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ABSTRACT: | Speckle noise is an inherent property
of SAR images. The discrete wavelet transform results
in sub-band decompositions of SAR images which have
Laplacian point statistics. We propose a Bayesian estimator to perform speckle reduction. We evaluate the speckle
reduction results using two measurements: standarddeviation-to-mean ratio and target-to-clutter ratio. We
show that good speckle reduction results can be achieved
while maintaining the signi cant information of the SAR
image.1

1 Introduction
Synthetic aperture radar (SAR) is very ecient instrument for obtaining remotely sensed images of the earth's
surface. However, SAR imagery is degraded by a form of
multiplicative noise known as speckle which is a result of
the illumination by the coherent radar. Hence, speckle reduction is a necessary procedure before automatic image
analysis can be performed.
The discrete wavelet transform (DWT) is an ecient
technique for multi-resolution decomposition of images
and has been used for speckle reduction and enhancement
of SAR images [1]. Here, we propose a speckle reduction algorithm in the wavelet domain. It is di erent from
existing wavelet coecient thresholding methods in that
we estimate the image scene underlying the speckle using Bayes' rule based on the statistical properties of the
wavelet coecients.

2 Speckle Noise in SAR Images

Speckle can be described as multiplicative noise, with a
standard deviation equal to the pixel re ectivity value.
For a digitized SAR image, we de ne y(j; k) as the gray
level (or the observed image magnitude) of the (j; k)th
pixel of the image. Hence, the measured pixel level of a
SAR image can be written as:

y = xe
(1)
where x is the desired pixel re ectivity and e is the multiplicative noise. Arsenault and April [2] showed that for
a logarithmically-transformed SAR image, the speckle is
approximately Gaussian additive noise:
y = x + e
(2)
where y = ln(jyj), x = ln(jxj), e = ln(jej).
Because the multi-level DWT is a linear transform,
speckle noise is still additive in the wavelet domain. If
W is the multi-level DWT, then a multi-resolution representation is given by the equation:
W y = W x + W e (or; Y = X + E)
(3)
where Y = W y, X = W x, E = W e. The noise level
(standard deviation), , in the multi-resolution representation is not known in advance and has to be estimated
from the data. Here, an estimate of  is taken to be the
standard derivation of the rst level diagonal sub-band
image because this sub-band is mainly noise [3].

3 Bayesian Estimator

Our methodology is to estimate the noise-cleaned
wavelet coecient X given the measured Y . The mean
of the posterior distribution provides an unbiased leastsquare estimate X^ of the variable X. The Bayes' rule
allows us to write this in terms of the probability densities of the noise and signal:
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Assuming n is known, the measurements of these two
moments of the noisy data are sucient to estimate the
model pdf parameters.
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4 Experimental Results
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In our experiments, Daubechies 4 (DB4) wavelet transforms (quadrature mirror lter pairs) are employed. We
construct a 3-level wavelet decomposition. For each
wavelet sub-band, we estimate the model pdf parameters
S and P, and numerically compute an estimate via equation (6). After applying this estimator, we reconstruct x^
from the inverse discrete wavelet transform (IDWT) of X^
without further coecient quantization.
Figure 2 is X-band high-resolution airborne 1-look SAR
image showing part of Bedfordshire in south-east England.
It displays many of the features that typically appear in
airborne imagery. The scene selected as the test image for
our algorithm is shown in the lower left-hand corner.
Two statistics are used to evaluate the performance of
our algorithm:
 Standard-deviation-to-mean ratio (s/m): is a
measure of image speckle in homogeneous regions [5].
 Target-to-clutter ratio (t/c): is the di erence
between the target and clutter means (in dB). It measures how the target stands out of the surrounding
clutter.
The original and speckle-reduced sub-images are shown
in Figure 3. We choose areas A, B to measure standarddeviation-to-mean ratio,and areas C, D to measure targetto-clutter ratio. Table 1 show the values of these two
performance measures for the original and processed image within the selected regions. The signi cant reductions
of standard-deviation-to-mean ratio indicates that a signi cant amount of speckle has been removed while the
sharp features are maintained, which suggests potential
improvements for classi cation and recognition. Although
the target-to-clutter ratio is decreased a little, the target
can be still easily recognized.
s=m
t=c (dB)
area A area B area C area D
Original Image 0.269 0.287 35.5
35.8
De-noised Image 0.144 0.169 35.2
35.3
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Figure 1: Histogram of second-level horizontal detail
wavelet coecients (see text).
signal. The denominator is the probability distribution
functions (PDF) of the noisy observation, computed via
convolution of the noise and signal pdf. In order to use
this equation to estimate the original value X, we must
know both of these probability density functions.
In [4], Mallat described wavelet coecients (without
speckle noise) as a two-parameter generalized Laplacian
distribution:
,jX=sjp
(5)
PX (X) = eN(s; p)

where N(s; p) = 2s,(1=p)=p, and ,(X) = 01 tX ,1 e,t dt,
the well known \gamma" function. The distribution is
zero-mean and symmetric, and the parameters fs; pg are
directly related to the second and fourth moments of X:
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;

=
(6)
2 =
,( p1 )
,2 ( 3p )
R

where  is the kurtosis (fourth moment divided by squared
variance). Figure 1 gives the histogram of the wavelet coecients of the second-level horizontal detail sub-band image. The plot shows the histogram of: a) the coecients
of the original image; b) the coecients of the denoised
image; and c) the coecients given by the Laplacian distribution. This shows that the denoised image has much
less high frequency energy than the original, and also that
coecients of the denoised image t the Laplacian model
well.
Also, we can estimate fs; pg from the noisy observation
Y . We nd that the second and fourth moments of a generalized Laplacian signal corrupted by additive Gaussian
white noise are:
s2 ,( 3 )
2 = n2 + 1 p
(7)
,( p )

Table 1: De-noising performance

5 Discussion
The Bayesian speckle noise removal described above
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(a) Original image

Figure 2: X-band SAR image Bedfordshire in southeast England (Provided by N. A. Software Ltd,
http://www.nasofware.co.uk/).
provides a link between the statistical properties of the
signal and the sub-band representation of the signal. The
estimator is based on two key factors: sub-band decomposition and the statistical model of the wavelet coecients.
The quality of the noise removal can be improved by careful choice of the wavelet mother function and parameters
for the pdf. In addition, joint statistical properties of the
pixel and its spatial neighbors and sub-band neighbors
can be taken into consideration to improve the result.

(b) De-noised image

Figure 3: Original and processed sub-images.
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