [31]. The
corresponding conditional probability density function of the
observed pixel intensity b given its mean value @, which is the
RCS of the target, is

p(bla) = ﬁ <§>LbL_le_I{2b.

For the observed image b, a Bayesian analysis using MAP
criterion with the TV regularizer (prior) leads to the following
energy minimization problem [2]:

min/ <logu+b) dx—i—i/ [Vuldz, 3)
u Q u L Q

where A > 0. Unfortunately, this model is nonconvex. In
order to resolve the nonconvexity, logarithmic transformation
is commonly used [6], [25], [37] (i.e. w; = log(u)). Then the
resulting variational model is expressed as follows:

A
uf = argmin /(ul +be™ ") dx + —/ |Vu| dx p (4)
uy Q L Q

where A > 0. Notice that, since the logarithmic function
is monotonically increasing, the location of edges does not
change, and thus the gradient operator is applied to logarithmic
transformed images; see [25] for more details. We call the
above model (4) as the exponential model. But the logarithmic
transformation expands the values in the dark area, while
compressing those in the bright area. Also, the mean value
is biased [24]. Recently, Steidl and Teuber [39] show that the
solution of the classical I-divergence model:

min/ (u—blogu) dx + A/ |Vu| dzx 5)
voJo L Ja

is theoretically equal to the solution of the exponential model
(4). The main advantage of the model (5) is that it does not
need a nonlinear transformation. Even though the theoretical
solution of the model (5) is equal to that of the model (4),
the numerical performance of the state-of-the-art algorithm
depends on the model (i.e. model-specific); see Section IV.

B. Overview

The paper is organized as follows. In Section II, we review
recently proposed algorithms. In Section III, we introduce our
proposed method and show its convergence. In Section IV, we
report our numerical results for speckle reduction. We give our
conclusions in Section V.

II. DISCRETE FORMULATION AND RELATED WORKS

In this section, we review recently developed algorithms for
solving speckle reduction models.

For notational convenience, we use vector notation, i.e., the
2D M x N image is columnwise stacked into a vector, for
the rest of the paper. Therefore, the image u is a vector in
U = (0,C]", where n = MN and C is a positive real
number. The observed noisy image b is a vector in (0, C’}”
with a positive scalar C > C. The i-th component of wu is
denoted by u;. 1 denotes a vector of ones in R™. In the sequel,
the multiplication and division of vectors are performed in
component-wise. Hence the exponential model (4) and the I-
divergence model (5) are expressed as the following discrete
formulations respectively:

Jin (u+be™, 1) + M| Vul, (6)
where A = 2 and [|[Vau| = 7, (V)2 with (Vu); € R2,
Hg[r]l (u—blogu, 1) + A||Vul|. (7)

The Neumann boundary condition is used for the discrete
gradient operator V. Note that the adjoint of the gradient
operator V is the negative divergence operator — div, i.e.
(p, Vu) = (—divp, u). For more details, see [9].

The following lemma shows that the exponential model (6)
and the I-divergence model (7) have a unique optimal solution.

Lemma I1.1. The exponential model (6) and the I-divergence
model (7) have a unique minimizer.

Proof. If we add the indicator function of the bounded
constraint (d(u) = 0 if u € U, dg(u) = oo if u & U with
U= log U for (6) and U =U for (7)) to the objective function
of each model ((6) and (7)) and drop the bound constraint, then
the objective function of each reformulation of (6) and (7) is
proper, lower semicontinuous, level bounded [33]. Therefore,
by [33, Theorem 1.9], the set of minimizers of (6) and that of
(7) are nonempty and compact. In addition, each reformulation
of (6) and (7) is strictly convex. Hence the exponential model
(6) and the I-divergence model (7) have a unique minimizer.
|
The next lemma shows that the minimizer ug, of the
exponential model (6) is bounded below by the minimum
component of logb and above by the maximum component
of logb, and the minimizer u;; of the I-divergence model
(7) is bounded below by the minimum component of b and
above by the maximum component of b. Its proof is omitted
since the boundedness can be obtained by proceeding as in
the proof of [39, Proposition 3.1].

Lemma IL.2. Forall i =1,...,n,
bmin S (u;kdiv)i S brnaxa
®)

where by = minie{l,...,n} b; and byax = max;e{1,...,n} b;.

1Og brﬂin S (uzxp)i S log bmaX7

By Lemma II.2, without loss of generality, we assume that
U = [bmin, C]™ in the sequel.
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A. Algorithms for the Exponential Model (6)

Bioucas-Dias and Figueiredo [6] proposed to apply the al-
ternating direction method of multipliers (ADMM) [16], [17],
[35] to solve the following reformulation of the exponential
model (6):

ut = eul*.

©)
They called this algorithm as the multiplicative image denois-
ing by augmented Lagrangian (MIDAL). The framework of
the MIDAL can be expressed as follows:

uj = argmin {(u+be ", 1) + A|Vd| | d = u},
u€log U

ukFtl = argmin (u + be™%, 1) + %HU —d* _pkH%
u€logU

M = argmin A|Vd|| 4+ &[|d — u* ! 4 pF|2

pk+1 — pk- _ (uk+1 _ dk'H).

(10)
They proposed to use Newton’s method to approximately
obtain u**1 and to use Chambolle’s algorithm [8] to approx-
imately get d**! at each iteration. Note that the first step of
(10) has a closed form solution in terms of the Lambert W
function [6], [12], but it is difficult to evaluate this closed form
solution.

Huang et al. [25] applied a variable splitting to the penalized
formulation of the form (9), i.e., added the penalty term
plld — u||3 to the objective function and removed the linear
constraint. The minimizer of the penalized problem converges
to (9) only when p approaches infinity. Hence this causes
numerical difficulties since the penalized problem becomes
severely ill-conditioned when p is very large. Besides this
drawback, their method requires inner iterations as the MIDAL
does.

B. Algorithms for the I-divergence Model (7)

Steidl and Teuber [39] proposed to compute the minimizer
of the model (7) by applying Douglas-Rachford splitting
technique [16] (or equivalently ADMM [17], [35]). Actually,
they considered to apply the ADMM to the following three
reformulations:

Lngg{(ufblogu, 1)+ Az|| | 2= Vu}. (11)
Lnel[r}{wfblogu, 1)+ M|Vd| | d=u}. (12)
min < (u — blogu, 1) + \||z]] ’ uy_ (1 d
well g ) 2 - V 9
(13)

where I denotes the identity matrix with dimension defined
within the context. But the authors of [39] commented that
the performance of directly applying the framework of the
MIDAL to (12) is poor. They also commented that, if the
discrete cosine transform (DCT) is used, the ADMM for (13)
performs best. Also, this one has the advantage that it requires
no inner iterations which are required for (11) and (12) when
the ADMM is applied. Hence, in the following, we describe
the framework of the ADMM applied for (13). We call it

as the ADMM-III. The framework of the ADMM-III can be
2
d"! = arg min

expressed as follows:
k k
Py I U
+ d—
d ( pk ) ( \ ) ( 2 ) 2

uFt = argmin {(u — blogu, 1) + Z||p} + d* — u|3}
uelU

2k = arg min {)\HzH + %Hpé + Vdktt — z||§}
z

k+1 k+1
Py _ I k+1 _ [ U
(s )= () + (o )= ()
We can express the above framework in a simplified form:

@ = (1= D)7 (uF — pf — div(zF — pf))

V]

ph
5

IS

Rl 1 (p’f +dMT =l 4/ (pF 4 dFF — p1)2? 4 dpb )
uk+1 — fPU(uk+1)

L = shrink(ps + VdE Tt u))

k41 k+1
by _ I k+1_ [ U
(e )= () (o )= (e
(14)
where Py (u) denotes the projection of u onto the set U, =

é, A is the Laplacian operator, and the shrinkage operator is
defined as in [43]:

oY
5

z; = shrink(a;, ¢) = maz(||a;|]2 — ¢, 0)7% ,

laill2

where a; € R? and ¢ € R. We note that the similar approach
as the ADMM-III has been applied for Poisson noise reduction
models [19], [36], [44].

III. ALTERNATING MINIMIZATION ALGORITHM WITH
SHIFTING TECHNIQUE

In this section, we describe an alternating minimization
algorithm (AMA) studied in [41] for solving speckle reduction
models, i.e., the exponential model (6) and the I-divergence
model (7), by using separable convex reformulations. And we
show the convergence of the iterates generated by the AMA
when it is applied to solve reformulations of (6) and (7). Also
we introduce shifting technique to improve the stability and
the performance of the AMA when it is applied for speckle
reduction variational models.

A. Alternating Minimization Algorithm

In this subsection, we describe briefly the AMA for solving
the following separable convex minimization problem:

min  f (u) +g(2)

- (15)
uelU

subject to Vu = z,

where f U — R is a twice differentiable function,
g(z) = M||z|, and U is a closed convex set in R™. The
formulation (15) with f(u) = (u+be~*, 1) and U = log U is
the separable convex reformulation of the exponential model
(6). The formulation (15) with f(u) = (u — blogwu, 1) and
U U is the separable convex reformulation of the I-
divergence model (7).
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We assume that f is strongly convex with modulus o > 0
on U, ie.,

Vif(u) = oI, Yuel,

which means that V2 f(u) — o1 is positive semidefinite. This

together with Taylor expansion implies that, for all v,w € U,
o
f(w) 2 f(0) + (Vo f(v), w=0) + Slw—v]3. (16)

The Lagrangian function and the augmented Lagrangian
function for (15) are respectively

L(u,z,p) = f(u) +g(2) + (p, 2 — Vu) (17)
and
La(u,2,p) = f(u)+g(2)+(p, z—w>+%|\z—w|§. (18)

Then the framework of the AMA for solving (15) can be
expressed as follows:

uFt = argmin L(u, 2¥, p*)
uEU
M1 = argmin L, (uFt1, 2, p¥) (19)
z
PEHL = pF + a(2F L — Vuktl),
where « is a constant satisfying the condition:
20
0<a< . (20)
Al

Note that ||A||2 is the maximum eigenvalue of the Laplacian
operator and the value of ||Al|2 is less than or equal to 8 when
the Neumann boundary condition is used [17].

In the following lemma, we show that the functions (u +
be~, 1) of (6) and (u—blogu, 1) of (7) are strongly convex
on logU and U respectively. This lemma will be used in
Lemma II1.3. In what follows,

filu) = (u+be ", 1)

Lemma IIL1. The function fi(u) is strongly convex with
modulus ™22% on logU and the function fo(u) is also

. b
strongly convex with modulus mlg’g L on U.

and  fo(u) := (u—blogu, 1).

Proof. fi(u) is twice differentiable on the set logU and
V2 f1(u) = Diag(bo e™*) for all u € logU, where Diag(v)
denotes a diagonal matrix whose diagonal entries consist
of the components of v. Hence V2fi(u) = o1l, where
o1 = % for all u € logU. Therefore fi(u) is strongly
convex with modulus o; on logU.

fa(u) is twice differentiable on the set U and V2 fo(u) =
Diag(bo u™?) for all u € U. Hence V3 fo(u) = o2l, where
oy = mlgébj, for all w € U. Therefore fy(u) is strongly
convex with modulus o5 on U. [ |

The next lemma shows that the dual problem of the expo-
nential model (6) and that of the I-divergence model (7) have
an optimal solution. In other words, the exponential model (6)
and the I-divergence model (7) have an optimal Lagrange mul-

tiplier vector corresponding to the linear constraint Vu = z.

Lemma II1.2. The dual problem of the exponential model (6)
has an optimal solution and that of the I-divergence model (7)
has an optimal solution.

Proof. The Lagrangian dual function of the exponential model
(6) and that of the I-divergence model (7) are expressed as
follows:

h(p) = uie%fzf(u) +9(2) + (p, z — Vu)
= - sug{k divp, u) — f(u)} — SLle{Fp, z) —g(2)}

_ *

= (—=divp) — g"(-p),

where f = f;, i = 1,2 and f*(y) := sup,{(y, u) — f(u)}.
Hence the dual problems of the exponential model (6) and the
I-divergence model (7) have the following formulation:

min f*(—divp)
P

(21)
[pll < A,

subject to

where |- || is a dual norm defined by ||z = max;, <1 2”y.
By Lemma IIL.1, f is strongly convex, and hence f* is finite,
convex, and differentiable on the set {p|||p|l. < A} (see [32,
§12 and Theorem 26.3]). Therefore the dual problem (21) has
an optimal solution. [ ]

We note that (15) is a linearly constrained convex mini-
mization problem, and so the strong duality (i.e., there is no
duality gap) is satisfied; see also [39].

The next lemma gives two inequalities which are crucial to
prove the convergence of the AMA when it is applied to solve
the exponential model (6) and the I-divergence model (7). The
proof of this lemma is given in Appendix A.

Lemma IIL3. Let {u*}, {z*}, {p*} be sequences generated
by the AMA when it is applied to solve the problem (15)
with f = f; for i = 1,2. Then we have the following two
inequalities

ol[ut* — || — o Vur T — Va3
< P —p*, Vut — V)

—a(ZF — 2 Vur T — o), (22)
where (u*,z*) is a solution of the problem (15), p* is a
solution of its dual problem (21), o0 = o; for i = 1,2, and

(pFt —p*, AT =2 <. (23)

The following theorem establishes the global convergence
of the AMA when it is applied to solve the problem (15) with
f = f; for i = 1,2. It can be proved by proceeding as in the
statement of [41, page 134] with Lemma II1.3. But we include
the proof for completion.

Theorem IIL4. Let {u*}, {2*}, {p*} be sequences generated
by the AMA with 0 < o < o /4 when it is applied to solve the
problem (15) with f = f; for i = 1,2. Then u* converges to
the unique optimal solution u*.

Proof. Let (u*,z*) be a solution of the problem (15) and p*
be a solution of its dual problem (21). By summing (22) and
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(23), using Vu* = z*, and rearranging, we obtain

a[a" 3 — a Va3 4 (P, ST - vt
+C¥<2k+1, Vﬁk+1>

= o[~ allVaFT R + S, P )
Fa(skt vaktly
< o
where pFt+1 = phtl _pr | ghtl = bl g skl — kel

*

z*, and the equality follows from p*+! = pk 4 a(zF+! —
Vu**1). This together with the identities

20, pPT = pF) = I = P15+ 1P TIE - 119713
1 . R
?Hp’““—p’“ng = [IVaHE 4 [12M5

—2(zk L vkt

where the second equality uses p*+1 = pk +a(2F+1 —Vukt1)
and Vu* = z*, implies that

1513

5441 - 0?7k + 200t
+a?[|£* 3

54118 + 2a(0 — 40 3 + a2,

V

v

where the second inequality uses the Cauchy-Schwarz inequal-
ity and ||V||3 = ||Al]2 < 8. Since the choice of k and p* are
arbitrary, by the condition 0 < o < o /4, we obtain that

k * k *
Ip* = p*[I5 > " = p*II3
+2a(o — 404)||uchrl - u*||§ + 042||zkJrl - z*H% (24)

holds for all £ = 0,1,... and any solution p* of the dual
problem (21). Therefore (24) implies that {p*} is bounded,
Yoo luf — w3 < oo and oo [|2F — 2*||3 < oo, so that
uFtl = ¥, and 2t — 2* = Vu*. Hence u* converges to
the unique optimal solution u*. ]

B. Shifting Technique

In this subsection, we introduce the shifting technique to
significantly improve the performance of the AMA.

First of all, we describe the framework of the AMA applied
to solve the exponential model (6) and the I-divergence model
(7). In what follows, ¥(x) = log x for the exponential model
(6) and ¥(z) = x for the I-divergence model (7).

The framework can be simply expressed as follows:

uk+l — Py (\IJ (m)) ,
2FHL = shrink(VuFtt — " Ay (25)

a;’ oy

pk+1 _ pk + ai(zk+1 . vu}c-&-l),

where 0 < a3 < % with o1 = %]b] for th_e exponential
model (6) and 0 < apy < % with 0y = %@Z” for the
I-divergence model (7). Hence we do not require any inner
iterations and avoid computing any inverses involving the
Laplacian operator. Those are advantages over the state-of-
the-art algorithms such as the MIDAL (10) and ADMM-III

(14) introduced in Section II.

When the AMA is applied to solve the exponential model
(6) and the I-divergence model (7), each strongly convex
modulus o;, which depends on min; b; by Lemma III.1, of the
fidelity terms is crucial for the performance of the proposed
algorithm. But, it is observed that the minimum value of the
measurement data is very close to 0 (min; b; ~ 0), especially
when L is small. Note that if L = 1 then the PDF of the
speckle is (negative) exponential distribution with unit mean
and unit variance (see (2) and Fig. 1 (c), (d)). Therefore, the
minimum value of the speckled image is overwhelmed by
the speckle, especially when L is small. For example, the
minimum value of the speckled images in Fig. 6 (b) and
(c) is 0. Hence, if we directly apply the AMA to solve the
exponential model (6) or the I-divergence model (7) with
images such as Fig. 6 (b) and (c), then the AMA converges
very slowly.

In order to overcome this drawback, we can add Tikhonov
regularization 5 [lul|3 with § > 0 to each fidelity term of
the exponential model (6) and the I-divergence model (7).
But Tikhonov regularization essentially changes variational
models. Also, inner iterations are required for the exponential
model (6) with Tikhonov regularization. We can also overcome
that drawback by adding the proximal term o5 [lu — u”[|3 to
the first step (minimization of the Lagrangian function) of
the AMA (19) [46]. This modified version is also known as
the relaxed AMA (rAMA), which is equivalent to the primal-
dual hybrid gradient (PDHG) algorithm [9], [18], [48]. When
the rAMA is applied to the exponential model (6), the only
difference from the AMA is the first step of the AMA (19),
ie.,

. ) 1 )
uF ! = argmin (u+be™*, 1)+ (p", Zk—vu>+%‘|u_uk”§-

u€log U
(26)
There is a closed form solution for (26) in terms of the Lambert
W function [6], [12] but it is difficult to evaluate this closed
form solution. Hence we need an algorithm, such as Newton’s
method, to obtain v**! as did for the MIDAL (10).
On the contrary, when the rAMA is applied to the I-
divergence model (7), the first step of the rAMA has a simple
closed form solution:

Hk k)2
S P (p + \/(z;) + 40b ) | o

where p* = u¥ — §(1 + divp”). Hence the rAMA can also
avoid any inner iterations and inversions for the I-divergence
model.

From the Kuhn-Tucker Theorem [32, Corollary 28.3.1], the
optimal solution u* is

b
“ (1+divp*)

Since @ ~ U1 (u*) where @ is the original image, the above
equality (28) together with (1) implies that the corresponding
speckle 1 can be characterized by

(28)

b

=1+divp" = ———.
(N S
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Fig. 1: (a) Original image u, (b) Histogram of u, (c) Speckle
7, (d) Histogram of the speckle 7, (e) Speckled shifted image
(@ + T1)n, (f) Histogram of the speckled shifted image (u +
T1)n, (g) Shifted speckled image un+ 71, and (h) Histogram
of the shifted speckled image un + T'1. Note that L = 1,
T =100, and ((a+T1)n, 1) = (an+ T1, 1) ~ 227n.

Hence the speckle 7 satisfies the unit mean property, i.e.
(n, 1)/n = 1, since (divp*, 1) = 0; see also [39] for the
case of the I-divergence model.

If we shift the speckled image by T (i.e. b=0b+T1) then,
due to the unit mean property of the speckle, the following
equality holds:

(U Hu*)n+1T1, 1)

(T (w*) +T1)n, 1).

We note that, even though U~ (u*)n + T1 and (U~ (u*) +
T1)n are equal in average, the minimum values of both terms
are different, i.e. the minimum value of b = ¥~ (u*)n+T1 is
min; U~ (u¥)n; + T and the minimum value of (¥~'(u*) +
T1)n is min; (U~ " (u}) 4 T)n;; see Fig. 1.

In homogeneous region of the original image, we get
the despeckled image W~!(u*) by the following averaging
process:

= E[W 'u")n+T1]
E[(U™!(u") + T1)1]
U Hw*) + 71,

(29)

where W1(%*) is the solution for the shifted speckled image
b. Note that we assume that U~'(u*) + 71 and 7 are
statistically independent [31]. The above equality (29), i.e.,
the invariance with respect to shifting, is satisfied by various
denoising filters [7], [27], [40]. In axiomatic scale-space theory
of Alvarez et al. [1], [3], it is known as the gray-level shift
invariance.

Similar to the results of Lemma I1.2, it can be shown that
U—1(@*) satisfies the following bound condition:

U Ha*) e U+ T1.

When A = 0, ¥~ (u*) = U=1(a*) — T1 since ¥~ 1(a*) =
Pu+r1 (5) (see Algorithm 1). Hence, we can roughly consider
that the minimizer of the exponential model (6) and that of
the I-divergence model (7) are approximately obtained from
the shifted speckled image b as follows:

- T1.

The main purpose of the shifting technique is to increase the
modulus o; which is crucial for the performance of the AMA;
see Fig. 3. Since each modulus o; depends on min; b; and
C (see Lemma III.1), we can obtain larger modulus by the
shifting technique (i.e. adding 7" to the received backscattered
signal of SAR). In other words, for the exponential model (6),
min; b; + T

C+T
It is easy to show that o, is an increasing function of 7" > 0
and 01 — 1 as T" — oo. For the I-divergence model (7),
minj bj + T

(C+1)2 "
It is easy to prove that oo has a maximum value at T' =
C'—2min; b;. Since the given number of looks L is very small
in practical applications [26], [31], we consider that L = 1,3
(min; b; ~ 0) in our numerical experiments in Section IV.
Therefore, if we choose T > min; b; then the parameters oy
and o2 mainly depend on the shifting parameter 7.

In Algorithm 1, we describe formally our proposed speckle
reduction method. We call this speckle reduction method as
Alternating Minimization Algorithm with Shifting Technique
(AMAST).

g1 =

09 —

Algorithm 1 AMAST
Input: Given the noisy image b
Initialization: Let b = b+ 71 with T > 0, u™!
p'=0,and u® = argmin |jv— U(b)|3.
vEV(U+T1)
T (P2 > el o ()2 do

Update u+2 = W(b/(1 + div p*))

07

while || U1 (uF) —

Project u**! = argmin |jv — uF 2|3
veW(U+T1)
k
Update 2"t = shrink(Vurtt — 2 (%)
Update pF+! = pb + o (2F+1 — Vuh+1)
end while
SOLUTION : W= (y*) = U1 (uh+1) = T1

IV. EXPERIMENTAL RESULTS

In this section, we report numerical experiments
for speckle reduction with twelve test images, which
include eight remote sensing images, in Fig. 2 and
two real SAR images in Fig. 8 (a) and (c) from
http://www.sandia.gov/radar/sar-data.html.
We compare our proposed algorithm with the MIDAL [6],
ADMM-III [39], rAMA (PDHG [48]), and probabilistic patch
based (PPB) filter which is studied by Deledalle et al. [13].
The PPB is a nonlocal means based algorithm for speckle
reduction. Note that there are two versions for the PPB, i.e.
the iterative PPB (PPBit) and non-iterative PPB (PPBnit).

All algorithms are implemented in C language with interface
to MATLAB through the mex function. All runs are performed
on a laptop with Intel 17-640LM CPU (2.13 - 2.93GHz) and
8GB Memory. The Operating System is 64bit Linux. We note
that the MIDAL is implemented by us based on the guideline
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Fig. 2: Dataset for the numerical experiments - twelve different
test images; the size of images varies from 256 x 256 to 1500 x
1500. The grayscale of the images is [0, 255].

Exponential Model I-Divergence Model

L METHOD X aq 5 T X as 5 T
MIDAL T.O/L 1.0 I - - - -
ADMM-III - - - - LOL 001 - T
1 rAMA T.OL 2.0 02 1 1OL 005 10 1
AMAST _ 1.0O/L 0.043 - 30 LOL 15e4 - 30
AMAST-a  1.OL af - 30 LOL  of - 30
MIDAL 1.5/L L5 - 1 - - - -
ADMM-III - - - - 15 001 - I
3 rAMA 5L 2.0 02 1 I5L 005 10 1
AMAST __ 13[L_ 0.06 - 30 13L 24e4d - 30
AMAST-a  1.3/L of - 30 L3L ol - 30

TABLE I: The parameter values for numerical experiments.

in [6] and the ADMM-III is implemented by us based on the
MATLAB version which is provided by the authors of [39].
The PPB is available from [14].

A. Results on Synthetic Images

In this subsection, we report numerical experiments for
speckle reduction with twelve synthetic images. All the test
images are corrupted by the speckle (L-look SAR image,
(2)). We note that, in practical applications, the given number
of looks L is very small [26], [31]. Therefore, we choose
L =1,3. We terminate all the algorithms except the PPB by
the following stopping condition:

071 ) = 0 (WF)| | < el [0 (u")] ]2,

where ¢ = 3 x 10~%. Note that the PPB is terminated by the
fixed number of iterations; see [13], [14] for details.

The structure of the proposed method (see Algorithm 1) is
really simple. But we need to compute log for each image
pixel at each iteration for the exponential model. Therefore,
instead of using standard C library, we use Fastlog [38], which
is faster but less accurate. In Table I, we summarize values for
the parameters, i.e. A, a, ¢ of all the algorithms except the PPB.

For the MIDAL, o« = AL and the number of Newton
iterations is four for the first step in (10) as recommended
in [5], [6]. The split Bregman method [21] is used for the
second step in (10) instead of Chambolle’s algorithm [8] (the

(30)

- [EXP](S‘/AI

4 [EXPIa,
i [PVIo/4 1 49

—e—[IDIV],

e [EXP]
—8— [IDIv]

PSNR(dB)

30 50 100 255 500 1000 1 10 30 50 100 255 500 1000
T

(a) (b)

500 .

Iteration
o
8
A

30 50 100 255 500 1000 1 10 30 50 100 255 500 1000
T

2
(c) (d)

Fig. 3: (a) The comparison of the empirical maximum value
of a; and the theoretical bound o;/4 with respect to 7. Note
that the empirical «; is getting close to the theoretical bound
as T increases. (b) PSNR vs. T, (¢) #iterations vs. T, and (d)
A vs. T. The speckled image (min; b; = 0 and C' = 255) in
Fig. 6 (b) is used.

split Bregman method is faster than Chambolle’s algorithm)
and the number of iterations for the split Bregman method is
ten.

For the ADMM-III, we set « = 0.01 (this parameter is
optimized for our experiments) and use the DCT to evaluate
the inverses of the operator I — A.

For the rAMA, we set o = 2.0,6 = 0.2, the number
of Newton iterations is four when u**1 is updated (26) for
the exponential model, and set « = 0.05,9 = 10 for the I-
divergence model.

For the MIDAL, ADMM-III, and rAMA, we do not need
to shift the speckled image, but the minimum value of it is
zero for some images, such as speckled images in Fig. 6, and
so we shift speckled images by one as did in [20].

For the proposed method, the shifting parameter 7" is related
to the performance of the algorithm. As shown in Fig. 3, the
algorithm converges very slowly when 7' is too small. We
note that it takes 5883 iterations to obtain 19.54dB for the
exponential model and takes 7524 iterations to obtain 19.69dB
for the I-divergence model when T'= 1 and € = 1075 is used
in (30). It is observed that if the value of the parameter T’
increases then the number of iterations decreases. The quality
of the recovered image is worse when 7' is too large. Based
on our numerical experience, it would be better to choose
T € [10,100]. We note that it would be better to choose small
A when T is large. From Fig. 3 (a), we can choose a slightly
higher value of «; than the theoretical bound o, /4 without fail
to converge. We choose T' = 30 for all experiments based on
Fig. 3 (b). When T = 30, the theoretical upper bound of a;
is 2.6 x 10~2 for the exponential model (6) and that of s is
0.9 x 10~* for the I-divergence model (7). But we can choose
a1 =43x1072 and ay = 1.5 x 10~* for L = 1 and we can
select a;; = 6.0 x 1072 and ay = 2.4 x 10~* for L = 3; see
Table 1.

It is conservative to use the constant step size «y;, especially
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Fig. 4: (a) Relative error vs. CPU time for the exponential
model, (b) PSNR vs. CPU time for the exponential model,
(c) Relative error vs. CPU time for the I-divergence model,
and (d) PSNR vs. CPU time for the I-divergence model. Even
though the intermediate relative error of the AMAST-a is larger
than that of the AMAST, the AMAST-a is stable and the total
computational cost of it is reduced (less number of iterations)
when it is compared to that of the AMAST. The speckled
image in Fig. 7 (c¢) is used.

at the initial stage. Hence we update «; adaptively at the initial
stage to accelerate the convergence of our proposed algorithm;
see Fig. 4. We update «; adaptively as follows:

a? =q; X 100.3max((Q—k)/Q,O)7 (31)
where Q = 150 for L = 1 and @ = 100 for L = 3. We call
this method as “AMAST-a”.

In Fig. 4, we show the relative error and the PSNR (on the
speckled image in Fig. 7 (c)) for each model with respect to
the CPU time. Even though the intermediate relative error of
the AMAST-a is larger than that of the AMAST, the AMAST-
a is stable and the total computational cost of it is reduced
(less number of iterations) when it is compared to that of the
AMAST.

Table II reports the PSNR, the CPU time, and the number
of iterations of the MIDAL, ADMM-III, rAMA, AMAST(-
a), PPBit for solving speckle reduction models with twelve
different images in Fig. 2. We note that the PSNR is defined
by ,

255“n
won (=g 07

where n is the size of the image, u is the original image, and
U1 (u*) is the recovered image. Based on average CPU time,
the AMAST-a is at least two times faster than MIDAL and
rAMA for the exponential model and is faster than ADMM-
Il and rAMA for the I-divergence model. The PSNR of
AMAST(-a) is comparable to that of the MIDAL, ADMM-
III, and rAMA. The AMAST-a for the exponential model
is the fastest algorithm. We note that the performance of
the AMAST(-a) does not much depend on the form of the

variational model. The PSNR of the PPBit is better than all
the other algorithms when L = 3. Especially, if the image,
such as the “Barbara” image, has periodic patterns then the
PSNR of the PPBit is at least 1.0dB higher than that of all the
other algorithms. But the PPBit is too slow.

In Fig. 5, we compare the AMAST-a with the MIDAL for
the exponential model (6), the ADMM-III for the I-divergence
model (7), and the nonlocal means based PPB [13] on the
“Barbara” image. The AMAST-a is faster than all the other
algorithms. The PSNR of the AMAST-a is even better than
that of the PPB when L = 1. When L = 3, the PPB recovers
periodic patterns better than all the other algorithms.

In Fig. 6, we compare the AMAST-a with the MIDAL
for the exponential model (6), the ADMM-III for the I-
divergence model (7), and the nonlocal means based PPB on
the “Remote4” image. The AMAST-a is faster than all the
other algorithms. The PSNR of the AMAST-a is comparable
to that of all the other algorithms. Since there is no periodic
pattern, the PSNR of the PPB is less than that of the AMAST-
a. As commented in [13], the PPB well preserves edges,
but small and thin structures, such as cars on the road, are
removed.

In Fig. 7, we compare the AMAST-a and rAMA with the
MIDAL for the exponential model (6), the ADMM-III for
the I-divergence model (7), and the nonlocal means based
PPB on the “Remote8” image. For the exponential model, the
AMAST-a is at least 2.4 times faster than the MIDAL and
rAMA with comparable PSNR. For the I-divergence model,
the proposed algorithm AMAST-a is the fastest algorithm
with better PSNR. The PPB is very slower than all the other
algorithms.

B. Results on real SAR Images

Exponential Model I-Divergence Model

METHOD ~— X a1 5§ T X az 5T
MIDAL ___ I5L 15 1 - - - -
ADMM-III - - - - 15L 0004 - 1
rAMA 5L 20 02 1 150 005 10 1
AMAST __ 12/L___0.055 - 70 12L _ 8e5 - 10
AMASTa _ 12L  af - 70 12 af - 70

TABLE III: The parameter values for numerical experiments
on real SAR images in Fig. 8. Note that we set L=3.5 based
on the estimated number of looks of the images in Fig. 8 (a)
and (c).

In this subsection, we report numerical experiments on
speckle reduction with two real SAR images in Fig. 8 (a)
and (c). The raw data of each real SAR image in Fig. 8 is in
the grayscale [0,216]. Even though the dynamic range of the
real SAR image is very high, the meaningful information is
usually in a low grayscale region except the bright scatterers.
Therefore we set U = [0, 16 x 255] (see also [23], [47]). From
homogeneous regions of real SAR images (white squares in
Fig. 8 (a) and (c)), we estimate the equivalent number of looks
(ENL) [31]; ENL=3.47 for (a) and ENL=3.51 for (b) in Fig. 8.
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Exponential model I-Divergence model Nonlocal
MIDAL[6] rAMA AMAST AMAST-a ADMM-III[39] rAMA AMAST AMAST-a PPBit[13]
L IMAGE PSNR/Time/Iter PSNR/Time/Iter PSNR/Time/lter PSNR/Time/Iter PSNR/Time/Iter PSNR/Time/lter PSNR/Time/Iter PSNR/Time/Iter PSNR/Time
Barbara  20.8/1.2/17 20.7/1.6/96 20.9/0.8/220 20.9/0.6/154 20.7/0.7/55 20.7/0.7/128 21.0/0.8/246 21.0/0.6/179 20.8/33.0
Boat  21.7/5.5/17 21.777.1/98 21.7/3.7/210 21.7/2.5/146 21.7/3.9/54 21.7/3.3/132 21.7/3.8/242 21772777175 21.5/102.7
House  22.0/1.2/17 22.1/1.7197 22.0/0.8/208 22.0/0.5/146 22.1/0.6/51 22.2/0.8/138 22.0/0.8/239 22.0/0.6/174 21.6/33.2
Lena  23.3/5.6/17 23.3/7.1/97 23.3/3.8/215 23.4/2.7/155 23.3/3.9/55 23.3/3.4/130 23.4/4.2/243 23.4/2.9/176 23.4/102.7
Remotel 19.5/4.3/17 19.4/5.7/96 19.5/3.4/236 19.5/2.57169 19.4/3.3/56 19.472.77124 19.7/3.5/280 19.772.77212 19.3/89.8
1  Remote2 19.7/6.0/17 19.7/7.3/98 19.5/4.2/203 19.5/2.8/142 19.7/4.7152 19.7/3.8/135 19.6/4.1/239 19.6/3.0/172 19.6/110.7
Remote3 19.4/1.5/17 19.472.2/97 19.5/1.1/211 19.5/0.7/146 19.4/0.9/53 19.4/1.0/129 19.6/1.0/244 19.6/0.8/177 19.1/41.7
Remote4 19.6/5.9/18 19.5/6.9/95 19.5/4.3/241 19.5/3.1/175 19.5/3.7/52 19.5/3.2/124 19.8/4.3/267 19.8/3.3/200 19.2/102.7
Remote5 18.8/5.8/18 18.7/6.5/95 18.6/4.6/256 18.6/3.4/194 18.7/4.2/59 18.7/3.0/113 18.9/4.6/302 18.9/3.6/235 18.6/101.5
Remote6 ~ 21.0/13.7/17  20.9/16.4/97  20.8/8.8/224 20.8/6.1/157 20.9/13.2/57 20.9/7.97130 21.1/9.97264 21.177.4/198 20.5/235.2
Remote7  21.9/25.3/17  21.7/249/96  21.8/15.5/230  21.8/10.8/161 21.8/24.2/56 21.7/12.2/126  22.2/16.777262  22.2/12.7/198 21.2/359.0
Remote8  22.0/55.6/17  21.9/60.1/97  22.3/31.6/219  22.3/22.5/154 21.9/65.4/53 21.9/29.4/131 22.6/34.5/250  22.6/25.3/183 21.4/842.3
Average  20.8/11.0/17  20.8/12.3/97  20.8/6.9/223 20.8/4.9/158 20.8/10.7/54 20.8/6.0/128 21.0/7.4/257 21.0/5.5/190 20.5/179.6
Barbara  22.2/1.3/17 22.1/1.1/62 22.1/0.5/120 22.1/0.3/86 22.1/0.4/33 22.1/0.5/83 22.2/0.5/139 22.2/0.4/98 23.4/34.3
Boat  23.9/5.7/17 23.9/4.5/62 23.7/2.1/114 23.7/1.7/94 23.9/2.3/32 23.8/2.2/84 23.7/2.2/132 23.7/1.6/93 23.9/103.3
House  24.5/1.2/17 24.6/1.1/64 24.3/0.5/111 24.4/0.4/96 24.6/0.4/31 24.6/0.5/89 24.3/0.4/127 24.3/0.4/93 24.7/34.3
Lena  25.6/5.7/17 25.6/4.5/62 25.472.17/115 25.4/1.8/90 25.6/2.4/33 25.5/2.2/84 25.4/2.2/135 25.4/1.6/95 26.1/103.3
Remotel 21.1/4.5/18 21.1/3.5/60 21.0/1.9/124 21.0/1.5/93 21.1/1.9/32 21.1/1.7778 21.172.0/150 21.1/1.4/104 21.0/90.6
3  Remote2  21.2/6.4/18 21.2/4.8/63 21.0/2.3/112 21.0/1.9/90 21.2/2.8/32 21.2/2.4/85 21.0/2.4/128 21.0/1.7/91 21.2/111.4
Remote3  20.8/1.6/18 20.7/1.4/61 20.7/0.6/118 20.7/0.5/85 20.7/0.5/32 20.7/0.6/80 20.8/0.6/138 20.8/0.5/97 20.6/42.9
Remote4  21.6/5.9/18 21.6/4.3/60 21.5/2.3/122 21.5/1.8/91 21.6/2.2/31 21.6/2.1/80 21.6/2.4/146 21.6/1.7/102 21.3/103.4
Remote5  20.7/5.8/18 20.7/4.1/59 20.5/2.47128 20.5/1.8/92 20.7/2.5/34 20.7/1.9/70 20.6/2.6/161 20.6/1.9/116 21.0/102.3
Remote6 ~ 22.7/14.8/18  22.7/10.0/61 22.5/5.1/122 22.5/3.8/93 22.771.7/33 22.7/5.1/83 22.6/5.6/147 22.6/4.1/103 22.4/235.1
Remote7  23.8/26.5/18  23.8/16.1/61 23.7/8.5/122 23.7/6.6/93 23.8/14.2/33 23.8/8.3/80 23.8/9.7/147 23.8/7.3/109 23.7/360.5
Remote8  24.2/55.6/17  24.2/37.5/61 24.2/18.6/121 24.2/15.6/101 24.2/42.4/32 24.2/19.0/84 24.4/20.2/140  24.3/14.8/102 23.9/838.0
Average  22.7/11.2/18  22.7/7.7/61 22.6/3.9/119 22.6/3.1/92 22.7/6.6/32 22.7/3.9/82 22.6/4.2/141 22.6/3.1/100 22.8/180.0

TABLE II: Comparison of the performance of the AMAST(-a) and rAMA with that of the MIDAL for the exponential model,
the ADMM-III for the I-divergence model, and the PPBit. The proposed method, AMAST-a outperforms all the other algorithms
in terms of the CPU time, while achieving comparable PSNR. The AMAST-a for the exponential model is the fastest algorithm

for speckle reduction.

Therefore, we set L=3.5.! In Table III, we report parameters
used to despeckle real SAR images in Fig. 8 (a) and (c). For
the AMAST-a, we use the adaptive update scheme in (31) with
@ = 100.

The iterative probabilistic patch based filter (PPBit) seems to
remove the speckle in homogeneous regions well and preserve
edges and small bright scatterers well. But it attenuates thin
strip lines in Fig. 8 (a). It seems that the visual quality of
the AMAST-a is similar to that of the rAMA, MIDAL, and
ADMM-III. The AMAST-a is at least two times faster than the
rAMA, MIDAL, and ADMM-III and at least 37 times faster
than the PPBit.

Note that, for better visualization, all images in Fig. 8 are
displayed after square root transformation is applied.

V. CONCLUSION

In this paper, we have proposed the alternating minimization
algorithm with shifting technique (AMAST(-a)) for convex
speckle reduction variational models - the exponential model
and the I-divergence model - and have shown that our algo-
rithm outperforms the rAMA, MIDAL, ADMM-III, and PPBit
for speckle reduction in terms of the CPU time. The AMAST-
a for the exponential model is the fastest method. Also, the
AMAST(-a) obtains comparable PSNR when it is compared
to the MIDAL, rAMA for the exponential model (6) and
the ADMM-III, rAMA for the I-divergence model (7). We

Note that real SAR images in Fig. 8 are the absolute values of the complex
raw data and it is theoretically known that the PDF of the speckle is the
Rayleigh distribution rather than the Gamma distribution. But we empirically
find that the Gamma distribution with L = 3.5 does better approximate the
true noise distribution. See also [47].

note that the AMAST(-a) has computational advantages over
other state-of-the-art algorithms, since no inner loops and no
computation of inverses involving the Laplacian operator are
required.

Our proposed algorithm can be applied to solve speckle
reduction variational models with different regularizers other
than local total variation (for example, nonlocal regularization
[13], [29], [39], [46]). When we update values u, z, p by using
(25), each component of those values can be evaluated in par-
allel. Therefore, the AMAST(-a) can be effectively accelerated
on parallel hardware, and hence can be efficiently applied for
huge size SAR images. These can be future research topics.

APPENDIX A
PROOF OF LEMMA I1I1.3

Let (u*, 2*) be a solution of the problem (15) and p* be a
solution of its dual problem (21). Then (u*, 2*, p*) is a saddle
point of the Lagrangian function (17) and so we have

L(u*,2%,p) < L(u*,2",p") < L(u,2,p") YueU,zp.
(32)
By the convexity of U, the first step in (19), and the second
inequality of (32), we have that

FMh) = (pF, vt
W) +9(E=") + % 2" = Vur)

IA

f(ag) = (*, Vag),
flag_p) +9(27)
+(p*, 2" = Vai_g),

IN

where @} = (1 — B)uF*t + Bu* and Ui 5= Buktt 4+ (1 -
B)u* with 0 < 8 < 1. Adding the above two inequalities and
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rearranging yield that

S = f(as) + f(u*) — f(@5_p)
< B(pk —p*, VuFtt — vur).

This together with (16) and Lemma III.1 implies that

BVuf(@h) — Vuf(@i_p), v —u*) + 0B ub T — w3
< B<pk _p*7 vuk—i-l _ VU*>

This together with the mean value theorem, the convexity of
U, the strong convexity of f, and the fact that ﬁ;; —uy_ 5=
(1 —28)(u*+! — u*) yields that

(8 = 26%)0 ™ — |3 + B2 — w3

= (B- Aottt — 3

< BpF —p*, VT —vur).

By dividing both sides of the above inequality by 5 and taking
[ — 0, we have that

olluf Tt — w2 < (pF - p*, VuFT — V). (33)

By subtracting o Vu**! — Vu*||2 from both sides, we obtain
that

ol[ut* — || — o VurF = Vur |3
(p* —p*, VU — Vu*) — o VT — Vur |3
<pk+1 _ p*7 vuk-',-l _ vu*>
—a (M — 2 VUt — ),

A

where the equation uses Vu* = z* and the third step in (19),
which is (22).
Next, by the second step in (19), we have that

«
g(zk-i-l) + <plc7 Zlc+1> + §||Zk+1 _ Vuk+1||§
~% ~% (64 ~%
< g(z5) + ", Zg) + 5”% — Va3

where Z5 = (1 — )z 4 Bz with 0 < 8 < 1. Using the
convexity of g with Zj = (1 — B)zF*t1 4 Bz* and rearranging
terms in the above inequality yield that
9" — (1= B)g(") — By(=")
< 5<pk7 z* — Zk+1>
+8 ((@VuF ) A — 2% 4 (a2t 2% — )

@ * *
+S (B - 2B, )+ BT, )

_ B+l % _k+1 af? B+l %2 34
BEMH! 27— ) £ S R, G

where the equality uses the third step in (19).
By the second inequality of (32), we have that
F') +9(z) + ", =" = V)
< fW)+9GEp) + 07, Zp — Vul),
where Z;_5 = B2F*! 4+ (1 - f)2* with 0 < 3 < 1. Using the

convexity of g and rearranging terms in the above inequality
yield that

9(=*) = Bg(Z" 1) = (1= B)g(=") < Bp*, 2" —27). (35)

Adding (34) and (35) and rearranging imply that

k41 x k41 * 0452 k41 *||2
Bl —pt 2 =) < T =2

Dividing both sides of the above inequality by £ and taking
B8 — 0 yield (23).
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Fig. 5: Performance comparison of the AMAST-a with the MIDAL [6] for the exponential model, with the ADMM-III [39]
for the I-divergence model, and the nonlocal means based PPB [13]. The given numbers are PSNR/CPU time. The proposed
algorithm AMAST-a is faster than all the other algorithms. The PSNR of the AMAST-a is even better than that of the PPB
when L = 1. When L = 3, the PPB recovers periodic patterns better than all the other algorithms.
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Fig. 6: Performance comparison of the AMAST-a with the MIDAL for the exponential model, with the ADMM-III for the
I-divergence model, and the nonlocal means based PPB. The given numbers are PSNR/CPU time. The proposed method
AMAST-a is faster than all the other algorithms. The PSNR of the AMAST-a is comparable to that of all the other algorithms.
Since there is no periodic pattern, the PSNR of the PPB is less than that of the AMAST-a. As commented in [13], the PPB
well preserves edges, but small and thin structures, such as cars on the road, are removed.
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Fig. 7: Performance comparison of the AMAST-a and rAMA with the MIDAL for the exponential model, the ADMM-III for
the I-divergence model, and the nonlocal means based PPB. The given numbers are PSNR/CPU time. For the exponential
model, the proposed algorithm AMAST-a is at least 2.4 times faster than the MIDAL and rAMA with comparable PSNR. For
the I-divergence model, the AMAST-a is the fastest algorithm with better PSNR.
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Fig. 8: Performance comparison of the AMAST-a with the MIDAL for the exponential model, with the ADMM-III for the I-
divergence model, and with the nonlocal means based PPBit. The given numbers are CPU time/#iterations. From homogeneous
regions of real SAR images (white squares), we estimate the equivalent number of looks; ENL=3.47 for (a) and ENL=3.51
for (b). Therefore, we set L=3.5. Note that (a) and (c) are the absolute values of the complex raw data and the PDF of the
speckle is theoretically the Rayleigh distribution. But we empirically find that the Gamma distribution with L = 3.5 does better
approximate the true noise distribution.

The PPBit seems to remove the speckle in homogeneous regions well and preserve edges and small bright scatterers well. But
it attenuates thin strip lines in (a). It seems that the visual quality of the AMAST-a is similar to that of the rAMA, MIDAL,
and ADMM-III. The proposed algorithm AMAST-a is at least two times faster than the rAMA, MIDAL, and ADMM-III and at
least 37 times faster than the PPBit. Note that, for better visualization, all images are displayed after square root transformation
is applied.




