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ABSTRACT

Speckle noise usually occurs in Synthetic Aperture Radar
(SAR) images due to coherent radiation. Speckle reduction is
a mandatory step prior to the processing of SAR images. Here
a novel de-speckling scheme is presented which is in line with
the wavelet transform based schemes with several
modifications due to the implementation of directionlet
transform. As in any transform based de-speckling schemes,
the directionlet based de-speckling also involves mainly three
steps. First transform the input image using an orthogonal
transform, then threshold the transform coefficients using a
non-linear algorithm and finally reconstruct the image using
the modified coefficients. The effectiveness of a despeckling
algorithm basically depends on two factors- one is the
efficient representation of the image to be despeckled using a
local, directional and multi resolution expansion and second is
the efficient computation of an optimal threshold. Here the
first requirement is met by using a locally adaptive
directionlet transform and the second by optimal threshold
computation using Generalized Cross Validation (GCV)
technique. Experimental results on simulated and actual SAR
images show that minimizing GCV in the directionlet domain
results in better de-speckling performance when compared to
minimizing it in the wavelet domain. The proposed scheme
outperforms many of the traditional de-speckling schemes in
terms of numeric and perceptual quality.

General Terms
SAR Image de-speckling

Keywords
Directionlet  Transform, SAR image, De-speckling,
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1. INTRODUCTION

SAR imaging has emerged as an important tool for earth
observation and resource monitoring. It has applications in
high-resolution remote sensing, mapping, surveillance etc.
The minimum constraints on time-of-day and atmospheric
conditions make SAR imaging ideal for many airborne
systems and remote sensing satellites. The SAR imaging
system is based on coherence radiation in that the noise level
increases with the magnitude of the radar back scattering [1].
SAR images are inherently degraded by multiplicative
speckle, which makes them more difficult to analyze and
interpret. The speckle degrades the quality of the images and
makes interpretation, analysis and classification difficult.
Therefore, some speckle reduction scheme is necessary prior
to the processing of SAR images.

The speckle noise can typically be modeled as a multiplicative
independent and identically distributed (iid) random noise.
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The de-speckling of SAR image involves a preprocessing step
consisting of a logarithmic transformation to converts the
multiplicative noise model to an additive noise model. The
effect of speckle in SAR images can be reduced either during
the image formation time or later. The former method is based
on multi-look incoherent averaging [1] which improves the
SAR image by averaging the uncorrelated images from non-
overlapping spectrum. But this causes reduction in spatial
resolution. The later method is based on image domain
filtering like spatial filtering or transform-domain filtering.
The spatial filtering schemes include Frost filter [2], Kuan
Filter [3], Lee filter [4] and Gamma MAP filter [5]. These
schemes use a defined filter window to estimate the local
noise variance of the speckled image and perform the
individual unique filtering process. Even though these
techniques, with low computational complexity, greatly
reduce the speckle level in homogeneous areas they over
smooth heterogeneous areas in the image due to losses at
contours and edges in images.

The transform domain filtering mainly involves thresholding
of wavelet coefficients for noise removal. This scheme in
different forms were successfully applied by different authors
for speckle removal in SAR images [6, 7, 8]. These methods
rely on the principle that the noise will predominantly
dominate the wavelet coefficients at finer scales and a few
large coefficients only will represent the relevant information
of the image. Thus, effective thresholding of the noisy
wavelet coefficients is possible. Comparative study between
spatial and wavelet transform-domain filtering for SAR
images show that the wavelet-based approach is among the
best for speckle removal [9].

Since 2-D Wavelet is tensor product of 1-D Wavelet, it has
only three directional sub bands, viz. vertical, horizontal and
diagonal. Due to this the 2-D Wavelet is effective at
approximating point singularities than line singularities like
edges or boundaries. The tensor product wavelet do not adapt
to the boundaries or edges due to isotropic scaling of its basis
functions. So they result in Gibbs-like ringing phenomenon in
the processed image. Therefore a more efficient basis for real-
world images with edges and curves is required for making
the signal to effectively concentrate on fewer coefficients after
transformation. Also the features in natural images vary over
small spatial area. So to make image representation effective
for denoising applications, it should be based on a local,
directional and multi resolution expansion. Towards this many
directional and multi-resolution geometric analysis tools like
Contourlet [10, 11], Curvelet [12], bandlet [13], and Shearlet
[14] were recently proposed and these prove good methods
for SAR image despeckling. However, these transforms often
require oversampling, have higher computational complexity
when compared to the standard WT, and require non-
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separable convolution and filter design due to the non-
rectangular division of frequency spectrum.

The directionlet transform was proposed by Vladen et al as an
anisotropic perfect reconstruction and critically sampled basis
functions with directional vanishing moments along any two
directions [15]. At the same time it retains the simplicity of
standard separable 2-D WT in terms of 1-D processing and
filter design.

Finding an optimal threshold plays a key role in the transform
domain filtering. Since the work of Donoho & Johnstone [16]
who proposed the most popular soft thresholding strategy,
many alternative methods have come forth. Donoho and
Johnstone pioneered the theoretical formalization of filtering
additive independent and identically distributed (i.i.d)
Guassian noise via thresholding wavelet coefficients [17]. The
universal threshold choice proposed by Dohono yield overly
smoothed images as the threshold value can be unwarrantedly
large due to its dependence on the number of samples. Later
many other threshold computation schemes like SURE, Bayes
etc were proposed by many authors. These were successfully
implemented in wavelet based denoising schemes. The main
drawback in all these schemes is that they require the
knowledge of amount of noise present in the image to
compute an optimum threshold.

The GCV technique proposed by Jansen et al [18] was proven
to be an effective statistical way for estimating an optimum
threshold for noise removal in many denoising application.
The main advantage of GCV method is that it can be used to
estimate the optimal threshold without having the knowledge
of the noise variance. The GCV is only based on the input
data and its minimum is a good approximation for the optimal
threshold. It was proved that the minimum of the GCV is an
asymptotically optimal threshold for denoising applications.

This paper investigates the possibility of using GCV in SAR
image de-speckling based on an optimized, locally adaptive
and scale dependent thresholding scheme in directionlet
domain.

The rest of the paper is organised as follows. In section 2, the
theoretical concepts of Directionlet Transform are presented.
Section 3 explains the speckle noise model and GCV
thresholding scheme.  The proposed speckle reduction
algorithm based on directionlet is presented in section 4.
Experimental results with simulated and actual speckle
images and the comparison with traditional de-speckling

schemes are given in section 5.

2. DIRECTIONLET TRANSFORM

The standard 2-D Wavelet Transform (WT) is realized using
1-D transforms containing filtering and sub sampling
operations along vertical and horizontal directions. The
number of these 1-D transforms is same at each scale in 2-D
WT as shown in figure 1(a). The main problem with this type
of isotropic nature is that it cannot properly capture the
anisotropic discontinuities present in images. This is because
the directions of the transforms and discontinuities in images
are not matched and the transforms fail to provide a compact
representation of two dimensional signals. Many wavelets
intersect the discontinuity and this leads to many large
magnitude coefficients as shown in figure 1(b). So due to the
spatial isotropy of its construction, the standard 2-D WT is an
inefficient tool for analysing 2-D signals like images.
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In the anisotropic wavelet transform (AWT(ny,n,)), the
number of transforms applied along the horizontal and vertical
directions is unequal, that is there are n; horizontal and n,
vertical transforms at each scale, where n; is not necessarily
equal to n,. The iteration process is continued in the low pass
sub-band, like in the standard wavelet transform as shown in
figure 1(c). The elongation of the basis functions of the
AWT(ny, n,) is determined by a factor called anisotropic ratio,
p =ny/n,. The AWT can trace the discontinuity efficiently with
fewer significant coefficients compared with standard WT due
to the spatial anisotropy of its construction as shown in figure
1(d).
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Figure 1. (a) Frequency decomposition of Standard 2-D
WT and (b) its basis functions. (c) Frequency
decomposition of AWT (2,1)and (d) its basis functions.

The anisotropic wavelet transform is implemented as a stage
transformation. The AWT (2, 1) produces eight bands as
shown in Figure 2. At the first stage the rows of the image to
be transformed are low pass (L) and high pass (H) filtered and
down sampled by two. In the next step each column of the
row filtered image is again low pass (L) and high pass (H)
filtered and down sampled by two. The output of this will
have four sub band images labeled as LL, HL, LH and HH.
As a next step each row of these sub band images are again
low pass (L) and high pass (H) filtered and down sampled by
two. This will produce eight bands viz. HHH, HHL, HLH,
HLL, LHH, LHL, LLH, and LLL. Now the LLL subband
image goes through the same process of filtering and down
sampling to form the next stage of the structure.

The main problem with AWT is directional interaction. The
lattice based transform can avoid the directional interaction.
Here the discrete space is first partitioned using integer
lattices before performing 1-D filtering along lines across the
lattice. Any integer lattice A is a sub-lattice of the cubic lattice
Z2. Here the lattice A can be represented by a non-unique
generator matrix M,

a; bi] _[dy
Ma= [az bz] N [dz] @)
Here a;, by, a b€ Z. and d; and d, are two linearly
independent integer vectors. The linear combination of these
two vectors will form the points of the lattice A. The cubic
lattice Z2 can be partitioned into |M,| cosets of the lattice A.
The filtering and sub sampling operations are applied on the
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pixels along the vector d; (transform direction) in each of the
cosets separately. Since these operations are applied in each
cosets separately, the pixels retained after this are clustered
along the vector d, (alignment direction). This type of lattice
based transform, which will avoid directional interaction, is
called Skewed AWT, denoted as S-AWT (M,, ny, n,). The
basis functions of S-AWT are called directionlets, which can
be effectively used for directional analysis of images. An
example of construction of directionlets based on integer
lattices is shown in Fig. 3 for pair of direction (45°, -45°).
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Figure 2. Filtering scheme for the AWT (2, 1), where one
step of iteration is shown.
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Figure 3.An example of construction of directionlets based
on integer lattices for pair of directions (45°, -45).

The directionlet transform is not shift invariant due to the
presence of down sampling operation involved. The down
sampling operation results in a time-variant translation and
has difficulties preserving original image discontinuities in the
directionlet domain. So shift invariance is a desirable property
for image denoising applications. The Undecimated
Directionlet Transform (UDT) can be constructed by avoiding
the down sampling operation in the decomposition level. Thus
the approximation and detail coefficients at each
decomposition level are having the same length as the original
signal. Here in the proposed scheme UDT was used for the
decomposition of SAR images.

3. SPECKLE NOISE MODEL AND GCV
BASED THRESHOLDING

Here the speckle noise model [1] and the basic concepts of
GCV thresholding [18] are reviewed.
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3.1 Speckle noise model
Here the following model of a discrete noisy image is
considered:

y=f.e )

Where y is the input noisy image, f is the unknown desired
image and e is the multiplicative speckle noise, which
typically can be modeled as a multiplicative i.i.d. Gaussian
noise. Logarithmic transformation of speckled image converts
the multiplicative noise model to an additive noise model.

Inlyl = In|f] + Inle| ®)

Here In is the logarithmic transform operator. If W is a non
redundant, orthogonal discrete wavelet transform operator
then a multi-resolution representation of y is given by the
equation

W(nly]) = W(nlf]) + W(nle]) (4)
This can be represented as
Y=F+E 5)

The wavelet transform concentrates the important image
features in a limited number of wavelet coefficients and the
noise energy to all the coefficients. So the noise has small
influence on the large signal coefficients. To reduce the
contribution of these small noisy coefficients, a soft
thresholding operation is applied to all the wavelet
coefficients except those of the lowest scale. A soft threshold
operation will set all the wavelet coefficients Y below the
threshold A4 (between —1 to 4+A) to zero, while others are
shrunk in absolute value to obtain Y;.

Y, = sign(V)(IY] - 2), 10 ©®)

Finally, the speckle-reduced image is obtained from the
synthesis part of the discrete WT of the enhanced subband
image Y;. The main problem here is the selection of an
appropriate threshold. If this threshold is large, important
image features will be lost. On the other hand, a small
threshold will result a still noisy image. The optimal threshold
for subband j, 4; op,: Optimizes the mean square error R; ().

R;(M) =Nij||16',/1—Fj||2 0]

Where N; is the number of coefficients in the subband j, ¥; ; is
the vector of threshold applied noisy coefficients and F; is the
vector of noise-free coefficients. Here, because F; is unknown
the function R;(4) is not computable and hence it cannot be
used to compute an optimal threshold 4; o -

3.2 Generalized Cross Validation

In GCV technique, the original image f is assumed to be
regular so that f; can be approximated by a linear combination
of its neighbors. So by considering the estimate of vy;
(represented as7y;), as a combination of its neighbors, we can
eliminate the noise in this particular component. This is
repeated for all the components and the compromise can be
estimated as Ordinary Cross Validation (OCV) using the
following equation:-

1 - 2
ocv =3 (vi — Fia) ®)

The estimate of y; can be computed in many ways. By
generalizing it we can get the Generalized Cross Validation
(GCV). In the wavelet domain, for a subband j, the GCV as a
function of threshold A is defined as
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Where Nj, is the number of wavelet coefficients that were

replaced by zero. This is a function of known parameters of

the input image and is independent of the noise variance. It

was established by Jansen et al [18] that minimizing the mean

square error, R;(2) is equivalent to minimizing the GCV. So

the value corresponding to the minimum of the GCV function
can be used as the optimal threshold.

4. DE-SPECKLING IN DIRECTIONLET
DOMAIN

A transform based on direction of texture with edge
information in an image can greatly improve its sparse
representation and also the precision of estimation of correct
threshold. Thus it is important to identify the dominant
direction of texture before thresholding. The directionality in
an image is a local feature which can vary over space.
Therefore it is ideal to find out the directionality in an image
locally after spatially segmenting it into small patches. The
directionlet transform can have anisotropy and directional
vanishing moments along any two directions with rational
slopes. In the proposed scheme the input image is first
segmented in a quad tree structure and directionlet transform
is taken along multiple directions from the set D =
{(0°,90°), (0°,45°), (0°,—45°), (90°,45°), (90°, —45°)}
These sets are chosen in such a way that the cubic lattice is
not divided into more cosets [15]. The best pair of
directions d;, € D is chosen for each segment indexed by n as
follows [15].

dy = argminZ|W,gi|2 (10)
dep &

where W,Z; represent the wavelet coefficients which are
produced by applying directionlets to the nth segment along
the pair d of directions. The assigned pair of transform
directions of each patch across the input image forms a
directional map of that image and provides the best matching
between transform and locally dominant directions for that
segment. For segments with no apparent dominant directions,
the pair (0°,90°) is assigned by default to smooth segments,
for the reason of simplicity of implementation of the
directionlet.

After identifying the dominant direction in each spatial
segment, multi scale directionlet transform is applied along
the dominant directions and the directionlet coefficients are
selected for thresholding using GCV. In the directionlet
decomposition, the subbands HHH,, HHL,, HLH,, HLL,,
LHH,, LHL, and LLH,, k=1, 2, 3....J are called the details,
where k is the scale, with J being the largest scale in the
decomposition. The subband LLL; is the low resolution
residual. The directionlets retain orthogonality from standard
wavelet transform and the coefficients in the subbands are
independent and identically distributed with zero mean. Thus
the image noise model presented in section 3 is applicable for
directionlets also. The directionlet coefficient Y from the
detail subbands are used for optimal threshold computation
using GCV technique to obtain ?ij. The denoised estimate is
then’f = DY, where D~' is the inverse directionlet
transform operator. The full de-speckling algorithm proposed
in the paper can be summarised in three steps as follows:-
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Step 1: Directionlets and Directional Map

e The noisy image is first quad tree segmented till a
desired level of segmentation is achieved.

e Make a logarithmic transformation (log (y+1.0)) of the
segmented image to convert multiplicative noise to
additive noise. Here 1 is added to prevent zero become
-oo after logarithmic transformation.

e Apply directionlet transform to the segments along the
pair of directions
D = {(0°,90°), (0°,45°), (0°, —45°), (90°, 45°), (90°, —45°)}

e Compute optimal pair of directions for each segment
using equation (10)

e Compute the multi scale directionlet transform along
the dominant directions

Step 2: Threshold Computation

e For each subband, except the LLL; subband, compute
the GCV threshold which minimizes the parameter
GCV; (), given in equation (9).

e Apply the computed threshold to the subband
coefficients using soft thresholding rule to estimate the
best value for the noise-free coefficients

Step 3: Reconstruction

e Reconstruct the image from the above processed sub-
bands and the low-pass residual (LLL;) using inverse
directionlet transform and the directional map.

e Invert the logarithmic transformation to obtain the
despeckled image

5. RESULTS AND DISCUSSIONS

In this section, we demonstrate the efficacy of the proposed
method using a simulated and an original SAR image. Here
we have used Equivalent Number of Looks (ENL) as the
performance parameter for assessing the performance of
speckle reduction. ENL is a commonly used parameter to
measure the smoothing effects in the de-speckled image,
which is defined as:

2
ENL =4 (Z—) 11)
1 for SAR image in intensity format
where A= {%— 1 for SAR image in amplitude format

Where u and o2 are the mean and variance values
respectively over a homogeneous area in the image. Since the
mean value reflects the average brightness of a SAR image,
the sustainment of it is important to image calibration.
Variance of image denotes the range at which the pixels in an
image deviate from the mean. A lower Variance gives a
cleaner and smoother image. So the denoised image should
sustain the mean of image and decrease its variance and
therefore should have a higher ENL. However ENL is not a
good measure of despeckling performance in heterogeneous
areas of an image. Thus the subjective quality of the
despeckled image through visual examination is also
important.

Here the performance of the proposed method was validated
by comparing it with traditional methods like Frost filter [2],
Lee filter [4], Gamma-MAP filter [5] and wavelet-based soft
thresholding (WST) scheme [7]. A 3x3 mask was used for all
the traditional filtering schemes. In wavelet and directionlet
methods three levels of decomposition was done using Haar
wavelet as the Haar wavelet has given the best despeckling
performance. The subband coefficients in both these methods
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were shrunk using soft thresholding with a threshold value
computed for each subband and sub-levels through GCV
method. The LL subband in WT and LLL subband in
directionlet scheme were kept unchanged. To reduce
computational complexity, the GCV was computed only for
512 pixels for a segment of size 32X32. These pixels were
selected using an equidistant sampler. A typical GCV curve of
a sub-band of directionlet transform is shown in Figure 5.
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Figureb. Typical GCV Curve of a sub-band of directionlet
Transform

Fig. 6 shows a simulated SAR image, its noisy version and
despeckled images obtained by wavelet and directionlet based
schemes. The simulated image contains three regions- viz. a
circle, a rectangle and a triangle of intensity 150, 200 and 250
respectively on a background of intensity 80. The original
image is multiplied by Gaussian noise of mean 1 and variance
0.05. The one-dimensional data extracted from 110" row of
the test image is given in figure 7. It is clearly evident from
these figures that the noise reduction is much better in
directionlet based scheme than the WT based one.

Original Image Moisy Image

Denoised Image using Wavelet Denoised Image using Directionlet

Figure.6. Image de-speckling using the proposed method
applied on simulated SAR image. Noise free image (top
left), noisy image (top right), de-speckled image using WT

(bottom left), de-speckled image using directionlet (bottom
right).

Fig. 8 shows a real noisy SAR image of Bedfordshire. A
visual comparison of the despeckled images obtained by
different methods is given in figures 9 to 13. Three
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homogeneous regions used to compute the ENL has been
highlighted in the noisy SAR image. Since Bedfordshire is an
amplitude SAR image, the ENL was computed using equation
(11) in amplitude format. The ENL values obtained by the
different methods are listed in Table 1. Note that the proposed
method provides a substantial improvement in terms of ENL
over the other methods, means it de-speckles the noise more
efficiently. Also the visual quality of the de-speckled image
using the proposed scheme is evidently better because of
sharper edges and texture. The Gamma MAP filter smoothes
speckle noise and gives better ENL among tradition schemes,
but edges are blurred and regions around the edges contain
significant artifacts. Even though the wavelet based scheme
removes speckle effectively Gibbs phenomena exists in
uniform regions and also the edges are blurred.
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Figure 7 One-dimensional data extracted from 110" row
of test image given in figure 6.These plots are presented in
the order from top to bottom: Original image (in blue
colour) and speckled image (in red colour), Original image
and de-speckled image using wavelet and directionlet

Table.1. ENL values for the different Despeckling schemes
applied on Bedfordshire image

Despecklin ENL

Schgme g Region Region Region
A B C

Real SAR Image 2.98 3.39 2.72

Frost Filter 7.01 8.31 6.89

Lee Filter 8.69 10.95 10.52

G MAP Filter 9.29 12.29 9.611

Wavelet Scheme 25.26 50.11 24.43

Directionlet Scheme 34.14 61.94 32.86
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Flgure 11. The de speckled image using Gamma MAP
filter

F|gure 12 The de-speckled image using wavelet based
scheme

Flgure 10 The de- speckled image using Lee filter F|gur .13 The de- speckled image using proposed scheme.
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6. CONCLUSIONS

In this paper a novel SAR image de-speckling scheme based
on multi directional and anisotropic wavelet transform called
directionlet is presented. The GCV based thresholding scheme
employed in wavelet domain has been extended to the
directionlet domain to extract the better directional features of
directionlets. The main advantage of the GCV based
thresholding is that the knowledge of the noise level is not
required for the optimum threshold computation. Since the
directionlets possess spatial anisotropy and better directional
capabilities, GCV thresholding in directionlet domain results
in visually appealing de-speckling results, with improved
performance parameters. Experimental results on real SAR
image show that the proposed method achieves effective
despeckling performance compared with traditional spatial
filtering and wavelet based schemes in terms of both
subjective visual quality and details preservation. Future work
is to find out a faster method to identify the dominant local
directions in an image and applying more effective threshold
schemes in directionlet domain.
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