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ABSTRACT

This paper presents a Polarimetric SAR data speckle filtering

technique, based on a combined filtering in the spatial and po-

larimetric domains. It is based on a bilateral filtering employ-

ing distance measures over these domains. These measures

concentrate all the information related to the domain struc-

ture that is needed for an adaptation to the scene morphology.

A weighted average is performed over a given window favor-

ing closer and similar pixels. As a consequence, an adaptive

filtering is achieved, attaining higher filtering over homoge-

neous areas whereas point scatters remain almost unchanged.

Results will be shown over a real RADARSAT-2 data.

Index Terms— Synthetic Aperture Radar (SAR), SAR

Polarimetry (PolSAR), Speckle Filtering, Bilateral Filter

1. INTRODUCTION

Polarimetric Synthetic Aperture Radar (PolSAR) is a type of

multidimensional SAR system that exploits the vectorial na-

ture of the electromagnetic waves to obtain diversity. Differ-

ent combinations of the transmitted and received echo polar-

ization are employed to obtain a better characterization of the

target. It has demonstrated its usefulness to extract geophysi-

cal and biophysical information from the Earth surface.

However, the exploitation of PolSAR data has to cope

with the added difficulty of the speckle noise. Although the

speckle is a true electromagnetic measure, it has to be con-

sidered as a noise since it can not be predicted due to its

complexity, and it has to be characterized statistically. Tra-

ditionally, under the complex Gaussian PolSAR data model,

the estimated covariance matrix Z is employed

Z = 〈kkH〉n =
1

n

n∑
i=1

kikH
i (1)

where ki represents the scattering vector of the i-th pixel

among all the acquisitions, n represents the number of pixels

and H represents the complex hermitian transpose.
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The main challenge when applying a statistical estimator

is that it has to be employed over an homogeneous area of

the data, but real PolSAR data is strongly inhomogeneous as

it reflects the complexity of the scene. Consequently, some

state-of-the-art speckle filtering techniques try to adapt to the

image structure in order to avoid mixing heterogeneous re-

gions of the data [1][2][3]. In this paper, a new approach fol-

lowing the same direction is proposed, based on the bilateral

filtering [4][5], which performs a weighted average instead of

(1) in order to adapt to the image structure. This adaptation

is performed by adjusting the weights extending the idea of

locality to both, the spatial and the polarimetric domains.

2. BILATERAL FILTERING

As mentioned before, the estimation of Z presented in (1)

only makes sense over homogeneous areas of the data. The

multilook filter, as the simplest approach, assumes spatial lo-

cality and defines a rectangular window around each pixel as-

suming that all the samples within the window are homoge-

neous. As a result, the obtained Z values over homogeneous

areas will be correctly estimated employing n samples, de-

fined by the window size, but the results will not be valid over

contours or near point scatters, where inhomogeneous sam-

ples may be present within the fixed window. This effect may

also be seen as a resolution loss, since, in fact, the multilook

is a low-pass filter.

Bilateral filtering [4] incorporates the domain locality in

addition to the spatial locality. For PolSAR data, it can be

considered that homogeneous pixels will not only be located

closely in space but also that they will have similar polarimet-

ric values. In other words, it is also considering the polari-

metric locality. Then, the idea is to average preferably sam-

ples close in both, the spatial and the polarimetric domains.

Accordingly, a weighted average is performed, adjusting the

weights depending on the closeness on both domains. The fil-

tered covariance matrix Zij at position (i, j) can be expressed

as

Zij = k−1(i, j)
∑
m

∑
n

Z̃mnws(i, j,m, n)wp

(
Z̃mn, Z̃ij

)
(2)

where m,n ∈ V (i, j) and V (i, j) represents the local win-
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dow around the pixel located at (i, j), Z̃ij represents the in-

put covariance matrix of that pixel, ws is a weighting function

depending on the spatial domain, wp is a weighting function

depending on the polarimetric domain and k is the normal-

ization factor to preserve the radiometric power information

k(i, j) =
∑
m

∑
n

ws(i, j,m, n)wp

(
Z̃mn, Z̃ij

)
. (3)

In order to exploit the spatial and polarimetric locality,

as proposed before, ws and wp should be defined having the

following properties:

1. ws and wp are within the interval [0, 1], being higher for

closer values in the spatial and polarimetric domains,

respectively.

2. Then, it is assumed that ws(i, j, i, j) = 1, ∀ i, j and

wp (Z,Z) = 1, ∀ Z.

3. To ensure that no global bias is introduced, ws and

wp should be symmetric, that is, ws(i, j,m, n) =

ws(m,n, i, j) and wp

(
Z̃mn, Z̃ij

)
= wp

(
Z̃ij , Z̃mn

)
for all possible values of i, j,m, n.

In this work, we propose the formulation of ws and wp

based on two different distances for the spatial and the polari-

metric domains

ws(i, j,m, n) =
1

1 +
d2
s(i,j,m,n)

σ2
s

(4)

wp

(
Z̃mn, Z̃ij

)
=

1

1 +
d2
p(Z̃mn,Z̃ij)

σ2
p

(5)

where σs and σp represent the weights sensitivity, and ds and

dp are the distances in the spatial and polarimetric domains,

respectively

d2s(i, j,m, n) = (i−m)2 + (j − n)2 (6)

d2p

(
Z̃mn, Z̃ij

)
=

(
p∑

k=1

(
(Z̃mn

kk )2 + (Z̃ij
kk)

2

Z̃mn
kk Z̃ij

kk

)
− 2p

)
(7)

where Zij is the index notation for the (i, j)th element of the

p by p matrix Z.

Note that d2s is the squared Euclidean distance and d2p de-

fined in (7) is based on the diagonal revised Wishart measure

defined in [3]. Some additional measures are defined and an-

alyzed in [3], but we will consider only diagonal measures,

since the estimated covariance matrix Z̃ = kkH for the origi-

nal pixels is singular, having rank equal to one.

As opposite to the classical multilook filtering, having a

constant number of averaged pixels, the bilateral filtering will

have, in general, a different number of averaged samples for

each pixel. However, this information may be directly ex-

tracted from the k(i, j) parameter (3), which is available for

the interpretation of the results.

3. ITERATIVE REFINEMENT APPROACH

When applying the bilateral filter defined in Section 2 over

PolSAR data, all the samples within the local window V (i, j)
will be weighted according to their proximity in the spatial

and polarimetric domains with the central pixel. However,

since SAR data is highly affected by speckle, the noise of this

central pixel value will have a great impact on the calculated

wp weights, resulting also in a noisy filtered image. To miti-

gate this effect, an iterative approach is proposed, employing

the result of one iteration to calculate the weights in the next

iteration, which is represented on Fig. 1.

Fig. 1: Iterative refinement approach diagram.

CBL stands for cross-bilateral filter [6], which corre-

sponds to the bilateral filter defined in (2) when the weighted

averaging is performed over the input image in while the

weights are calculated over the reference image ref

Zij
out = k−1(i, j)

∑
m

∑
n

Z̃mn
in ws(i, j,m, n)wp

(
Z̃mn

ref , Z̃ij
ref

)
.

(8)

Note that the scheme presented in Fig. 1 is not an iterative

filtering, since at each iteration the original image Img 0 is

filtered. Instead, it is an iterative weight refinement scheme.

Iterative filtering will have the disadvantages of propagating

errors and resulting in an almost unusable k parameter, en-

cumbering further data analysis and interpretation.

4. RESULTS

In this work, the proposed bilateral filtering scheme has been

employed to process a RADARSAT-2 Fine Quad-Pol image

corresponding to a test-site in Flevoland, the Netherlands.

The data was acquired on April 4th, 2009, with the beam

FQ13, during the ESA AgriSAR 2009 campaign, and is pre-

sented in Pauli RGB composition in Fig. 2a. The scene is

composed mainly by an area of agricultural fields and some

sea surface and urban areas. Fig. 2b presents the filtered im-

age employing the proposed bilateral filter with σs = 3 and

σp = 0.6, employing a 11x11 pixel local window V and with

5 iterations of the proposed weight refinement scheme.

Fig. 3 shows a comparison of the filtered image Fig. 2b

with the 7x7 multilook filtering. The resolution loss implied

by the multilook filtering over the contours may be clearly

seen when comparing Figs. 3a and 3b. The proposed bilateral

filtering scheme has a better spatial resolution preservation

since it does not merge inhomogeneous samples over con-

tours. This effect may be inferred from Fig. 3c, where the

k parameter obtained by the filter is shown. The number of

filtered pixels over homogeneous areas is close to 40 pixels,
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(a) Original (b) CBLF, 5it, σs = 3, σp = 0.6

Fig. 2: Original (a) and filtered (b) Pauli RGB images.

as it may be seen over the fields on the top of the image or

the sea at the bottom part. However, over the contours, since

the close pixels are far away in the polarimetric domain, dp
increases and wp decreases resulting in a lower number of fil-

tered pixels k. The same effect may be seen for point targets

and small details over urban area. Note that, as a compari-

son, the equivalent k parameter for the multilook filtering is

constant 7 · 7 = 49 pixels for every pixel.

Fig. 4 shows the Entropy (H) and averaged alpha angle

(ᾱ), obtained from the eigen-analysis of the estimated co-

variance matrix Z, for the filtered images employing the 7x7

multilook and the proposed method in Figs. 3a and 3b, respec-

tively. As it may be seen, qualitatively the same values are ob-

tained over homogeneous areas, whereas the small details of

the urban area are enlarged by the multilook filtering accord-

ing to its window whereas they are kept small with the bilat-

eral filtering, since it avoids the mixture of non-homogeneous

samples, having also a better preservation of the spatial reso-

lution.

On Fig. 5 the 50-bin histograms of the k parameter are

shown for different values of σs and σp. 5 iterations have been

considered on the scheme presented in Fig. 1 on all cases.

The first row presents the effect of changing the σs parameter

over the histograms, whereas on the second row σs is fixed

and different values of σp are employed. Increasing σs im-

plies a higher number of samples filtered per pixel, as shown

on Figs. 5a to 5c. On the other hand, changing σp, on Figs. 5d

to 5f, also affects the k parameter in the same way, but in

this case the shape of the histograms is substantially changed.

Additionally, this parameter has an important impact on the

contours preservation, since a too large value may imply a

mixture of inhomogeneous samples, while a too small value

will imply a low filtered result. Nonetheless, note that the pro-

posed filtering tends to the multilook filter over the window

V when σs → ∞ and σp → ∞.

To make a quantitative evaluation of the filtering tech-

(a) 7x7 multilook (b) CBLF result

(c) CBLF k parameter

Fig. 3: 7x7 multilook (a), filtered (b), and number of pixels

averaged, the k parameter (c), detail images from Fig. 2.

nique, simulated data is generated and processed, as described

in [7]. A 512x512 pixel crop is selected from the image,

shown on Fig. 6a, and it is segmented with the technique pre-

sented in [3], exposed on Fig. 6b, conforming the ground truth

for the simulation process. From this synthetic ground truth

25 different realizations are generated as, for instance, the one

presented on Fig. 6c. This simulated data is filtered with the

proposed method, Fig. 6d, and the result is compared with the

synthetic ground truth pixel by pixel employing the measure

ER(X,Y ) =
1

nhnw

nh∑
i=1

nw∑
j=1

‖Zij
X − Zij

Y ‖F
‖Zij

Y ‖F
(9)

where nh and nw are the image height and width in pixels and

Zij
X represents the (i, j)th pixel value of image X .

Fig. 6e presents the measure (9) for the proposed tech-

nique employing different values of σs and σp. It may be

seen that there is a minimum for every combination of pa-

rameters. However, note that ER is the average error for all

the image pixels and then the filtering over homogeneous ar-

eas is more significant than over contours since they cover a

larger amount of pixels. Hence, the optimum values shown on

Fig. 6e may not be the best in terms of contours preservation.
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(a) H, 7x7 multilook (b) H, CBLF

(c) ᾱ, 7x7 multilook (d) ᾱ, CBLF

Fig. 4: Entropy (H) and averaged alpha angle (ᾱ) for 7x7

multilook and the proposed bilateral filtering method.

5. CONCLUSIONS

In this paper a new PolSAR speckle filtering technique is

introduced, based on the bilateral filtering. This technique

is able to achieve good filtering, comparable to the classical

multilook filtering, while also being able to preserve contours

and small details. A weighted average is performed favor-

ing similar pixels in the spatial and polarimetric domains.

To evaluate the closeness in these domains a distance based

metric is employed, which concentrates the domain structure

knowledge. As a result, a different number of samples is av-

eraged for every pixel of the image. However, this value may

be extracted from the k parameter of the filter, being available

for further interpretation or information extraction.
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