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ABSTRACT

This paper introduces a novel Bayesian method for speckle
suppression of SAR images. We first analyze the logarith-
mic transform of the original image by means of the curvelet
transform that handles image edges more efficiently than
wavelet transform. In a recent work [1], we have shown that
due to the statistical properties of the curvelet subbands of
SAR images, they can be modelled by two-dimensional Gen-
eralized Autoregressive Conditional Heteroscedastic (2D-
GARCH) model. Here, we employ a generalization of 2D-
GARCH model, called 2D-GARCH Generalized Gaussian
(2D-GARCH-GG), to these coefficients. This model pre-
serves the appropriate properties of 2D-GARCH for mod-
eling the curvelet coefficients while extends the dynamic
formulation of 2D-GARCH model. Consequently, we design
a maximum a-posteriori (MAP) estimator for estimating the
clean image curvelet coefficients. Finally, we compare our
proposed method with other denoising methods, and quantify
the achieved performance improvement.

Index Terms— Curvelet transform, MAP estimation, 2D-
GARCH-GG model, Synthetic Aperture Radar, Speckle.

1. INTRODUCTION

Synthetic aperture radar (SAR) plays a more important role in
gathering information with its all time and all weather imag-
ing capability and its high spatial resolution, but the multi-
plicative speckles produced by coherent imaging mechanics
seriously affect the further understanding and interpretation
to SAR images. Therefore, the first step to process SAR
images is to restrain the speckles. Classical despeckling algo-
rithms such as the Lee filter [2], perform well in despeckling,
whereas they found several difficulties when the aim is to
simultaneously despeckle and preserve the details of the SAR
images. Therefore, other approaches have been proposed
based on considering multiresolution decomposition of the
input image and applying a different nonlinear adaptive filter
to each resolution layer. Wavelet transform has been used
extensively in noise reduction of SAR images [1, 3].

Despite considerable success, wavelets are far from being
universally effective. Because of wavelets poor orientation
selectivity, they do not represent higher-dimensional singular-
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ities effectively. Curvelet is a new multiscale transform with
strong directional character in which elements are highly
anisotropic at fine scales, with effective support shaped ac-
cording to the parabolic scaling principle [4]. These proper-
ties are particularly suitable for SAR datasets which is a map
of microwave reflectivity in the form backscatterer from im-
age area. Curvelet denoising procedures consist of three main
steps: 1) Calculate the curvelet transform of the noisy image,
ii) Manipulating the curvelet coefficients and iii) Compute the
inverse transform using the modified coefficients. Loosely
speaking, two major techniques used in curvelet denoising
are the thresholding technique and the Bayesian estimation
shrinkage technique. Thresholding methods have two main
drawbacks: 1) the choice of the threshold, arguably the most
important denoising parameter, is made in an ad-hoc man-
ner; and ii) the specific distribution of the signal and noise
may not be well matched at different scales [3]. Hence, we
propose a novel Bayesian estimation shrinkage technique in
the curvelet domain. For a Bayesian estimation process to
be successful, the correct choice of priors for curvelet co-
efficients is certainly a very important factor. Previously,
we have shown that the curvelet subbands of SAR images
are heteroscedastic, with significantly non-Gaussian statis-
tics that are best described by two-dimensional GARCH
(2D-GARCH) model [1]. Energized by the success of 2D-
GARCH model in curvelet domain, we tried to generalize
2D-GARCH model and provide better adapted alternatives.
Therefore, in this paper, we describe an extension of 2D-
GARCH model called 2D-GARCH-GG. One restriction of
2D-GARCH model is that the distribution of innovation is
Gaussian. But, 2D-GARCH-GG doesn’t suffer from this re-
striction and allows the innovation to be generalized Gaussian
that contains the Gaussian distribution as a special case. 2D
GARCH-GG model provides more flexibility which results
in better characterization of curvelet subbands and improved
despecking results. This paper is organized as follows: In
Section 2, we introduce the 2D-GARCH-GG model. Section
3 is dedicated to describing the speckle suppression problem
and our proposed scheme. In section 3.1., we design a new
curvelet domain processor to despeckle SAR images based to
using 2D-GARCH-GG model. The experimental results are
presented in section 4. Finally, concluding remarks are given
in section 5.

ICASSP 2012



2. 2D-GARCH-GG MODEL

2D-GARCH-GG model is an extension of 2D-GARCH
model and includes it as a special case. y;; follows a pure
ZD-GARCH-GG(pl,pQ,ql,QQ) model if E(yZJ) =0 and

Yij = hijei )]
hij = ot Y, anipjoet Y Brehioyj—o(2)

keeNy

where Ay = {0 <k <q1,0< < g2, (k0 # (0,0)},
A2 = {/{3£|0 < k < pl,O < f épg ,(kf) 7é (0,0)}, and 51’]’
is a two dimensional iid generalized Gaussian stochastic
process, ie., €;; ~ GG(s,p) = fopleij) = %
GG(s,p) stands for generalized Gaussian distribution with
parameters s and p and Z(s,p) = 2(s/p)I'(1/p). In 2D-
GARCH model, ¢;; is a normal process. Since, the Gener-
alized Gaussian is an adaptive distribution and includes the
normal as a special case, along with many other distributions,
2D-GARCH-GG includes 2D-GARCH model. Let the infor-
mation set 1);; be defined as

Vij = {{zikj—e}reens, {hi—kj—e}k,eens }» vij is condi-
tionally distributed as:

keeNs
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If we encounter a process such as z;; that E(z;;) # 0, we
use 2D-GARCH-GG(p;,p2,q1,q2) regression model. This
model is obtained by letting 7;; be the innovation in a two-
dimensional linear regression, y;; = z;; — ﬁz;- b where ;5 is a
vector of explanatory variables and b is a vector of unknown
parameters. So, to find the conditional distribution of z;;, it is
sufficient to replace y;; with z;; — ;b in (3)
We use MLE to estimate the parameters of 2D-GARCH-GG
model I' = {{010, Qo155 Qgrgas Bot, - 56])1p2}7bv {S’p}}'

3. SPECKLE SUPPRESSION

In this section, our goal is the design of a MAP estimator
that recovers the signal component of the curvelet coeffi-
cients in noisy images by using a 2D-GARCH-GG model.
An approximate speckle noise model [3] is formulated as
I(z,y) = S(z,y)n(x,y), where x and y are variables of
spatial locations, (z,y) € R2, S(x,y) is a noise-free orig-
inal image, to be recovered, I(x,y) is a noisy observation
of S(x,y), and n(x,y) is multiplicative noise. A functional
block diagram of the proposed denoising method is shown in
Fig. 1. Atfirst, to separate the noise from the original image,
we take a logarithmic transform on the both sides of (3), and
we have log(I(z,y)) = log(S(z,y)) + log(n(z,y)). Then,
we employ curvelet transform since this transform is more
suitable than the classical multiresolution methods. Curvelet
transform accurately represents smooth functions using only
a few nonzero coefficients, and which also accurately rep-
resent edges using only a few nonzero coefficients. Since,

1246

MAP

Processor: o Denoised
2p-GarcH-Gq | €T P Image

Modeling

Speckle
Log DCT
Image

Fig. 1. Block diagram of the proposed algorithm for speckle
suppression.

the detailed explanation of curvelet transform has been con-
sidered in many papers, we don’t repeat it. The interested
reader can refer to [4] for details of discrete curvelet trans-
form(DCT). Applying curvelet transform to the logarithm of
SAR image, we have:

Iy (k1 k2) = S(j,0)(k1, k2) + 1.0 (K1, k2). 4

where 1(; ¢)(k1,k2), Sj0)(k1, k), and n¢; o) (k1, k2) repre-
sents the curvelet transform of log(I(x, y)), log(S(z, y)), and
log(n(x,y)) respectively. j, ¢, and k = (kq, ko) are scale, ori-
entation, and translation parameters as defined in the curvelet
transform. To simplify the notation, in the following parts we
ignore the index j, /. In this step, the problem is estimating
the curvelet coefficients of original image S(k1, k2) from the
noisy coefficients I(k1, ka).
To design a MAP estimator, we should statistically model the
signal and noise terms in curvelet domain. Studying statistical
properties of signal component in the curvelet domain in [1]
demonstrates that the curvelet coefficients of log-transformed
SAR image (LTSI) deviate from the normal distribution, and
conditional heteroscedasticity exists in them [1]. Now, we
use 2D-GARCH-GG model. This model preserves the fa-
vorbale properties of 2D-GARCH model, so it is compatible
with curvelet coefficients of LTSIs. Also, 2D-GARCH-GG
introduces additional flexibility in the model formulation in
comparison with 2D-GARCH model, which results in bet-
ter characterization of SAR images subbands and improved
restoration in noisy environments. The Gaussianity assump-
tion for the log-transformed speckle 7(x,y) is confirmed in
many papers, such as [1, 3]. Also, our processor employs the
curvelet transform which, through the central limit theorem,
drives the noise curvelet coefficients to approximate a Gaus-
sian distribution, hence, we assume Gaussian distribution for
the curvelet coefficients of noise component 7(ky, ko). At
the first step, using maximum likelihood method, we estimate
parameters of 2D-GARCH-GG model, i.e. T' = {{ao ,a01 ,
3 Qgrgs s Bots t ’5P1P2} . b, {s,p}} . Referring to (4),
we use 2D-GARCH-GG model for the curvelet coefficients
of LTSI, i.e. S(k1, k2), but we should estimate the model pa-
rameters given the noisy observation I(kq, k2). Hence, the
likelihood function is formulated as:

LF(F) = H P(I(kh k2) ijrhkzv F) ) (5)
k1,k2€®
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Fig. 2. left to right: original aerial image, noisy image, image
denoised using the proposed method.

where we have (6) to compute P (I (k1, k2)|tk, k., ). Since,
S (k1, k2) is modeled as 2D-GARCH-GG, we have:

S(k1,k2)— rh kol

1 e VAR
V hk17k2 Z(S,p)

The conditional distribution of I(ky, ko) , given S(ky, k2) is
similar to 7(ky, ko) distribution and we use Gaussian distri-
bution for curvelet coefficients of noise component 7(k1, k).
So, we can express:

|P

P(S(k1, ka)|ry &y, L) = @)

P(I(k17k2)‘¢k1,k27r7S(k17k2)) = (8)
1 —(I(k1~k2)—2~9(’<1)k2))2
7 )

V2moy,
2

where o denotes the variance of 7(k1, k2). Substituting (7)
and (8) in (6) and then in (5), we can obtain (11). The pa-
rameter set (I') can be calculated by maximizing the likeli-
hood function in (11). Also, we can estimate the parameter
set (I') from denoised version of image using a simple de-
noising method such as median filter and then employ the pa-
rameter set in the following steps. Now, we can design and
implement a MAP estimator for S(ki,k2), S(ki, k), given
the noisy observation, I(k1, k2), parameter set (I'), and vy, 1,
as described in (12). Substituting (7) and (8) in equation (12),
we can obtain equations (13) and (14) to estimate the noise
free curvelet coefficients. After MAP estimation, we perform
the IDCT. Finally, after adjusting the mean, we apply the ex-
ponential transformation to obtain the denoised SAR image.

4. EXPERIMENTAL RESULTS

To validate the effectiveness of the proposed sparse speckle
suppressing algorithm, we tested it on the synthetic SAR im-
ages as well as real SAR images. The use of synthetic SAR
data allows objective performance assessment in detail preser-
vation and in speckle reduction efficiency. SAR images mod-
elled in section 3, so we started by first degrading the an aerial

speckleless image with different levels of lognormal synthetic
speckle that is a realistic speckle noise model in SAR images
[1, 3]. The aerial test image, corresponding simulated radar
textured image, and the despeckled image using the proposed
method have been shown in Fig. 2. Also, to demonstrate
the performance improvement in utilizing the proposed strat-
egy, we compare the results of our proposed method with the
results of the other despeckling methods including Lee fil-
ter, adaptive thresholding in the wavelet domain method [6],
curvelet thresholding, and Bayesian denoising in the curvelet
domain based on 2D-GARCH model [1]. In order to evalu-
ate the result of filters quantitatively, we use three parameters
MSE, signal-to-noise (S/MSE) ratio and 8 as defined in
[3]. S/MSE in the case of multiplicative noise corresponds
to the classical SN R in the case of additive noise. The pa-
rameter (3 is also considered for edge preservation that should
be close to unity for an optimal effect of edge preservation.
The results for the aerial image shown in Fig. 2 are summa-
rized in table 1. In this table, the best value in each row is
bold. The results reported in table 1 verify the efficiency of
the proposed method in comparison with other despeckling
methods both in speckle suppression and edge preservation.
Finally, we apply the proposed denoising technique on tree

Table 1. Image enhancement measure obtained by several
denoising methods at different levels of multiplicative noise.

Noisy | Adaptive | Curvelet | curvelet | Propo.

thresh. thresh. GARCH
MSE | 170.803 | 132.391 | 144.304 | 98.424 | 94.431
SIMSE | 51493 | 22599 | 22225 | 23.887 | 24.067
3 9063 | 9338 | 9153 | 9469 | .9474
MSE 135748 | 115.087 | 118984 | 96368 | 83.333
SMSE [ 22490 | 23207 | 23.063 | 23978 | 24.610
3 9210 | 9407 | 9279 | 9467 | .9523
MSE 1104076 | 104593 | 99.396 | 97.968 | 75.448
SIMSE [ 23644 | 23.623 | 23.844 | 23.907 | 25.041
3 0385 | 9458 | 9395 | 9442 | .9570

actual SAR images and visually study the merit of the pro-
posed scheme on these images. The first test image, SAR im-
age 1, is acquired by Computer Vision and Remote Sensing
group of Berlin University of Technology. The second test
image, SAR image 2, is acquired by America’s Air Force.
These two images and the corresponding denoised images us-
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Fig. 3. Results of the proposed speckle suppression method.
top to bottom : SAR image 1, and SAR image 2. left to right :
Noisy SAR image, Images denoised using proposed method.

ing the proposed method have been shown in Fig. 3. It is clear
from this figure that the proposed method is really successful
in reducing speckle and also preserving the edges.

S. CONCLUSION

We introduced a novel Bayesian speckle suppression method
for SAR images. The logarithm of image was analyzed by
means of the curvelet transform that handles image edges
more efficiently than wavelet transform. We described 2D-
GARCH-GG model as an extension of 2D-GARCH model.
This model involves the good properties of 2D-GARCH
model in capturing heavy tailed marginal distribution and the
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intrascale dependencies of curvelet coefficients. Also it pro-
vides more flexibility which results in better characterization
of curvelet subbands. Then, we designed a new MAP pro-
cessor to estimate the noise free curvelet coefficients based
on 2D-GARCH-GG model. The experimental results verified
the good performance of the proposed approach.
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