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Model-Based Despeckling and Information
Extraction from SAR Images

Marc Walessa and Mihai Datcu

Abstract—Basic textures as they appear, especially in high res-  In this article, we propose a new Bayesian approach for
olution SAR images, are affected by multiplicative speckle noise speckle reduction in SAR images. The emphasis lies on speckle
and should be preserved by despeckling algorithms. Sharp edges omgyal without losing textural and structural information

between different regions and strong scatterers also must be pre- hich b d . tant in SAR i int
served. To despeckle images, we use a maximunposteriori(MAP) which becomes more and more important in Image nter-

estimation of the cross section, choosing between different prior Pretation [16]. Strongly related to the task of despeckling are
models. The proposed approach uses a Gauss Markov random field methods for SAR image segmentation and feature extraction

(GMRF) model for textured areas and allows an adaptive neigh- yjelding an algorithm for SAR information extraction.

borhood system for edge preservation between uniform areas. In Filtering SAR images. especially imaces of hiah resolu-
order to obtain the best possible texture reconstruction, an expec- litering Images, pecially 1mag 9 u

tation maximization algorithm is used to estimate the texture pa- tiOn, requires a good preservation of textural features. As a
rameters that provide the highest evidence. Borders between ho- consequence, textural properties contained in the image must
mogeneous areas are detected with a stochastic region-growing al-be recognized to be accurately reconstructed in the filtered
gorithm, locally determining the neighborhood system of the Gauss image [21], [22]. For this reconstruction we propose a new
Markov prior. Smoothed strong scatterers are found in the ratio despeckling and information extraction algorithm (Fig. 1) that
image of the data and the filtering result and are replaced in the - )
image. In this way, texture, edges between homogeneous regionsUses Gauss Markov random fields (GMRFs) as texture models
and strong scatterers are well reconstructed and preserved. Addi- and takes advantage of both the first and the second level of
tionally, the estimated model parameters can be used for further Bayesian inference to obtain a maximuaposteriori (MAP)
image interpretation methods. estimate of the noise-free image. In the presence of noise,
Index Terms—Bayesian inference, Gauss-Markov random fields texture parameter estimation becomes a very difficult problem
(GMRFs), speckle noise, synthetic aperture radar (SAR), texture. since the likelihood function of the noise must be considered.
In order to obtain the best possible texture reconstruction, we
propose an iterative algorithm to estimate the parameters that
o ] o tprovide the highest evidence. These parameters are used to
LLOWING the acquisition of high resolution images Ofcajculate the MAP estimate of the noise-free image. As a matter
the Earth under all weather conditions, synthetic apertuggfact, the employed Gauss Markov model is not sufficient to
radar (SAR) systems represent a very powerful observation to9fp|ain all SAR image features. For that reason, improvements
However, automatic interpretation of the information containegte made by using information from additionally extracted
in the reflected intensity of the SAR data is extremely difficulfaatyres that can only be described by difficult to handle
[15]. These difficulties are due to the speckle phenomenon thadniinear models. These improvements contain the detection
can be regarded as a strong multiplicative noise affecting glg preservation of strong scatterers and of borders between
coherent imaging systems. Since speckle strongly hinders dalgions of uniform backscatter. While edges are preserved by an
interpretation with standard image analysis tools, many f"te&'ﬂaptive neighborhood system of the GMRF model, smoothed
have been developed to reduce speckle, e.g., [8], [10], [12]. Usrong isolated scatterers are found in the ratio image of the
ally, these filters rely on simple model assumptions, i.e., statio,r]loisy and the despeckled data and are reinserted in the image.
arity of mean and variance, yielding fast and easily computabigjs enables us to compensate for the shortcomings of a linear
results. The filter equations are often equivalent to a weightg¢hdel while exploiting its advantages of easier tractability.
average of the original pixel value and an estimated mean. It iSThe article is organized as follows. In Section II, we shortly
clear that this does not provide a satisfactory filtering of comyetch the information theoretical aspects. After a short
plex image structure even if some filters take into account Nogsminder of Bayesian inference, we present the likelihood
stationarities of the mean backscatter by applying an edge @gction of speckle and the employed prior for texture re-
tection step. Up to now, no filter is able to analyze and deteggnstruction, which is the GMRF model. Then the general
structure, or texture, in the image and to perform an adequg\p solution for this model is derived, and the model param-

. INTRODUCTION

reconstruction. eter estimation is presented. In Section Ill, necessary model
improvements are outlined. This comprises edge detection,
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SAR Image ¥ A. Likelihood Function of Speckle

¢ Tex / Edge
. - Decision

For SAR images, an assumed noise-free signial affected

O by speckle noise. This multiplicative noise, characteristic for

P Exfimation g coherent imaging systems, is of high variance compared to the

' - HaAw |0® mean image intensity. Unlike most approaches, we do not work
- Detection. - on the intensity image since the used prior proved to be more

suitable for amplitude images [23]. However, analytical calcu-
lations become more complex. The probability density function
for the likelihood of the observed square root of the intensity
y = z - s can be found to be [7]

Despeckled Image, Edge Map,

GRMF P S AN Lt INEAY 4
arameters, Scatterers — = — =
plyle) (x) z[(L) exp< (x) ) )

Fig. 1. Flowchart of the full model-based despeckling (MBD) and information )
extraction algorithm. After the egivalent number of looks (ENL) estimatiovhere L denotes the equivalent number of looks (ENL). For

and the removal of strong scatterers, textural properties, flat areas, and edges- 1 the highest noise level is observed, and the noise vari-
are determined in the form of the parametérs, 85, andy, respectively. ' '

This information is combined to generate a locally adaptive, edge- afdice decreases with growing. For typical spaceborne SAR

texture-preserving MAP estimate. In a postprocessing step, blurred targetspreducts, not considering single-look dafais around three.
detected and restored.

. : . . B. GMRF Texture Prior
existing approaches using much simpler model assumptions.
We conclude the article in Section V with a short summary. 10 be able to preserve texture, we have chosen the GMRF
model, which represents an autoregressive process, as our prior

Il. BAYESIAN SAR IMAGE ANALYSIS for x [17]. Although there are many more powerful nonlinear

models, this model is used because of its better analytical

In order to filter out speckle, the rules of Bayesian inferengg, oapility. The probability density function of the stochastic
[13], [20] are used, i.e., we try to estimate the noise-free imaga rRE model is given by

that best explains the noisy observation assuming some prior in-
formation. In our case, the prior comes in the form of a texture 2
model. Using the Bayes equation at the first level of inference 9

. . . . . . X — Z j.’L’j
(the equation is given here for a single pixel, i.e., for local char- £

acteristics, which is justified by the Gibbs—Markov equivalence p(z|x,, 8) = exp | — J€n2 (5)
(5], [6]), we get 2ro? 20
p(ylz, ) p(x|6)
The following proportionality is found: wheref; ando are model parameters describing textural infor-
mation and the prediction uncertainty of the model, respectively.
p(zly, 8) o< p(y|z, 8)p(x(6). (2) A neighborhood system around a central pixés denoted by

By x, we denote a noise free pixel of the imagedescribes a > and its size determines the complexity of the model. A precise
pixel of the noisy observation, i.e., the SAR image, anddby description of neighborhood systems and orders can be found in
we take into consideration the influence of a particular modil. [18]. We employ the definition of the neighborhood system
or, more precisely, of the model parameters. (2) must be maecording to Fig. 2. In the following, we use the vector notation
imized as a function of: in order to obtain a MAP estimate.@: With its dimension depending on the size of the considered
Concerning the likelihood function, we use the hypothespgighborhood to denote the set of texture paraméteasido.
p(ylz, 8) = p(y|x) throughout the whole article. Two realizations of GMRFs are shown in Fig. 3 with= 4 and
Nonetheless, the power of the Bayesian approach lies if & (91, 93’ Os, 64) = r(0-157 9-45; —0.15, 0.05) (left) and
second step, allowing us to choose the best model from a grduig= (0-125, 0.125, 0.125, 0.125) (right), respectively. In the
of models. The same scheme applies for model paramet&owing, we also use the vector potauﬂnw_th its dimension
[3] and is, again, equivalent to computing the MAP estimat@epending on the size of the considered neighborhood to denote

Hence, assuming a uniform prig(@), we find an equivalent the whole set of texture parametégsando. _
equation Linear autoregressive models are rather limited in their ca-

pability to describe complex features as will be illustrated in
p(0y) x p(y|0) = /p(y|x)p(x|o) dx (3) the nextsection. Nevertheless, complexity increases with model
order, i.e., with the neighborhood size, and is found to be suffi-
where the integral must be performed over the whole spagient for a good number of textures contained in SAR images.
of x in order to obtain the so-called evidence. The vectdihe main drawback lies in the inability to model sharp transi-
notation for x and y denotes whole sets of pixels, e.g.tions. To overcome this problem, we propose the use of an adap-
x = (xg, -+, TN_1)- tive neighborhood system with model selection.
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neighboring pixels:; via @, an iterative algorithm must be ap-
plied for relaxation [14]. In our case, a few iterations of a simple
steepest descent algorithm with= y as initial guess provided
good results. As demonstrated in Fig. 4, convergence to a stable
solution is reached after three to five iterations.

D. Model Parameter Estimation

Knowing the solution for the MAP estimate of the noise-free
signal given the parameters, the problem remains how to
choose the values of the model parameter vettdo solve this
problem, we take advantage of the second level of Bayesian
inference to estimate the set of parameters that best explains
the noisy imagey for a given speckle noise levél [3]. Using
Fig-b2- dDefirLition Ofl the empl?jyed nﬁigﬂborhood system. T}araméaemeh the vector notation to consider a set of data within a window
T e oo s o i 581410 1 nd assuming a uriform prigi(0), we have to maximize the
fifth order model of 12 parametets. ewdence given in (3). The integration must be performed over
the whole space of, generally an unsolved problem for higher
dimensions ok, which depend on the estimation window size.

Note that the right-hand side of (3) is identical to the normal-
ization constant neglected in (2). This term called evidence re-
flects the probability of the dagagiven an assumed model char-
acterized byd. The actual task consists in maximizing this evi-
dence as a function & This maximization is usually very dif-
ficult to perform, especially for non-Gaussian multidimensional
functions that often occur in image processing. A closed analyt-
ical expression for the integral over the postepty|x)p(x|€)
cannot be obtained. So several approximations are needed to
make the problem tractable again, unless a computational, very
demanding Markov Chain Monte Carlo (MCMC) means [11] is

used. We make the following simplifications.
Fig. 3. Two typical example textures synthesized with different parameter sets

of the third order, i.e., considering the 12 closest neighbors, GMRF model. Left: 1) As a first approximation, the integrand of (3) is consid-

Typical wave or line structure. Right: Flat, isotropic texture. ered to consist of mutually independent random variables,
breaking the joint probability density functions into the
C. MAP Solution for GMRFs products of its components. Of course, this statistical in-

dependence is not given but has been shown to be a good
We use the likelihood function together with the chosen prior approximation for |argé\7’ ie.,a |arge number of pixe]s

to calculate a MAP estimate of the noise-free scenia a first within the estimation window, as it is similar to the max-
step, we assume that the model parameters are already known. imum pseudo-likelihood approach presented in [9], [24].
The parameter estimation is addressed in the next paragraptp) Moreover, the multidimensional probability density func-
Setting the first derivative of the logarithm of the posterior to tion is approximated by a multivariate Gaussian distri-

zero bution with HessiarH, which is centered around the
MAP estimate ofx, i.e., around the maximum of the
) T — 291'%' posterior distribution [13], [20]. This can be shown to
9 _ 2L 2Lyt €N be a good approximation for the product of the likeli-
log p(xly, x,, 0) = +— 5 ) ;
ox x x o hood function (4) and the Gauss Markov random field
=0 (6) model (5). The quality of this approximation increases

with growing values ofl. and decreasing [23].
yields a fourth order polynomial (7) with four solutions for Consequently, we find the Gaussian-shaped multivariate pos-
xmar, Which depend on the model parameter veétand the terjor
current neighborhood configuration efdenoted by,

xt— a3 Z 0;x; + 2Lo%z? — 2Lo%? = 0. @) p(y|x)p(x|) ~ Hp yilzip(zilx,, 6)
JiCn
A valid solution for zy;sp must be real-valued and positive ~ Hp Wilwininr )P (@ins s i, 6)

and can be found by a case study of the four possibly com- . -
plex-valued roots. Because of interdependencies with unknown - exp (—5 Ax HAX) (8)
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Fig. 4. From left to right: Evolution of the MAP estimate »fwith known model parameters after zero, one, three, and five iterations using a steepest-descent
algorithm.

wherez,,, .. is the MAP estimate of a pixel; obtained using preventing us from the computation of determinants of dimen-
a fixed parameter vect®; Ax = x — xyap, and the Hessian sion N x N, which are typically in the order of 21x 212. In

matrix H is given by

N
H= -VVlog <Hp(yilwi)p(wilxw 9))

this way, we need only the components on the main diagonal of
the matrixH, which are found to be given by

s 2 X Ly?
i=1 = _ .
N LTTIMAP h” = —a—x? ; —2L 10g Tj — .7,’—31
= —VV > log(p(yilz:)p(wilxi,, 8)) 9) 2
i=1 Ti=Tipap T — Z 05,21
Applying these simplifications, we are now able to perform an _ ken;
integration of the approximating function 202
p(510) = [ (s1x)p(a0) dx

Ti=Tivap

6Ly? 2L 1
=ga T2 T2

N
~ /Hp(yi|37imp IP(Zingar |Xinv 0)
i=1

- exXp (—% AXTHAX) dx
(271' N/2 N

\/|)F| Hp(yi|xi1\mp )p(

14> 6

JE;

(13)
T <
MAP

IMAP
Being able to approximately compute the evidence, the final
step for parameter estimation consists in finding the maximizing
parameter vector. To achieve this, an expectation-maximization
(EM) algorithm is used as outlined in Fig. 5 [3].

1) We start with an initial guess fd, which corresponds
to a uniform cross section, i.e., a pure amplitude average
with 8; = & for all ¢, wherex is equal to0.5/number of
parameterg,.

2) E-Step: Using the current guess thra first MAP esti-
mate ofx is calculated with (7).

Linap |xi7,7 0) (10)

Finally, since we prefer to use the logarithmic formzgf|€)
for numerical reasons, this can be expressed as

log p(y|0) = %(N log 27 — log |H|)
N
+ Z 1Og p(yi|xiMAP) + 1Og p(xiMAP |xi777 0)

Ni=1 3) The evidence fokyap and@ is computed using the ap-
~ ) 5(log 2m —log hii) +log p(yilwi, proximations made above.
; A ) Wiliniar) 4) M-Step: Keepingxyap fixed; a new@ is iteratively

chosen to maximize the evidence.
5) This procedure is repeated from step one with the flew
whereh,; are the components of the matiik Another approx- until convergence is reached.
imation was made in this final step As a result, the maximum likelihood (ML) estimate of the
parameter vector and the maximanposterioriestimate of the
cross section are obtained simultaneously. The evolution of the
parameter estimates over several iterations of the EM algorithm

N
=1

. N o L is illustrated in Fig. 6.
This approximation is assumed to be valid since it implies that 9

all covariances resulting from this sparsely set matrix are zero
(off-main-diagonal values are neglected), being in accordance
with the already made inherent assumption of statistical inde-GMRFs are good at describing a variety of smooth textures
pendence in (8). Moreover, this simplifies practical calculationbut perform poorly when sharp edges are to be preserved. In

+ 1Og p(‘TiMAP |xi777 0) (11)

12)

I1l. EXTRACTION OF NONLINEAR MODEL FEATURES
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of homogeneous regions is limited to that value. The quality of
E-Step py|0.x ) . AR . .
the final segmentation is independent of region shape and ori-
Evidence entation.
; B. Model Selection
Simultaneous M-Step | P . . . .
estimation of [ : After having applied the texture parameter estimation and
xand 6 . 7! the edge detection steps on local windows, different estimates
. i

xmap. Of the cross section can be obtained, according to the
V]

following two assumptions.
Fig. 5. Flowchart of the EM algorithm used for texture parameter estimation . .
and MAP reconstruction. 1) We get a MAP estimate (7) using the extracted texture

parameters without any information about edges, i.e., it
is assumed that the noise-free image can be explained by
the texture model alone.

The noise-free image is assumed to consist of several re-
gions of different uniform backscatter. The image is fil-
tered using (7), together with an adaptive neighborhood
system at the region borders. The model parameters are
set to values that cause a pure averaging of the amplitude
image, i.e.f; = « for all ¢, wherer is determined by the

general, the preservation of sharp edges requires the use of non-
linear models. Since we have chosen a linear model for practicalz)
reasons, a compound solution for this problem must be found.
We use the GMRF model but extract nonlinear features with
two algorithms to afterwards adapt the GMRF model accord-
ingly or to do some other additional processing. Note that the
GMRF does not require stationarity of the mean backscatter.
Problems only arise for sharp transitions, i.e., high gradients of  ,14a| order and the number of parameters.

gray values. _ Now one must decide whether to use the edge information
To compensate for the smoothing effect at borders, we appl¥q an adaptive neighborhood system or to use the unchanged

a local edge detection based upon a region growing algorithygy,re model. The impact of this choice on the reconstruction is
Found edges are used to adapt the neighborhood Syst®m jsirated in Figs. 8 and 9 for an image without texture and a tex-
the texture model, taking into account the nonstationarity of thgeq image, respectively. It is apparent that the correct choice is
signal. Another drawback of the GMRF model is that it cann@{,cia|. Texture must be preserved, but on the other hand, edges
model small isolated features such as strong scatterer. Here, (1t not be smoothed by the GMRF model. The problem con-
other solution is proposed: strong scatterers that are smootQggy of finding out whether edges are due to texture as in Fig. 9,
by the prior model are detected and put back in the filtering rg; ;¢ they are better explained by the assumption of homoge-

sult after despeckling. neous regions, as in Fig. 8. It is clear that edges are found in

both images. However, for the reconstruction of the straw tex-
A. Local Edge Detection ture image, this information must not be used while it is indis-
h pensable for the chessboard image.

Since the evidence of the different models cannot be correctly
evaluated, we adopted a different and much simpler approach to
make this choice: The assumption of an area composed of dif-
1 ferent regions of uniform backscatter is verified by calculating

the empirical coefficient of variatiop — 7/7 and comparing it
= iz, 14 i . . .
p(y[x) H H Plyilz:) (14) to the expected value for uniform regions. If a uniform area is
detected, assumption two is used. Otherwise, assumption one
o . . . __isvalid, leading to the corresponding reconstruction. We found
By maximizing this function, we segment the local area into , .
. S . . . this approach to work much better than approaches based on the
regions, giving us information about their borders as shown i L
. L : . ikelihood or on the cross entropy [1] of the ratio image. Even for
Fig. 7. The maximization is performed by a region growing als. . . !
; Lo : . . —difficult cases, this approach yields the more correct reconstruc-
gorithm estimating and attaching region labels to all pixels in; g Co .
. tion, as they are shown in Figs. 8 and 9, which is very important
a way that favors the formation of closed areas. The prereq%u— . ) .
. : . . - . or a good visual appearance of the filtered image.
site for having uniformly labeled regions avoiding a noisy ML
segmentation is determined by the updating scheme of the re-
gion growing technique. Starting with a random segmentatio?i;
the whole region under consideration, i.e., the local estimationStrong scatterers highly disturb the parameter estimation of
window which has a typical size of 22 21 pixels, is scanned. the texture model. The GMRF model is quite sensitive to small,
The probability (14) of each border pixel to belonging to thespecially linear features, which is usually its main advantage.
class of arandomly chosen neighbor is calculated and compalsalated targets, however, cannot be modeled by GMRFs. They
to the probability of its current class. The decision is sampledquire a nonlinear modeling. As a consequence, strong scat-
from the resulting distribution and the estimates#gito z,._;  terers immediately affect the estimated parameters and influ-
are recomputed. After this, a number of iterations convergeneece the filtering of the whole surrounding area.
is reached unlessis too high. Because we work locally on small  To circumvent this effect, we detect and remove point tar-

areas, we set = 3 in our algorithm assuming that the numbegets before parameter estimation to make the final estimate less

Assuming a local area to be composed-oégionsR; wit
uniform backscatter values, to z,._; , the likelihood of the data
can be written as [2]

=0 jER;

Preservation of Strong Scatterers
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Fig. 6. Iterative EM estimation of the model parameters estimated from the image in Fig. 4. From left to right: Convergefgeamidd; to their final estimates.

Fig. 7. Example for edge detection using the region growing algorithm. The original image is segmented into five classes. From left to rightt Somsylate
data, map of detected edges, and overlay of original data with edge map.

Fig. 8. From left to right: Untextured noisy data, data filtered without edge information, and data filtered with an adaptive neighborhood sgstéra und
assumption of uniform cross section. The right image gives a much better reconstruction.

sensitive to their influence. This can easily be done by calcspeckle distribution. Therefore, failures of the filter are imme-
lating the ratio of the mean values of an inner and an outeiately apparent in the ratio imagg'xy ap. This motivated the
window. The mean of the inner window is set to the one of these of this ratio to detect smoothed scatterers. The original gray
outer window if their ratio is beyond a statistically determinedalues are reinserted into the filtering result, where the value of
threshold [12]. Note that the algorithm may be this simple béae ratio image is out of the range of the speckle distribution,
cause only strong scatterers whose gray values do not lie withg depicted in Figs. 10 and 11. The threshold for the scatterer
the range of the speckle distribution must be eliminated. Isdetection from the ratio image can be determined by fixing a
lated points with lower gray values can be preserved. They omgnstant false alarm rate.
slightly, or not at all, disturb the parameter estimation, becauseOne drawback of this approach must not be omitted. Scat-
they are interpreted as speckle. This indicates that the threshelers that are not eliminated in the preprocessing step influence
is a function of the equivalent number of looks the filtering. Their intensity is spread around into neighboring
Remaining strong scatterers, interpreted as noise, will pixels. As a result, the filtered image will have the original
smoothed by the MAP despeckling. This requires a postprgray values of scatterers preserved but surrounded by a slightly
cessing step after filtering. Basically, all we really know is thbrightened area.
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Fig. 9. From left to right: Textured noisy data, data filtered without edge information, data filtered with an adaptive neighborhood systemasslenien
of uniform cross section. The center image gives a much better reconstruction.

Fig. 10. Example for the detection of strong scatterers. From left to right: Noisy image including a strong scatterer, filtering result of the GRRISHéAkling
with the scatterer smoothed, ratio imaggxmar Where the scatterer reappears, and final despeckling result with the detected strong scatterer included.

200 2000 200+ 200 .—\J\\‘\A/
100p moW 100 100

Fig. 11. Corresponding profiles for the images of Fig. 10. From left to right: Noisy strong scatterer, filtering result with the scatterer sratio¢daiap,
and final result with the detected strong scatterer.

D. Model-Based Despeckling and Information Extraction are already achieved with a fifth order model which is

Before presenting several examples and comparisons in the US€d in our algorithm.

next section, we summarize the algorithm called model-based?) Areas of uniform backscatter are detected using the coef-
despeckling (MBD), illustrated in the flowchart of Fig. 1. ficient of variation, and the edge detection is applied. The
1) The algorithm requires the speckled image as input and fglsnmatec: va!;Je foo 0(; the GM dRF Is used for both the
eventually the equivalent number of looks. Otherwise, litering of uniform an textured areas. i
is estimated from the data. ) The correct model is chosen by an analysis of the ex-

2) Strong scatterers are detected and removed in order notto  racted coefficients of variation, and the eventually mod-
influence the model parameter estimation. ified parameter vector for flat ared;, or the param-

3) The model parameter vectdy; is estimated using a eter vectord,4, together with the appropriate peighbor-
sliding or partly overlapping window. Typical window hopd system, are used to calculate a MAP estimate of the
sizes used for texture detection are 121. From the noise-free image.

point of view of stationarity, this is feasible, since due to 6) After despeckling of the full image, smoothed scatterers
the texture model, no stationarity of the mean backscatter ~ are detected by analyzing the ratio imagexyiar and

is assumed as in most other filters. Neighborhood orders ~ are reinserted. The same applies for scatterers removed
may range from two to ten. More than satisfactory results ~ prior to filtering.
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Fig. 12. (Top) Speckled, (Center) MBD-filtered, and (Bottom) GGMAP-filtered test images with very different contents used for speckle fittoevahe
center parts (256 256 pixels) of the whole images (522512 pixels) are shown. From left to right: Optical image, Brodatz textures, Lena image, and Synthetic
image.

7) As a result, the filtered image, the estimated model pA: Synthetic Data Example

rameters, an edge map, and the detected point targets afigqr testimages (Fig. 12) with very different contents are used

provided for further interpretation. in order not to restrict the performance evaluation to a certain
Because of the iterative EM algorithm employed for paranjmage type. An optical image was chosen because of its similar
eter estimation and the iterative computation of the MAP eStjzene contents compared to SAR images. To test the texture
mate, the whole algorithm is rather slow. This is also due to thgeservation, we generated an image consisting of four Brodatz
calculation of the solution of the fourth order polynomial angbxtures. As atestforthe model selection, the Lenaimage is taken
the region-growing edge detection. In particular, the edge det@fnce it comprises flat areas, edges, and texture. Finally, a pure
tion algorithm can be replaced by a standard method resultingsihthetic image is used to verify the smoothing performance, the

faster computation speeds. Using partly overlapping windowsige preservation, and the reconstruction of fine details, such as
the computation time for an image of 10241024 pixels is in |ines.

the range of 30 min on a Pentium 300 machine. We tested the most frequently used filters, like the GGMAP
[12] with edge detection (window sizex/ 7), the basic Lee filter
IV. RESULTS AND EXAMPLES [10] (window size 7x 7), the EPOS filter [8] (window size ¥

In this section, we shortly present some results obtained with and a simple wavelet-shrinkage method, and compared the
the described reconstruction and parameter estimation techniffilts to the proposed MBD-Filter. All testimages are affected
and make a comparison to other commonly used speckle filtp¥.synthetic 3-look speckle noise.

For test purposes, we present a quantitative evaluation usind he following quality measures have been used for the filter
noiseless data where synthetic speckle has been added. In@argparison given in Table I.

way, we are able to compute several objective quality measuresl) MSE: Mean-square error between the filtered image and
For a pure visual evaluation, we show examples of real SAR the original noise-free data.

images using X-SAR and high-resolution data filtered with 2) Mean: Square-root of the mean intensity of the filtered
the presented model-based despeckling (MBD) algorithm and  data to be compared to the value of the original data de-
provide an example application for the extracted information. noted byy.
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TABLE | of the homogeneous areas. Also note the reconstruction of the
I,\%‘g‘E’\‘ST'IfQY'EEE'TLLEELUEEVQLI‘;AESg‘HngTETGE;Y upper right part of the leftmost image where a lot of structure is
ARE DISPLAYED IN BOLD LETTERS visible. Compared to typical satellite SAR image products the
noise level in this example is much lower with ENL 8. This
1. =109 | MBD | GGMAP | LEE | EPOS | WVT yields a better estimate of the texture parameters, hence, a better
MSE 309 399 | 346| 483 | 448 reconstruction than for 3-look images.
Mean 103 103 | 103 | 101 98 ) )
C. Information Extraction from X-SAR Data
ENL 163 175 | 124 78 23 _
Speckle 45 35| 46 26| 37 In E|g. _15, an example for X-_SAR (Space Radar La_b, 1994)
data is given. The visual quality of the despeckled image is
2. p =090 | MBD | GGMAP | LEE | EPOS | WVT rather high and similar to an optical image. Disturbing speckle is
MSE 188 375 | 331 449 | 448 completely filtered out, edges are nicely preserved in the agri-
Mean 87 87| 85 g5 78 cultural areas, and linear structures are well reconstructed by
ENL 60 62| 31 20 92 the GMRF model. A similar example_: is displayed in Fig. 16.
The mountain ranges are well explained by the texture model,
Speckle 3.3 44] 62] 40 yielding a good reconstruction. Marked areas denote regions of
3. 4 =133 | MBD | GGMAP | LEE | EPOS | WVT high scatterer density, interpreted as urban areas. The interpre-
MSE 74 1331 1661 215| 378 tation was done based on the scatterer map provided by the al-
Moon 130 97l 127 15| 193 gorithm. Having gpphed this processing on a couple of X-SAR
scenes over Switzerland, this technique proved to be very ro-
ENL 1020 288 1) 282 2 bust. Almost no misinterpretations due to layover occurred.
Speckle 3.3 38 40| 34| 46 In Fig. 17 a global segmentation of the same X-SAR image
4. =125 | MBD | GGMAP | LEE | EPOS | WVT into five classes can be seen on the left. The result was obtained
VSE 234 250 05| 390 816 by the presented region growing tech.mqge, this time working
globally on the whole image. An application for the extracted
Mean 123 19| 119] 16 110 texture parameters is demonstrated on the right. The clustered
ENL 1390 292 192 204 86 norm of the parameter vect(#| without o is displayed. Dif-
Speckle 45| 50| 3.5 ferent regions of the image can easily be distinguished in the

false-color overlay. Applying a GMRF parameter estimation
without considering noise (resulting in a least-mean squares es-
timation) either on original or on conventionally filtered data,
ives only a meaningless noisy clustering. This estimation is
gery sensitive to both remaining noise and filter-induced arti-

Imagey /X itterea- This measure should be close tothreg,, .y 1,5 the likelihood function must be considered for pa-
If the number is omitted, the measured value is Iowe”h"ilﬁmeter estimation from noisy data, as in (11)

three, indicating strong filter-induced distortions, usually
at borders or strong scatterers.

We notice that the model-based despeckling approach
dominates in many categories, especially in the MSE and thea new texture preserving despeckling algorithms has been
smoothing performance. This can be explained by its superisiesented that does not require any parameter tuning. Though
modeling, which is not relying on simple averaging based oncamputationally rather demanding compared to conventional
mean/variance analysis but on the detection and reconstruciiezpeckling techniques, even larger scenes can be processed
of features. In order to verify the preservation of structurglithin reasonable time, i.e., within a few hours. Unfortunately,
information, we depict the ratio image scaled between 0.5-XHe texture reconstruction may give unsatisfactory results in the
of the noisy data to the filtering results in Fig. 13 and compaggse of correlated speckle since the noise correlation is not con-
the MBD to the GGMAP filter, which gave the best resultgidered in the likelihood function. This problem can be solved
for the used test images. Especially for the Brodatz imagsy subsampling the data at the cost of reduced spatial resolution
considerably less structural degradation can be observed. or by a model change. The latter is still under investigation. For

Unfortunately, it is impossible to verify, if the same favorablgow speckle correlation, the results of the proposed filter are gen-
behavior of the MBD filter also applies for real SAR data sincerally of very high quality, especially where the reconstruction
the made model assumptions might not be fulfilled. A universaf texture, a strong smoothing and the preservation of edges is
quality measure for filtered SAR data, which could help to makgbncerned. Concerning single-look SAR data, the quality of the
this verification, does not exist. filtering result and the estimated texture parameters is reduced.

, , Only very strong textures can be captured in this case since the
B. High-Resolution SAR Data SNR s too low. The assumption of a Gaussian-shaped posterior

Two small parts of high-resolution SAR data are shown istill holds, although the accuracy is decreased. For products of
Fig. 14. Here the performance of the filter is clearly visible, e.gthree and more looks. However, the image quality increases sig-
in the reconstruction of the bright lines and the strong smoothingicantly.

3) ENL: Maximum smoothing in the filtered image mea
sured in a window of 3& 35 pixels.
4) Speckle: Equivalent number of looks of the whole rati

V. CONCLUSION
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Fig. 13. Corresponding ratio images of the speckled data and the filtering results of Fig. 12 are displayed (top row: MBD filter, bottom row: GEIMAP filt
From left to right: 1— Optical image, 2—Brodatz textures, 3—Lena image, 4—Synthetic image.

Fig. 14. High-resolution SAR image example. Left image of image pairs:
of image pairs: MBD-filtered data (ENE 98 and ENL= 157).

Fig. 15. X-SAR example 1, Left: Original X-SAR image (ENE 3.5, 512x 512 pixels). Right: Despeckled image obtained with the described algorithm
(ENL = 122).

The presented filter not only produces a despeckled imafgatures are well suited for further image interpretation. This is
but also provides additional information in form of texture paespecially important, as the number of SAR sensors for high res-
rameters, a scatterer, and an edge map. As demonstrated, thegmsn imagery is steadily demanding new interpretation tools



2268 IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 38, NO. 5, SEPTEMBER 2000

Fig. 16. X-SAR example 2, Left: Original X-SAR image (ENL 3.5, 512x 512 pixels). Right: Despeckled image using the described algorithm ERSEZ1).
Marked regions are urban areas obtained by thresholding the density of detected point targets.

Fig.17. X-SAR example 3: Left: Global backscatter segmentation of original data into five classes using the described region growing techhiguestRimg
of the norm|@| of the extracted parameters into five classes (lake, city, valley, higher mountains, and lower mountains).

and new image archiving systems based on retrieval by imagef3]
content techniques. We think that one step in this direction has

been made with the proposed approach, whose output can be
used directly in such systems [19]. [4]
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