
SAR Image Despeckling via Bivariate Shrinkage 
Based on Directionlet Transform 

 

Feng Xue  
The Department of Information and Communication Technology of Anhui Sanlian University, Hefei, 230601, China 

Email: xuefeng_200408@163.com 
 

Dexiang Zhang 
Key Lab. of Intelligent Computing and Signal Processing, Anhui University, Hefei 230039, China 

zdxdzxy@126.com 
 

Honghai Wang 
The Department of Information and Communication Technology of Anhui Sanlian University, Hefei, 230601, China 

sanlian_whh@163.com  
 
 

Abstract—Synthetic aperture radar (SAR) images are 
inherently affected by multiplicative speckle noise, which is 
due to the coherent nature of the scattering phenomenon. A 
novel and efficient SAR image despeckling algorithm based 
on Directionlet transform using bivariate shrinkage is 
proposed to remove speckle noise while preserving the 
structural features and textural information of the scene. 
First, an anisotropic directionlet transform is taken on the 
logarithmically transformed SAR images. The distribution 
of speckle noise is modeled as an additive Gaussian 
distribution with zero-mean. Then, a bivariate shrinkage 
with local variance estimation is applied to the decomposed 
directionlet coefficients of the logarithmically transformed 
image to estimate the best value for the noise-free signal. 
Finally, the performance of the proposed algorithm is 
compared with those of existing despeckling methods 
applied on both synthetic speckled images and actual SAR 
images. Experimental results show that compared with 
conventional wavelet and contourlet despeckling algorithm, 
the proposed algorithm can keep the better balance between 
suppresses speckle effectively and preserves image details, 
and the important feature of original image like textures 
and contour details is well maintained.  
 
Index Terms—Directionlet Transform, Bivariate Shrinkage, 
Despeckling Algorithm 
 

I. INTRODUCTION 

For the ability of working under all weather and all day 
condition, Synthetic aperture radar (SAR) is a powerful 
system for remote sensing and target detection [1]. SAR 
images provide useful information for many applications, 
such as remote sensing for mapping, surface surveillance, 
automatic target recognition, and mine detection. 
However, SAR images are inherently affected by 
multiplicative speckle noise, which is due to the coherent 
nature of the scattering phenomenon. Thus, the removal 

of the speckle is a critical preprocessing step in tasks such 
as segmentation, detection and classification in the 
processing of the SAR images. 

The goal of despeckling algorithm is to increase the 
signal to noise ratio while preserving the edges and 
textural features in the image. Many different spatial-
domain despeckling filters, such as the Lee filter, the 
Frost filter, the Gamma filter and their variations,   using 
posteriori information of the SAR image have been 
proposed in the past few years [2-5]. All these filters 
usually perform efficiently on most SAR images but with 
fatal limitations in preserving sharp features of the 
original image and high computational complexity.  
Meanwhile, the performances of these filters are mainly 
dependent on the size and orientation of the mask used in 
the method. 

To overcome these disadvantages, many adaptive 
filters for speckle reduction have been proposed in the 
past. The separable wavelet transform achieved a great 
success providing a computationally simple tool and 
allowing for a sparse representation of images. There has 
been a growing interest in using wavelet transform-based 
approaches to reduce speckle noise from SAR images [6]. 
This transformation takes information from the signal by 
filtering and scaling. One of the most profitable 
properties is that it gives coefficients related to spectral 
contents but also with good spatial localization. It has 
been applied successfully to the processing and 
interpretation of SAR data and images [7]. 

Some research has addressed the development of 
statistical models for natural images and their transform 
coefficients. Hence, statistical approaches have emerged 
as a new tool for wavelet-based denoising. The basic idea 
is to model wavelet transform coefficients with prior 
probability distributions. Then, the problem can be 
expressed as the estimation of clean coefficients using 
this a priori information with Bayesian estimation 
techniques, such as the MAP estimator [8-9]. 
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The major drawback for wavelets in 2-D is that 
wavelets can not capture edges and contours directional 
information properly due to its isotropic property. Some 
researchers have proposed many multi-scale geometrical 
analysis tools, such as Contourlet transform, which take 
edge orientation into account in order to compactly 
represent edges [10]. The contourlet transform is a new 
extension to the wavelet transform in two dimensions 
using nonseparable and directional filter banks. It can 
effectively capture the smooth contours that are the 
dominant features in natural images with only a small 
number of coefficients. Owing to the geometric 
information, the multiscale geometrical transform has 
many advantages in comparison with discrete wavelet 
transform in image analysis applications such as 
denoising and texture retrieval [11]. 

To capture efficiently these anisotropic geometrical 
structures characterized by many more than the horizontal 
and vertical directions, more flexible multi-directional 
and anisotropic transforms are required. Among them, 
directionlet transform is a novel geometrical image-based 
transform, recently introduced by Vladan Velisavljevic, 
which can efficiently represent images containing 
contours and textures [12]. 

Directionlet transform retains the separable filtering, 
computation simplicity and filter design from the 
standard two-dimensional wavelet transform. Owing to 
the geometric information, the directionlet transform can 
capture anisotropic geometrical structures efficiently by 
multi-direction selection comparison with discrete 
wavelet transform in image analysis applications such as 
denoising and texture retrieval [13]. 

This paper proposes an efficient Bivariate-based 
algorithm within the framework of directionlet analysis, 
which reduces speckle in SAR images while preserving 
the structural features and textural information of the 
scene. Directionlet transform is a new lattice-based multi-
scale and multi-resolution analysis anisotropic multi-
directional wavelet transform. Bivariate shrinkage 
method is based on the generalized Gaussian distributed 
modeling of sub-band directionlet coefficients. We also 
compare this method with other traditional despeckling 
method, namely discrete wavelet transform filter, to 
validate the despeckling characteristics of this method to 
SAR image processing. 

The paper is organized as follows. Section II briefly 
overviews the directionlet transform, the statistical prop- 
erties of SAR images, and a statistical model of direction- 
let coefficients. In Section III, we present the design of 
bivariate shrinkage estimator and the estimation method 
of the parameters. In Section IV, the performance of the 
proposed algorithm is evaluated and compared with the 
performance of existing despeckling methods. Finally, 
Section V concludes the paper and draws future work 
directions. 

II. DIRECTIONLET TRANSFORM 

Several transform constructions that lead to anisotropic 
basis functions have been presented in the past. However, 
all the constructions, including also the standard two-

dimensional wavelet transform, use only the horizontal 
and vertical directions. However, characterization of 
features in synthetic and natural images involves many 
more than these two standard directions, multi-
directionality and directional vanishing moments are very 
important in achieving sparse representation.  

The directionlet transform based on integer lattices was 
proposed by V. Velisavljevic [8]. Here, we briefly review 
the directionlet transform. Directionlets are constructed as 
basis functions of the skewed anisotropic wavelet 
transforms (S-AWT). These transforms make use of 
integer lattices to apply the scaling and wavelet filtering 
operations along a pair of directions, not necessarily 
horizontal or vertical. These transforms have the two 
concepts: anisotropy and directionality. Anisotropy is 
achieved by an unequal iteration of 1-D transform steps 
along two directions, that is, the transform is applied 
more along one than along the other direction. 

Directionality is obtained by implementation of the 
sampling using lattice. The Directionlets transform based 
on integer lattices allow iterating 1-D filters efficiently 
across different directions. Anisotropic basis functions 
have directional vanishing moments along different 
directions, while retain the simplicity of 1-D processing 
and filter design from the standard separable 2-D wavelet 
transform [14]. 

A.  Anisotropic Wavelet Decomposition 
The most common design of the 2-D wavelet filter-

banks is separable, where the associated basis functions 
are obtained as the direct product of two independent 1-D 
basis functions in the horizontal and vertical directions.  

Figure 1 shows isotropic and anisotropic basis 
functions representations for image frequency 
decomposition. 

In the standard 2-D wavelet transform (WT), the 2-D 
wavelet filter banks are isotropic. The filtering and 
subsampling operations in the transform are iterated with 
an equal number of steps along both the horizontal and 
vertical directions at each scale (see Fig.1 (a)). Wavelets 
having square supports can only capture the point 
discontinuities. Many wavelets intersect the discontinuity 
and this lead to many large magnitude coefficients (see 
Fig.1 (b)). 

In the anisotropic wavelet transform (AWT), the 
number of transforms applied along the horizontal and 
vertical directions is unequal (see Fig.1 (c)). That is, there 
are n1 horizontal and n2 vertical transforms at each scale, 
where n1 is not necessarily equal to n2. We defined such 
an anisotropic wavelet transform as AWT(n1, n2). AWT 
have elongated supports that capture linear segments of 
contours [15]. The skewed AWT can trace the 
discontinuity efficiently with fewer significant 
coefficients compared with standard WT (see Fig.1 (d)). 
We have shown that AWT retain the simplicity of 
separable filtering and subsampling from the standard 
wavelet transform and provide anisotropic basis functions 
that can capture more efficiently anisotropic features in 
images, like edges and contours. 
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(a) Standard 2-D WT 

 
  (b) Isotropic basis functions 

 
(c) Anisotropic wavelet transforms (AWT) 

 
(d) Anisotropic basis functions 

Fig. 1. Wavelet and anisotropic wavelet representation for image. (a) 
The filtering and subsampling operations are applied equally in both 

directions at each scale of the transform.(b) Wavelets have square 
supports and can only capture points. (c) The number of the anisotropic 
wavelet transforms applied along the horizontal and vertical directions 

is unequal. (d) AWT has elongated supports and can capture line 
segments. Anisotropic basis functions trace the discontinuity line and 

produce just a few significant coefficients.  

B.  Lattice-Based Multi-directional Frame 
However, anisotropic wavelet transforms use only the 

horizontal and vertical directions and the high pass filters 
in the transform have vanishing moments only along 
these two directions. 

In order to obtain more directions, the class Mondrian 
is introduced [16]. The class S-Mondrian consists of the 
skewed Mondrian-like image along two directions with 
the rational slope 111 / abr =  and 222 / abr = , 
where 1a , 2a , 1b and 2b are integers. The integer lattice 
Λ consists of the pixels obtained as linear combinations 
of two linearly independent vectors, where both the 
components of the vectors and coefficients are integers. 
The lattice Λ can be represented by a non-unique 
generator matrix: 
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We call the direction along the first vector with the 
slope is the transform direction. Similarly, the 
coefficients in the high-pass sub-band along the second 
direction with the slope are called the alignment direction. 
Therefore, since the filtering and sub-sampling are 
applied in each coset separately, the pixels retained after 
the subsampling are clustered in co-lines along the 
alignment direction. This property is crucial to avoid 
directional interaction [17]. 
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Fig. 2. The lattice Λis determined by the generator matrix MΛ, 1-D 
filtering is applied along 45o. The generator matrix is MΛ after the sub-

sampling, and the shift vectors is S0and S1. 

Figure 2 show the lattice Λ is determined by the 
generator matrix ΛM , 1-D filtering is applied along o45 , 
where the slope 1r corresponds to the vector [1, 1]. The 
generator matrix is 'ΛM  after the sub-sampling, and the 
shift vectors is 0s and 1s . 

C.  Directionlets Transform 
The Directionlets transform based on integer lattices 

allow iterating 1-D filters efficiently across different 
directions. Firstly, given an integer lattice transforms, 
which are skewed transform. The skewed transforms are 
applied along co-line in the transform and alignment 
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directions of the lattice .Then the skewed anisotropic 
wavelet transform built on the lattice that has and 
transforms in one iteration step along the transform and 
alignment directions, respectively. The basis functions of 
the skewed anisotropic wavelet transform have 
anisotropic and multi-directional. 

III. BIVARIATE SHRINKAGE FACTOR ESTIMATE 

In this Section, our goal is the design of a formal 
bivariate estimator that recovers the signal component of 
the directionlet coefficients in SAR images by using 
bivariate probability distribution functions and derives 
corresponding bivariate shrinkage functions using 
Bayesian estimation theory, specifically the MAP 
estimator. In order to be able to implement a MAP 
processor, one should first estimate the parameters of the 
prior distributions of the signal and noise components of 
the measurements. The noise component can be modeled 
as a zero-mean Gaussian random variable. 

A.  Speckle Noise Reduction Model 
Speckle noise in SAR images is usually modeled as a 

purely multiplicative noise in nature [18]. Hence, 
directionlet-based despeckling approaches apply log-
transformation to a SAR image can convert it to an 
additive one before performing further directionlet 
denoising. In all speckle noise reduction techniques, the 
statistical distribution of SAR data plays an important 
role. These statistical properties can be used to develop 
specialized filters for speckle noise reduction. 

If we assume that the speckle noise is fully developed, 
the corresponding model of SAR image can be expressed 
as a multiplicative noise: 

),(),(),(),( a nmNnmNnmSnmY +=           (2) 

where ),( nmS  represents the noise free image, ),( nmY  
is the noise observation of ),( nmS  , ),( nmN  and 

),( nmN a are multiplicative speckle and additive noise 
respectively, and (m, n) is the variable of spatial locations. 

In Eq. (2), the additive noise component ),( nmN a can 
be ignored because it is significantly small compared to 
the multiplicative speckle noise. The corresponding 
model of SAR image can be expressed as: 

),(),(),( nmNnmSnmY =                     (3) 

For developing speckle reduction filters in the multi-
scale transform domain, multiplication noise has to be 
transformed into additive noise. In Eq. (3) a logarithmic 
transformation turns multiplicative noise ),( nmN into 
additive noise, which is the additive transformed speckle 
contribution that has been described as a signal-
independent additive Gaussian noise [19]. Taking 
logarithm of the both sides of Eq. (3), we will have: 

),(),(),( ,,, nmNnmSnmY djdjdj +=             (4) 

In Eq. (4), ),(, nmY dj denotes the noisy directionlet 

coefficient of the observed image at scale j and at 

orientation d , ),(, nmS dj is the noise-free directionlet 

coefficient of the image and ),(, nmN dj represents the 
directionlet coefficient of the speckle. 

For each subband, except the low-pass subband, utilize 
the threshold to estimate the best value for the noise-free 
coefficients. In the directionlet based de-noising 
algorithm the magnitudes of the coefficients are below 
the threshold then they are set to zeros [20]. 

In directionlet domain different types of noise are 
associated with small magnitude coefficients. Important 
image structures are contained within the magnitude of 
the high coefficients. The coefficients around the 
threshold contain both noise and image features of 
interest. Therefore, an optimal threshold is reached when 
most of the coefficients bellow it are noise and the 
coefficients above it respresents image features of interest. 

B.  Bivariate Shrinkage Factor Estimate 
With the good properties of multi-resolution, 

localization, directionality and anisotropy, directionlet 
transform could represent edges and other singularities 
along contours more efficiently. Consequently, simply 
hard thresholding method can achieve better performance 
than soft thresholding. The statistical models of 
directionlet coefficients exhibit a sharp peak at zero 
amplitude and heavy tails to both sides of the peak. 
directionlet coefficients of SAR images typically exhibit 
strong non-Gaussian statistics. Due to the mixture density 
of zero-mean Gaussian distributions method has 
relatively simple form and high accuracy in modeling the 
distribution of directionlet coefficients [21]. 

Let 2w  represent the parent of 1w ( 2w is the directionlet 
coefficient at the same position as 1w , but at the next 
coarser scale.), Then 

222

111

nwy
nwy

+=
+=

                                           (5) 

where 1y and 2y  are noisy observations of 1w and 2w ; 

1n and 2n  are noise samples. We can write 

nwy +=                                            (6) 

where ),( 21 www = , ),( 21 yyy = and ),( 21 nnn = . 
The standard maximum a posteriori (MAP) estimator 

for w given the corrupted observation y is 
)]|([maxarg)(ˆ | ywpyw yw

w
=                               (7) 

Using Bayesian rule, we can get 

))](())([(maxarg

)]()|([maxarg)(ˆ |y

wpwyp

wpwypyw

wn
w

ww
w

⋅−=

⋅=
             (8) 

Therefore, these equations allow us to write this 
estimation in terms of the pdf of the noise np and the pdf 
of the signal coefficient wp . From the assumption on the 
noise, np  is zero mean Gaussian with variance nσ  
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Let us continue developing the MAP estimator and 
showit for Gaussian and Laplacian cases. We can get  
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In [20], a bivariate probability density function (pdf) is 
proposed to model the statistical dependence between a 
coefficient and its parent. From this equation, the Bayes 
rule allows us to write this estimation in terms of the 
probability densities of noise and the prior density of the 
transform coefficients. In order to use equation to 
estimate the original signal, we must know both pdfs. The 
noise pdf can be written as: 
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The coefficient and its parent pdf can be written as 
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          (12) 

Using (8) and (9) with (7), the MAP estimator of 1w is 
derived to be 
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This can be interpreted as a bivariate shrinkage 
function. Here +)(g is defined as 
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This estimator requires the prior knowledge of the 
noise variance 2

nσ and the marginal variance 2σ for each 

coefficient. To estimate the noise variance 2
nσ  from the 

noisy coefficients, a robust median estimator is used from 
the finest scale coefficient. 
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Let us estimate the marginal variance 2σ for the k th 
directionlet coefficient. From our observation model, one 
gets 222

ny σσσ += , where 2
yσ is the marginal variance of 

noisy observations 1y and 2y . Since  1y  and 2y are 

modeled as zero mean, 2
yσ  can be found empirically by 

∑
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where M is the size of the neighborhood )(kN . Then, 
σ can be estimated as: 

+−= )ˆˆ(ˆ 22
ny σσσ                              (17) 

IV. EXPERIMENT OF SAR IMAGE DESPECKLING AND 
RESULTS 

In this section, we present simulation results obtained 
by processing several test SAR images using our 
proposed speckle suppression processor and we compare 
the results of our approach with other speckle filtering 
methods. We compare the performance of our method to 
the performance of both the wavelet transform and the 
contourlet transform method applied to three test images. 

To test our algorithm, the methods proposed above 
were tested for speckle reduction of the three different 
image of size 512x512: Lena, Boat and Peppers, we used 
five approaches for our experiments: Median filtering, 
Wiener filtering, the discrete wavelet transform (DWT), 
and based on Bivarivate shrinkage using contourlet 
transform (BICT), in addition to the proposed method 
based on Bivarivate shrinkage using directionlet 
transform (BIDT) [22]. In the test experiment, the peak-
signal-to-noise-ratio (PSNR) values were computed to 
assess the performance of these methods [23, 24]. We added 
Gaussian distributed white noise with zero mean and 
variance uδ  noise to the image and applied the above de-
noising methods using simple hard-thresholding to the 
noisy images. 

Fig. 3 shows the PSNR values of the de-noised images 
of the Lena image versus a range of the input noise. 
Experimental results demonstrate that our algorithm has a 
good despeckling performance in SAR images and 
typically the sharpness and tiny details are preserved. 

 
In this section, the methods proposed above were 

tested for de-speckle of the polarimetric SAR image 
corrupted by speckle noise, the experimental results of 
the original polarimetric image (cropped to 256×256 for 
visibility of the speckle) and de-noised image by different 
methods are shown in Figure 4. 
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Fig.3.  Results of the PSNR values of the de-noised images versus the 
Gaussian white noise variance of noise for the de-noising experiments.
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(a) The original SAR image 

 

 
 (b) de-speckling result using DWT 

 
(c) despeckling result using BICT 

 
 (d) despeckling result using BIDT 

Fig. 4.  Results of various speckle suppressing methods 

In order to quantify the achieved performance 
improvement and enable an objective comparison with 
other methods, the standard-deviation-to-mean ratio (s/m) 
measures were computed based on the original and the 
denoised data [25]. We also give the ratio of the standard 
deviation of the image pixel intensities to the mean of the 
intensities as speckle reduction evaluating indicator. 

)(
))(var(

ymean
ysqrt

m
s =                                    (18) 

where random variable y denotes pixel intensity. 
In order to compare our proposed method with other 

method, we calculate s/m values of de-noised image 
using wavelet method, de-noised image using contourlet 
transform method and de-noised image using proposed 
method, respectively. s/m values of de-speckle images by 
different methods are shown in Figure 4 and Figure 5. 

 
Figure 5 shows the mean value for speckle 

measurement factor of each column. Figure 6 shows the 
mean value for speckle measurement factor of each row. 
Experimental results demonstrate that our algorithm has a 
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Fig.5.  Mean value for speckle measurement factor of each column
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good despeckling performance in SAR images and 
typically the sharpness and tiny details are preserved. 

 
Experimental results show that the proposed de-

speckling algorithm based on Bivariate shrinkage in 
directionlet domain is possible to achieve an excellent 
balance between suppresses noise effectively and 
preserves as many target characteristics of original image 
as possible as contourlet algorithms. Experimental results 
also demonstrate the good performance of the proposed 
algorithm which is imperceptibility and robust. 

V. CONCLUSION 

A new statistical representation for speckle noise 
reduction method based on bivariate shrinkage using 
directionlet transforms was introduced. We designed and 
tested a bivariate estimator which relies on this 
representation and we found it to be more effective than 
traditional wavelet shrinkage methods both in terms of 
speckle reduction and signal detail preservation. We 
evaluated the results on both synthetic data and real SAR 
images. 

Firstly, logarithmic transform is used to convert the 
multiplicative speckle mode into an additional white 
Gaussian noise model. Hard thresholding algorithm and 
bivariate shrinkages technique are utilized in directionlet 
domain. For the property of speckle noise is already 
known, the standard deviation of speckle noise is 
estimated by bivariate estimator. This makes it 
particularly useful in recognizing the speckles in SAR 
images. This estimator performs like a feature detector, 
preserving the features that are clearly distinguishable in 
the speckled data such as lines and edges. The profile of 
the SAR images remained perfect without obvious 
artifacts. The experimental results obtained by the new 
method indicated its higher performance for speckle 
reduction and details preserving in SAR images than the 
other speckle noise reduction techniques. Bivariate 
directionlet shrinkage provides a better performance in 
despeckling SAR images than traditional wavelet 
transform method. 
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