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Reflectivity Estimation for SAR Image Compression
Grégoire Mercier, Member, IEEE

Abstract—Synthetic aperture radar (SAR) images suffer from
speckle noise that degrades image quality. Also, speckle removal is
needed for lossy image compression as such noise increases image
entropy. Nevertheless, most lossy compression schemes act as low-
pass filters that might not suit multiplicative noise reduction. In
order to build a compression scheme that takes into consideration
statistics of SAR images, a well-known reflectivity estimator is in-
tegrated into an JPEG 2000-like image compression strategy, so
that image compression artifacts may be viewed as an adaptive de-
speckle filter instead of a simple lowpass filter. It yields a compres-
sion algorithm that acts in a similar way to the Lee (or Kuan) filter.

Index Terms—Image compression, speckle reduction, synthetic
aperture radar (SAR), wavelet transform.

I. INTRODUCTION

SYNTHETIC aperture radar (SAR) produces data by
coherent summation of elementary scattered electromag-

netic fields that makes images sensitive to the speckle effect.
Common SAR compression strategies act as lowpass filters,
since it is considered that noise is located in high frequencies.
It has been shown that tools that are efficient for compression
(such as the wavelet transform) do not perform reflectivity
estimation with the same quality as the linear minimum mean
square error (LMMSE) estimator [1]. Simardet al. [2] give a
complete description of the use of wavelet transforms for mul-
tiscale texture analysis. Since wavelets are sensitive to noise,
they can be used for speckle noise reduction, as in [3] and [4].
But most wavelet-based speckle reduction methods are based
on the use of a homomorphic filter [5] that yields acceptable
image enhancement and can suit an image compression scheme
built with transform coding, adaptive quantization and entropy
encoding [6], since noise is considered as becoming additive.

In this communication, it is proposed to investigate a common
filter that performs unbiased reflectivity estimation within an
LMMSE estimator (like the Lee or Kuan filter) from a compres-
sion point of view. It is expected to achieve strong compression
with losses that may be interpreted as the result of speckle re-
duction. The filter is to be written with the wavelet transform
to follow the JPEG 2000 norm [7]. The key to this study is to
rewrite the Lee (or Kuan) filter from a filter-bank point of view,
so that the wavelet coefficients are locally weighted regarding
the scene’s homogeneity, before being processed in a compres-
sion scheme.
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II. REFLECTIVITY ESTIMATION OVERVIEW

Image formation is achieved for a SAR sensor by many el-
ementary wave scatterers [8]. For a significant numberof
backscatters in a homogeneous area of reflectivity(fully de-
veloped speckle is assumed), it appears that the mean of the in-
tensity of the pixels is proportional to its variance. Thus, speckle
noise is to be considered as multiplicative so that

(1)

with denoting pixel intensity and its local mean. is
the normalized speckle of mean .

A. Lee and Kuan Filters

Assuming reflectivity as an stationary and ergodic RV, its
estimate can be reached within an LMMSE estimator, written as

(2)

with

(3a)

for the Kuan filter [9] and

(3b)

for the Lee filter [10]. The variation coefficient is defined as
the standard deviation over mean ratio: , and for
speckle noise (also called speckle strength): ,
being the number of looks.

The basic idea of these filters is to consider on
homogeneous areas. In fact, and thus . Hence,
such an estimator acts locally as a mean filter. On the other hand,
when the area is to be considered as heterogeneous,
and . Here, the best estimate of reflectivity becomes the
intensity itself

for the Lee filter and

for the Kuan filter. That is to say, in the case of heterogeneous
areas, the Lee estimator acts locally as the identity filter.
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Fig. 1. LMMSE reflectivity estimation flowchart.

B. Homomorphic Filter

Multiplicative noise may be transformed into additive noise
by using of logarithmic transformation

(4)

The estimation of a signal with exponential density after
doing a logarithmic transformation is not optimal because it
introduces a bias. Nevertheless, when speckle noise and reflec-
tivity may be considered independent, this has the advantage
of separating noise from signal. Then, classical additive noise
reduction tools may be applied.

An approach for denoising image may be achieved with
classical wavelet-based tools and stated as a thresholding of
the wavelet coefficients of the noisy image, either hard of
soft [11], [12]. The soft-thresholding implies that the modulus
of the thresholded coefficient is diminished by the threshold
value; it is also widely referred to asshrinkagein the literature.
However, the noise is assumed to be independent of the
noise-free image, gaussian and of zero mean. But it has been
shown in [13] that the log-transformed speckle is not gaussian,
of nonzero mean that induce bias on reflectivity estimation. In
fact, the benefits of this filter appear mostly for visualization.

Instead of shrinking the wavelet coefficients, alternative ap-
proach refers to adapted thresholding by using a sigmoid func-
tion fully detailed in [6] or [14].

III. ESTIMATION THROUGH THEWAVELET TRANSFORM

Expectation is usually estimated with a square window
that acts as a mean filter . Then, ( being the
convolution operator). Let be defined as the complement of
so that is the identity filter. Equation (2) may be rewritten
as follows:

(5)

that may be thought of as the result of a filter bank applied on
the intensity image (see Fig. 1).

A. Multiresolution Analysis (MRA)

The basic idea is to estimate in (5) by a mean oper-
ator that takes into consideration scene autocorrelation that de-
creases with pixel distance. Instead of taking the Frost point of
view, with the estimation of correlation length, estimation of

may be achieved through a smooth finite-impulse response
lowpass filter that is implemented from an MRA point of view.

Fig. 2. Wavelet-based reflectivity estimation flowchart.

According to Daubechies’ notations [15], the MRA of an
image at a level may be expressed as the convolution with a
lowpass filter and a highpass , such that, for

(6)

The original signal may be recovered from the
wavelet coefficients by means of the synthesis equation

(7)

where and are, respectively, scaling and wavelet coeffi-
cients of the dual (biorthogonal) wavelet basis.

B. Wavelet-Based Reflectivity Estimation

Estimation of reflectivity of (5) may then be rewritten with
scaling function and wavelet in an MRA in order to estimate
wavelet coefficients of reflectivity from the wavelet coefficients
of intensity (as shown in Fig. 2). Reflectivity estimation be-
comes the synthesis of lowpass coefficientsand highpass co-
efficients that are locally weighted with (coming from (3)
that will be adapted to fit resolution). When indicates a ho-
mogeneous area, has to be minimized in order to
synthesize smooth texture. On the other hand,is left equal
to on heterogenous areas where the best estimate ofis
itself (taking Lee’s point of view)

(8)

where (respectively, ) coming from the filtering and deci-
mation of intensity SAR imagewith the filter (respectively,

). In an MRA, may itself be reconstructed from and
(locally weighted by ), and so on. Note that the lowpass part
of intensity being untouched, the estimation remains unbiaised.
For this wavelet-based estimation, the mother wavelet 9/7, that
is included in the JPEG 2000 compression norm [7], was used.

The weighting coefficient may now be evaluated from an
MRA point of view instead of the original (3). Two strategies
may be developed.

1) Estimation from Finer Scale (EFS). On the one hand, the
evaluation may be achieved in the wavelet domain. At
each level the variation coefficient of in-
tensity may be obtained from . When
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TABLE I
RESULTS OFSPECKLE REDUCTION ON SIMULATED HOMOGENEOUSIMAGES

WITH CONSTANT ORK-DISTRIBUTED REFLECTIVITY

speckle noise is filtered with a lowpass filter, one can
prove that is increased by a factor of at each scale,
since in the wavelet context. Thus,

and the weighting coefficient becomes
.

2) Estimation from the Original Image (EOI). On the other
hand, the evaluation of may be achieved by manipu-
lating initial intensity data and using windows of a size
linked with the dilatation of the mother wavelet. re-
mains equal to , since speckle noise is considered
as stationary, whereas is evaluated with by
using a square window increasing in size asgrows from
0 to . This latter solution gives better results as the
smoothing effect is more efficient on homogeneous areas.
Nevertheless, edges may be blurred and an edge detector

with , such as the Touzi means ratio [16] may
be used to weight with ; means a ho-
mogeneous area, while indicates an edge detected.
So estimation of the reflectivity wavelet coefficients be-
comes

IV. RESULTS ONESTIMATION

A. Simulated Images

Reflectivity estimations were first applied to simulated radar
images. Later, they will be applied to images, with forestry ap-
plications, from the Precision Image mode (PRI) of the Euro-
pean Remote Sensing (ERS) satellite. Since PRI mode yields
three-look images, simulations are achieved in such a way as to
yield three-look intensity images.

The simulation procedure was inspired by radar image for-
mation phenomena. Each pixel is simulated with a given am-
plitude and hundreds of phases coming from independent
uniform generations in to characterize elementary wave
scatterers. Taking the square of the module of each pixel yields
a one-look intensity image. A three-look instensity image is ob-
tained by averaging tree adjacent pixels. A three-region image
was generated this way with two constant value reflectivity areas
(100 and 500) and an area where amplitudeof each pixel came
from a gamma distribution. This induces a-distributed inten-
sity image that suits natural forest statistics. All these three re-
gions are approximately three-look.

Table I show the results of reflectivity estimation on the three
homogeneous areas. The Lee filter was implemented with a

window of size 7 7 which corresponds to the length of the
mother wavelet used in the wavelet-based methods. It is also the
size of the window used in the EFS methods for estimating the
speckle strength. When the window size increases, the Lee filter
yields similar results to the one obtained when using a window
of 7 7.

Soft- and Sigmoid-thresholding approaches show, as ex-
pected in [13], a systematic bias in the reflectivity estimation.
Instead of assuming a noise standart deviation of as
it is the case for the Lee filter, the log-transform has been taken
into consideration, and has been fixed to where
is the digamma function. Those two algorithms are minimizing
the magnitude of the wavelet coefficients relatively to a global
threshold, then coefficients are vanished through the shrinkage
(or the sigmoid weighted) on each homogeneous regions. It
results a very efficient filtering, since grows up to 100 on
Table I lines (c) and (d). The wavelet-based implementations
of the Lee filter are unbiased (lines (e) and (f) of Table I), with
a filtering power as high as the sigmoid-thresholding (up
to 100).

B. ERS–PRI Images

Reflectivity estimations were applied to ERS–PRI images ac-
quired over rice fields near Mana (French Guiana). These im-
ages are part of a database that is dedicated to the study of
the impacts of anthropic activities on the natural forest (defor-
estation and development) over long periods. Fig. 3(a) shows a
256 640 imagette where the items of interest are a river, roads,
rice fields (a few of them with low radiometry are flooded), and
textured forest. Another region of interest (of 10 000 pixels) was
selected to evaluate the equivalent number of looks in a
homogeneous area. Fig. 3(b) shows the results of the Lee filter.
It will be used as a reference for the wavelet-based filters, since
the latter follow the same LMMSE estimation formalism.

The log-transform-based approach, shown on (c) and
(d), have been using a speckle standart deviation of

instead of the usual .
In a similar way as for the simulated images, wavelet-based
soft- and sigmoid-thresholding [respectively, (c) and (d)] gives
caracteristic visual artifacts, and Table II underlines the bias in
the mean estimation of the homogeneous area.

The wavelet-based LMMSE estimators respectively imple-
mented with the EFS (e) and EOI (f) methods allow a more
accurate restitution of fine details (Hedges between rice fields,
banks of the river). Even if the local detection of homogeneity is
given by the coefficients, the filtering effect is much stronger
than the original Lee filter. was founded equal to 5.95 with
the Lee filter while founded as high as 27.6 and 85.4 with those
filters.

V. COMPRESSION

Instead of estimating reflectivity from a SAR image through
an MRA with scalar or vector wavelets, that are filtered ac-
cording to (8), it is possible to split the process and compress the
filtered wavelet coefficients . It results a compression scheme
that acts as a speckle removal filter.
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(a) (b)

(c) (d)

(e) (f)

Fig. 3. Filtering results on ERS-1 image. See also Table II.

TABLE II
RESULTS OFSPECKLEREDUCTION ON ERS–PRI SAR IMAGE

A. Quantization

Weighted wavelet coefficients are simply scalar quantized
using the embedded quantizer fully described in [17]. So the
compression scheme remains compatible with the JPEG 2000
recommendations. This quantization technique is based on
layered quantizers. Symbols coming from quantizer are
encoded into the layer , while the information necessary
to recover symbols from quantizer ( ,
being the total number of quantizers), given that all quantizers

are already known, are encoded into the layer
.
Multilayered quantization is associated with adaptive entropy

coding. The encoder performs arithmetic encoding and is de-
signed for use with the quantizer above, since significant and
insignificant symbols (according to a quantization level) are
treated separately.

TABLE III
NUMERICAL RESULTS ONCOMPRESSION ANDJOINT FILTERING

AND COMPRESSION OF THEERS–PRI IMAGE. SEE FIG. 4
FOR VISUAL EVALUATION AT A COMPRESSION

RATE OF � = 40 : 1

A bit allocation technique controls quantizer parameters. It is
based on integer programming algorithms described in [18]. The
goal of this bit allocation step is to distribute a quota of bits to a
set of quantizers that do not havea priori the same performance
(in the distortion-rate sense).

B. Quantization Effects on Estimation

From a denoising point of view, the quantization procedure
may seem to be a multilevel thresholding. Then, multilayered
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(a) (b)

(c) (d)

Fig. 4. Results on compression mixed with reflectivity estimation approach at a compression rate of� = 40 : 1. See also Table III.

quantization may be expressed as an encapsulated hard-thresh-
olding that uses increasing thresholds . Such
a quantization acts as a lowpass-based denoising procedure that
suits additive zero-mean noise. The equivalent number of looks
is affected by the quantization artifacts. The higher the compres-
sion ratio, the more the reflectivity estimation is biased.

At decoding, only the , (that is to say, the
quantization tables) are needed to retrieve wavelet coefficients
properly. Then, image recontruction is achieved in a standard
way with dequantization and an inverse wavelet transform. The
reconstruction step does not require knowledge of SAR image
statistics and follows JPEG 2000 recommandations [7].

VI. RESULTS ONCOMPRESSION

The compression scheme was applied on the ERS–PRI image
with various compression ratios (from 10 to 100 : 1,
i.e., rates of 1.6–0.16 bits per pixel). The goal is to show the
benefit of mixing the compression scheme and the estimation
process in order to consider the compression artifacts as coming
mostly from the speckle removal.

As shown in Table III, compression of Section V was applied
on the original image (a) and the Lee-filtered one (b). Mixed
compression and estimation were applied on the original image
by using the wavelet-based approaches (line (c) for the EFS
method, (d) for the EOI). In the mixed approach, the wavelet
coefficients are first locally weighted by the coefficients
before being quantized as describe in Section V. Two quality
evaluations are shown: a distance measurement of the com-
pressed image to the original ERS image (denoted “SNR” in
Table III) and a distance measurement of the compressed image
to the filtered image without compression (denoted “SNR”).
Those two measurements allow to balance the impacts of the
compression with the ones of the speckle removal.

It appears that the reconstructed images after compression
are of better quality (according to the SNR) when compared to

the filtered image (with the same algorithm and same parame-
ters) instead of the original. This indicates that the effects of the
compression remains limited regarding to the filtering power.
Also, the benefit increases when using MRA-based estimator
instead of the Lee filter. In fact, the weightening strategy of
the wavelet coefficients acts as a preprocessing step that reduces
the dispersion of the coefficients and then the compression arti-
facts.

Fig. 4 shows the imagette of ERS–PRI image compressed at
40 1 where the artifcats of the mixed filtered/compressed

image are less important than the ones obtained with the com-
pression of the original image or the image filtered by the Lee
filter.

VII. CONCLUSION

The goal of this study was to include a speckle removal filter
into a compression strategy in order to build a compression al-
gorithm that is adapted to the compression of SAR images and
for which artifacts may be viewed as coming mostly from a de-
speckling effect.

Then, an LMMSE reflectivity estimator has been adapted to
fit MRA approach, since MRA is known to be the best strategy
for compressing images and is the base of the algorithms in-
cluded in the JPEG 2000 norm. Instead of others wavelet-based
speckle removal strategy, the proposed scheme is unbiased and
follows the same hypothesis as the ones of the Lee filter.

When adapted to the wavelet transform, the homogeneity es-
timator that comes from the LMMSE estimator may be imple-
mented with two strategies. A recursive estimation considering
accross scale speckle behavior (EFS method) or a more clas-
sical estimator of the speckle strength from the original image
(EOI). The filtering efficiency of the EFS method is less signif-
icant than EOIs but keeps edges with a better accuracy, while
EOI tends to blur edges and suffers from the Gibbs oscillations.
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The compression strategy, that remains obvious to be JPEG
2000-compatible, does not induce significant distortion to
the filtered image. Then, when a despeckle procedure is to
be apply in a thematic, a joint compression may be used for
storage or transmission facilities without becoming appalling
for end-users.
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