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COMBINING LEVEL SETS AND ORTHOGONAL TRANSFORM
FOR DESPECKLING SAR IMAGES

This paper introduces a new approach for Synthetic Aperture Radar (SAR) image filtering. It combines a Level
Set method for heterogeneity region detection and Discrete Cosine or Haar transforms to reduce speckle and
preserve small-sized objects (targets). Tests have been conducted on one synthetic and several real SAR data.
Furthermore, we present some results on assessing the algorithm with respect to qualitative and quantitative
measures. Experiments with simulated and real SAR images have shown that the proposed approach is
efficient in speckle filtering while it preserves small-sized objects and texture.
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Introduction

Airborne and spaceborne synthetic aperture radar
(SAR) imaging sensors are widely used nowadays for
different applications [1] due to several advantages. In
fact, an SAR imagery system is capable of acquiring
data in almost all weather conditions as well as during
day and night. Moreover, modern SAR systems are
characterized by high spatial resolution that allows
exploiting SAR images either separately or in
combination with other types of remote sensing (RS)
data as, e.g., optical images [2, 3]. These modern
systems are mostly multichannel (dual or multi-
polarization, multi-frequency) that provides better
classification of RS data obtained [4, 5].

Meanwhile, a main problem in SAR imaging is
that all obtained data suffer from a noise-like
phenomenon called speckle [1, 6] that arises due to
coherent processing of received backscattered signals.
Speckle is modeled as a multiplicative noise and its
distribution does not follow a Gaussian function even if
multi-look mode is applied [1, 7]. Additionally, speckle
is usually spatially correlated [7, 8] and, hence, this
complicates the task of dealing with it [9, 10]. Thus, it is
desirable to reduce speckle and multi-look mode of
image forming [1] achieves this. However, it causes
resolution loss and, hence, SAR imaging partly loses its
advantages. Another way of coping with speckle is to
apply image filtering (also called despeckling) [1, 6, 7].
Such pre-processing of SAR images makes considerably
easier segmentation and classification tasks [1, 4].
Being well designed, SAR despeckling also improves
the overall visual aspect of the image and results in an
easier analysis and interpretation of the scenes by

human operators or computer vision systems [11], etc.

Actually, speckle filtering is a complex task in
SAR image processing that has been approached in
recent three decades by several researchers [12-15].
These pioneer works introduced by Lee [12, 13], Frost
et al. [14] and Kuan et al. [15] have achieved single-
look SAR image filtering which is, probably, the hardest
case for denoising. Its complexity deals with the
aforementioned nature and properties of the speckle as
well as with the necessity to satisfy a set of
contradictory requirements. It is desirable to suppress
noise in homogeneous image regions, retain the mean
values in these regions and simultaneously preserve
valuable information as edges, small-size objects
(targets) and texture features. It is often desirable to
provide appropriately high visual quality of processed
SAR images since visual inspection is still widely
employed in solving such tasks as target detection and
recognition, control point selection for data co-
registration, etc.

Many researchers dealt with SAR despeckling
method design and a lot of filters for SAR image
denoising have been proposed in recent twenty years.
There are several approaches worth mentioning. Locally
adaptive speckle filters were designed in 90th of the
previous century and the beginning of this century (see
[16] and references therein). These techniques are based
on hard or soft switching between two or several
different filter outputs with paying special attention to
local heterogeneity detection and detail preservation.
Practically at the same time, wavelet based denoising
techniques became popular [17-20]. A typical feature of
wavelet based despeckling is that a three-stage
procedure is commonly used where a logarithmic type
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direct homomorphic transform is applied to data at the
first stage to yield an image corrupted by additive noise.
Moreover, a problem with wavelet based filters is that it
is quite difficult for them to carefully adapt to the spatial
correlation of the speckle. Several techniques based on
other than wavelet orthogonal transforms (e.g., DCT)
[7, 21] have been proposed. These techniques are more
effective in suppressing speckle in homogeneous image
regions than the aforementioned Lee and Frost filters
[12-14] and are able to easily adapt to multiplicative
nature of the speckle and its spatial correlation.
However, edge and detail preservation of the DCT
based filters still requires improvements.

Other methods have been proposed in recent ten
years as the improved sigma filter [22], anisotropic
diffusion based approaches [23], non-local techniques
[24, 25], methods based on heterogeneity detection [26],
etc. All researchers focus on attaining a better trade-off
between noise suppression in homogeneous image
regions and fine detail preservation. The non-local
methods are state-of-the-art in additive white Gaussian
noise suppression nowadays [27, 28] and, being
equipped by proper variance stabilizing transforms, they
can process SAR images rather well [24]. However, the
method performance depends upon how many similar
patches are found and how large is this similarity
between the found patches. Note that similar patches
containing edges can be found with high enough
probability and, thus, preserved well. Regarding small-
size target preservation, this does not hold since there
can be quite a small number of targets in a given SAR
image and they can be not very similar to each other.
For instance, the targets might have different contrasts
with respect to background and various spatial shapes.
These obstacles restrict target preservation ability of the
approach [24].

In the sense of detail preservation, an interesting
and powerful tool called Level Set method has been
proposed recently [29-32]. Originally, the Level Set
approach has been designed for image segmentation. An
obvious advantage of this approach is that it is able to
detect and localize heterogeneities in images reliably.
This property can be used in SAR image filtering as
well. There are impressive examples of real SAR image
processing although the Level Set approach has not
been intensively tested statistically and characterized
quantitatively.

Thus, the main goal of this paper is to assess this
approach for single-look SAR image processing and
combine it with DCT and other orthogonal transform
based filtering. The paper unfolds as follows. Section 2
briefly reviews and introduces the multiplicative model
for speckle data analysis and the Level Set method used
for object detection in noisy images. Additionally, it
presents contrast and homogeneity measures and their

relationships with speckle filtering and object detection.
Section 3 reports the main results, namely, the
performance analysis of the proposed approach for
speckle filtering with small-sized object detection and
preservation.

1. Object and heterogeneity detection:
experiments with synthetic and real-life
single-look SAR images

In this paper, we deal with single-look SAR
images since they constitute the most complex and the
most challenging case. Typically, the first studies and
tests on SAR data have been performed for synthetic
images assuming the following typical model of noisy
image:

I =L " w;. M
where Igue denotes the true image value for the ij-th

pixel and p;; is multiplicative noise with unity mean,

variance cﬁ =0.273 and Rayleigh probability density

function (pdf) assumed spatially uncorrelated (i.i.d.).

In this paper, we employ a Level Set method for
object detection that also provides contour extraction.
This method is based on the Hamilton-Jacobi equation
[33], and furthermore several works have testified its
efficiency for SAR image segmentation [29, 30, 34].
The Level Set-based method is an active contour
technique whose front movement is driven by

v =y ® oy [y @

The term &) is the level set surface in k-th
iteration where ®) is an initial surface (usually
v @ e[-1;1]), At is the step time and |V(-)| is the
gradient magnitude of the initial surface. The term

is the evolution (or velocity) function which defines the
front movement. In this work, we have adopted the
Level Set evolution law proposed in [29] to detect
punctual targets. The propagation function is based on
the locally estimated variation coefficient (CV) and a
homogeneity threshold introduced in [35] as

2
T=1++—Fto 3)

where M is the window size and Oy is the theoretical

standard deviation of speckle. The target detection
model is [29]:
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W= (6, - T) ek 4)

The term ex is the curvature velocity described in

[33] and & " stands for the local estimate of o u- The

final segmentation results are given by zero crossing
points of 1.

Fig. 1 displays some results of applying this
method to a simulated SAR image. This image models
large homogeneous regions of different mean, one large
textural region, few prolonged objects (as fences in
natural images). Besides, we have specially added
fifteen small sized objects into homogeneous regions of
different mean intensity.

Not surprisingly, three objects that present the
largest contrast with respect to surrounding background
have been detected (see the upper central part of the
image). Other small sized objects have not been
detected, and they cannot be detected visually since they
present less contrast. Surprisingly, the large textural
area has been detected. Hence, the Level Set method
can be useful in SAR image processing.

Fig. 1. Noisy test image with fifteen small-sized objects
and detection results

These results of preliminary analysis show that,
similarly to other detection techniques, the performance
of the Level Set method depends upon object contrast.
Here by contrast we assume the ratio C=lgj/lp, Where
Lobj is the true image value assumed the same for all
pixels that belong to a small object and I, denotes the
true value for the surrounding background. Our
experiments have demonstrated that for C=1.6 the Level
Set approach does not detect objects, mainly because of

the intensive speckle influence. Thus, it is reasonable to
study the influence of the object contrast on the object
detectability. Moreover, it is possible to expect that the
probability to correctly detect an object Py depends
upon a number of pixels that belong to it.

Tests with another noisy image have been carried
on to assess the algorithm performance. Fig. 2(a)
illustrates a specially created noise-free image with a
quite large number of small-sized objects used to test
the Level Set based object detection. The objects
present different contrasts with respect to homogeneous
background and C varies from 1.5 to 5.0. The objects
have different number of pixels Ng,. The i.i.d. speckle
has been modeled for the image in Fig. 2(a) and,
furthermore, our detection method has been applied to
it. Fig. 2(b) displays the object detection results.

Cee r e s ee s se
B I
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-mm -—=m -=m -=um
--m —=-m -=-m -=®m

b

Fig. 2. Synthetic image: a - the noise-free test image,
b - object detection over the speckled image version
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The visual analysis of the map shows that an
object is detected with higher probability, when its
contrast or the parameter Ny, are not small (e.g.,
Nisso >9).

Table 1
Probability of correct detection
for different object contrasts

Object Probability of Correct Detection
Contrast
1.50 0.000
200 0.014
205 0.028
250 0.070
3.00 0.380
3.50 0.760
2.00 0.850
250 0.920
5.00 0.950

Another important issue is that objects with a
larger Ny, are detected quite satisfactorily. Although we
do not present statistical results to confirm this
statement, tests with Fig. 2(a) and 2(b) illustrate this
tendency, clearly.

One more advantage of the Level Set approach is
that no false detections have been observed for the
simulated image, although small-sized objects with low
C have been missed. Usually, it is a hard task to achieve
appropriate trade-off between probability of correct
detection and false alarm rate by setting a proper
threshold in target detection algorithms [1]. The Level
Set method attains this task quite well without
producing falsely detected targets, and it also provides
correct detection for objects with rather low contrasts
with respect to the surrounding background.

Concerning experiments with real-life SAR
images, we have tested the algorithm on TerraSAR-X
images. There are several single-look images presented
in complex-valued form at http://www.infoterra.de/tsx/
freedata/start.php. Thus, we have formed amplitude
single-look images of size 512x512 pixels for a region
in Indonesia for HH and VV polarization data as Fig. 3
illustrates it. These images are characterized by rather
high cross-correlation (similarity). The cross-correlation
factor for original (noisy) images is equal to 0.63. If the
images are processed by an effective speckle filter, the
cross-correlation factor increases and becomes about 0.8
[36]. When applied to these SAR images, the Level Set
method produces contours around small-sized objects or
other heterogeneities. Figs. 3(a) and 3(b) show these
contours in white color. The results for the two
considered images are quite similar.

2. Combined approaches to despeckling

Methods for image denoising based on orthogonal
transforms have been briefly discussed in Introduction.
The ones based on DCT presents several advantages
regarding SAR image despeckling [7]. The standard
DCT filter developed for speckled image processing
performs as follows [7]. The DCT transform is applied
to each image block (that usually has the size of 8x8
pixels) and hard thresholding is applied to the resulting
DCT coefficients.

b
Fig. 3. HH (a) and VV (b) polarization single-look
TerraSAR-X images of the region in Indonesia with
heterogeneous areas detected by the Level Set method

The thresholds are set adaptively and individually
for each block as T(m,n)=po, I where B is a
constant factor, Ou is the standard deviation of the

multiplicative noise (equal to 0.52 for single-look
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mean

mean stands here for the local

amplitude SAR images). 1

mean for a given image block, m and n define the block
leftmost upper corner indices. The standard
recommendation is to set B equal to 2.6.

After the thresholding operation, the inverse DCT
is performed. The filtered values, in opposite to
scanning window filtering, are obtained for all pixels
that belong to a given block. At the final stage, for each
pixel the obtained filtered values that come from
different blocks are averaged if filtering with block
overlapping is applied. Note that DCT and, in general,
other block-wise orthogonal transform based filtering
can be carried out with non-overlapping, partly
overlapping and fully overlapping blocks. In the latter
case, processing provides the most efficient despeckling
[7], although more computation is required. Since the
main task in SAR image despeckling is to suppress
noise efficiently, filtering with full overlapping of
blocks is considered in the following.

Variants of the DCT based filtering other than
described above are possible to devise. First of all, if
speckle is spatially correlated as this happens in

practice, it is reasonable to use hard frequency
dependent  thresholds:  T(m,n, k,1)=[36u1nm1§an Wy

where W, is the normalized DCT spectrum of the

speckle, k and / are indices in the DCT domain. The use
of frequency dependent thresholding produces
considerable filtering efficiency improvement compared
to the standard DCT based filter, for homogeneous and
textural image regions [9, 21, 37]. However, the small-
size object preservation is worth improving. Besides,
specific artifacts might be observed in homogeneous
regions. They occur due to hard thresholding which is a
strict rule. The aforementioned effects can be seen in
output images obtained for hard thresholding and
frequency dependent thresholds (see images in Fig. 4).
Similar effects are observed for another TerraSAR-X
image of Uluru region (see Fig. 5).

The performance of the DCT based filter can be
improved in several ways. For example, it is possible to
apply the so-called combined threshold instead of hard
one to reduce artifacts in output images [38]. For this
purpose, the DCT coefficient thresholded value is
calculated as

D(m,n,k,I) =
D(m,n,k,I),
if|D(m,n,k,l)| >fBo

wIn VWi (8)
D? (m,n,k,1)/ (Bo, Ine Wi )?
otherwise.

The recommended value of [ in this case is

about 4. The output images contain less artifacts in

homogeneous and textural regions. Two examples are
presented in Fig. 6 for HH and VV original images
depicted in Fig. 3. However, detail preservation is still
worth improving since small sized objects are smeared.

b
Fig. 4. HH (a) and VV (b) polarization single look
TerraSAR-X images after processing by the DCT-based
filter with hard frequency dependent thresholding

A general property in the DCT based filtering is
that setting the threshold slightly smaller than
recommended leads to less efficient noise suppression
but Dbetter visual quality due to more careful
preservation of edges and details [37, 38]. Note that
smaller threshold can be provided in several ways. The

first possible way is to set B smaller than recommended
y

above. The second way it to use a block median value

1m¢d instead of 1M as equation (5) states. Note that

d S .

[ned<ymean  in  image homogeneous regions for

Rayleigh pdf of speckle. And 1m¢¢ <1™éan for blocks
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that contain small-sized targets with positive contrast
(usually the small-sized objects of interest have just
respect  to

positive  contrast with

background).

surrounding

Fig. 5. Original HH SAR image (a) and output image
for the DCT-based filter with hard frequency
dependent thresholding (b)

Moreover, better detail preservation can be
achieved in several other ways. For example, one can

apply the standard DCT filter with frequency
independent threshold calculated as
T(m,n) =Bo, Iy, or T(m,n)= Bculﬁﬁd . Besides, it is

possible to apply another orthogonal transform (e.g.,
Haar wavelet in blocks of 8x8 pixels) which is better
suited for preserving sharp transitions in images than
DCT). The  thresholds are then set as

T(m,n)=Bo, Iy, or T(m,n)=pc 1™ where the

pimn

recommended [ for the Haar wavelet is equal to 3.5.

b
Fig. 6. HH (a) and V'V (b) polarization single-look
TerraSAR-X images after processing by the
DCT-based filter with combined frequency dependent
thresholding (5)

Our task here is to demonstrate that the use of such
approaches can be suitable. Note that the use of
aforementioned  “detail-preserving” filtering s
reasonable only for edge/detail neighborhoods. Thus,
we apply the Level Set method for detecting such
neighborhoods.

Note that the Level Set method outcomes can be
presented as a binary map. For example, for the image
in Fig. 5(a) the obtained binary map is shown in Fig.
7(a), where white pixels indicate the detected detail
neighborhoods. The algorithm proceeds by considering
that a block belongs to such a neighborhood, if more
than a half of its pixels have unities in the corresponding
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binary map. Then, a detail preserving denoising is
carried out for this block. Otherwise, a conventional
filtering with frequency dependent threshold is carried
out. Fig. 7(b) displays an example of the proposed
filtering processing for the image in Fig. 5(a). The
locally adaptive combination DCT/Haar has been
applied and furthermore a visual comparison of this
output image (Fig. 7(b)) and one in Fig. 6(b) clearly
shows that the small-sized objects are better preserved.

Fig. 7. The edge map obtained by the Level Set method
(a) and the output of the proposed locally adaptive
transformed based filter (b)

Let us analyze the results for another version of the
locally adaptive method. The DCT-based filter with
combined frequency dependent thresholding (B=4.5)

is applied to homogeneous image regions whilst the

standard DCT-based filter with T(m,n):Bo“Iﬁd is

applied to the detected heterogeneous regions (p=2.6).

The outputs are presented in Fig. 8. The comparison of
these images with the corresponding output ones in Fig.
6 shows that the small sized objects are preserved
considerably better. In other regions, there are no
differences since the same filtering algorithm is applied.

b
Fig. 8. HH (a) and VV (b) polarization single look
TerraSAR-X images after processing by the DCT-based
filter with combined frequency dependent thresholding
(5) and taking into account heterogeneities detected by
the Level Set method

Noise-free images are not available for
performance assessment of the filtering methods in our
case. Thus, it is only possible to compare speckle
suppression efficiency in homogeneous image regions
as, e.g., water surface in the left part of the images in
Figs. 4, 6, and 8. The estimated residual variances of
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speckle o2 ... are about 0.027, 0.035, and 0.029 for the

pres

images in Fig. 4, 6, and 8, respectively. Thus, the
combined thresholding produces slightly worse results
than hard thresholding. Anyway, speckle intensity is
reduced by approximately 10 times for the considered

DCT-based despeckling methods (the estimated cﬁ for

the selected fragment is about 0.28). In fact, the
efficiency of noise suppression can be improved for
larger B values.

For comparison purposes, consider speckle
suppression in homogeneous region for other filters. If
the standard DCT-based filter with hard frequency-
independent thresholding is applied (with B=2.6),

cﬁres is about 0.114, i.e., essentially larger. These

results clearly demonstrate expedience of using
frequency dependent thresholding in DCT-based
filtering. The local statistic Lee filter with 7x7 scanning

- 2
window produces G,

about 0.045, i.e. essentially
larger than for the DCT- based filter with hard or
combined frequency-dependent thresholding. Moreover,
detail preservation for the Lee filter output image is
worse than for the images in Fig. 8.

Conclusions

In this paper, we have demonstrated that
suppression of spatially correlated speckle is not an easy
task especially when it is associated with detail
preservation. In order to overcome this shortcoming, we
have applied a Level Set-based method to detect
heterogeneities in SAR images and furthermore indicate
image fragments for which detail preservation is the
first order task. Then, the DCT based filter with
frequency-dependent threshold provides efficient
speckle suppression in image regions recognized as
homogeneous. Several approaches for better detail
preservation were put forward and tested for real-life
single-look SAR images. Our future studies will be
focused on quantitative assessment of the proposed
filters for simulated single-look images with speckle
properties similar to those observed in practice.
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COBMECTHOE NCIIOJIb30BAHUE METOJA YPOBHEBBIX MHOKECTB U OPTOI'OHAJIBHBIX
IPEOBPA3OBAHU JIJ151 TIOJABJIEHUS CITEKJIA HA PCA-U30BPAKEHUSI

/.B. ®espanes, C.C. Kpugenxo, B.B. /Iykun, P. Mapkec, ®. oe Meoeiipoc

DTa CTaThsl ONMHUCHIBACT HOBBIA MOIXOM I (DUIBTpAMU W300paKESHUN PaTUOIOKATOPOB C CHHTE3MPOBAHHOU
ameptypoii (PCA). OnHa coderaeT B cebc METOA YCTAaHOBKH IOpOTra Ui HEOAHOPOMHBIX YYACTKOB M JAMCKPETHO-
KOCHHYCHOE ITpeo0pa3oBaHue WK npeodpa3oBaHue Xaapa JUlsl TIOABJICHHS CIIeKIIa U COXPaHEHHsT MaJIopa3MEPHBIX
00beKTOB. McnbITaHus OBUTH MTPOBEACHBI HA OTHOM CHHTETHYECKOM M HECKOJNBKHX peanbHbIX AaHHBIX PCA. Kpome
9TOro, MPEICTAaBJICHBI HEKOTOPBIE PE3YJAbTAThI IO OICHKE aJrOpUTMa B COOTBETCTBUH C KAaYCCTBEHHBIMH H
KOJIMYCCTBEHHBIMH KPUTCPUsIMH. VICCIeMOBaHUSA C CHUHTE3UPOBAHHBIMH W PCATBHBIMU PATHOJIOKAIIMOHHBIMHU
M300paXeHUSAMHU TIOKa3alld, 4TO IMpeyiaraeMblii moaxon 3(dQekTuBeH B (GUIbTpalMU CIEKIA W COXPAaHICT
MaJjiorabapuTHBIC O0BEKTHI H TEKCTYPBI.

KiroueBble cjioBa: omHOB3IIIAI0BbIE H300pakeHuss PCA, ¢huibTpanus criekia, METOll YPOBHEBBIX MHOXECTB,
JKII, obHapyxeHue menen.

CIIVIBHE BUKOPUCTAHHA METOAY PIBHEBUX MHOKHUH I OPTOI'OHAJIBHUX
HEPETBOPEHbD JUISA NPUAYIIEHHSA CIIEKJTY HA PCA-30BPAKEHHAX

.B. ®@espanvos, C.C. Kpueenxo, B.B. J/Iykin, P. Mapkec, @. oe Meodeiipoc

s craTTs ommcye HOBHMH mimXim M (imbTpariii 300paXkeHb pajioNoKaTOPIB i3 CHHTE30BAHOIO aIlepTYPOIO
(PCA). Bona moennye B co0i METOA YCTaHOBKH ITOpOra JUIsl HEOJHOPITHHMX MIISHOK 1 JTUCKPETHO-KOCHHYCHE
MIEPETBOPCHHST a00 TepeTBOpeHHs Xaapa JUIsd NPUAYIICHHS CHEKITYy 1 30epeXeHHS MallopO3MIipHUX O00'€KTIB.
BunpoOyBanHsi Oynu mpoBeleHI Ha OJHOMY CHHTETHYHOMY Ta KUTbKOX peanbHux aanux PCA. Kpim mporo,
TIPE/ICTAaBIICHO AESKI Pe3yIbTaTH 110 OI[HII aJrOPUTMY Y BiIIOBIJIHOCTI i3 SKICHUMH Ta KiJIbKICHUMH KPUTEPIsIMU.
JlocmipKeHHs 3 CHHTE@30BaHUMH 1 peasIbHUMH palioioKaiiHUMU 300pa)KeHHSIMU TIOKa3aJIH, 10 3aIpOIOHOBAHUH
miaxin epexTuBHUIA y QinbTpalii crekia i 30epirae ManoradapuTHi 00'€KTH 1 TEKCTYpH.

KurouoBi cioBa: ogHomorysimose 300paxenns PCA, ¢inpTparnis crekia, MeTox piBHeBux MHOXuH, JIKII,
BUSIBJICHHS I[iJICH.
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