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ABSTRACT:

Polarimetric Synthetic Aperture Radar (PolSAR) imagery is a valuable tool for Earth observation. This imaging technique finds wide
application in various fields, including agriculture, forestry, geology, and disaster monitoring. However, due to the inherent presence of
speckle noise, filtering is often necessary to improve the interpretability and reliability of PoISAR data. The effectiveness of a speckle
filter is measured by its ability to attenuate fluctuations without introducing artifacts or degrading spatial and polarimetric information.
Recent advancements in this domain leverage the power of deep learning. These approaches adopt a supervised learning strategy,
which requires a large amount of speckle-free images that are costly to produce. In contrast, this paper presents POISAR2PoISAR, a
semi-supervised learning strategy that only requires, from the sensor under consideration, pairs of noisy images of the same location
and acquired in the same configuration (same incidence angle and mode as during the revisit of the satellite on its orbit). Our approach
applies to a wide range of sensors. Experiments on RADARSAT-2 and RADARSAT Constellation Mission (RCM) data demonstrate
the capacity of the proposed method to effectively reduce speckle noise and retrieve fine details. The code of the trained models is made
freely available at https://gitlab.telecom-paris.fr/ring/polsar2polsar. The repository additionally contains a model
fine-tuned on SLC PolSAR images from NASA’s UAVSAR sensor.

1. INTRODUCTION

As an active remote sensing technique, synthetic aperture radar
(SAR) imagery allows to capture high-resolution images of the
Earth’s surface independently of the day-and-night cycle. Acqui-
sition configurations (single-pass, multiple-pass, . . . ) and propri-
eties of electromagnetic (EM) waves (various frequencies, po-
larization states, ...) are exploited to meet the requirements of
specific Earth observation applications. Polarimetric SAR (Pol-
SAR) exploits the distinct responses and depolarization proper-
ties of scattering elements to different polarizations of the in-
cident waves, enabling enhanced discriminative properties and
thus a more detailed analysis of terrain, vegetation, and man-
made structures. It is now a well-established imaging technique
for forestry (forest mapping, classification ... ), wetland obser-
vation, agriculture, cryosphere, or urban applications [Irena Ha-
jnsek, 2021]. However, due to the presence of speckle caused by
the coherent summation of backscattered waves within a resolu-
tion cell, SAR images are difficult to interpret and a filtering step
is often necessary.

Given the possibilities offered by SAR imagery, the development
of speckle-removal methods has received a lot of interest from the
image-processing community over the past decades. A large vari-
ety of techniques has been proposed since the 70s. Spatial domain
filtering methods were the first to emerge with the boxcar fil-
ter (moving average) and the use of spatially-adaptive windows.
They aim to reduce the variance of the speckle fluctuations by av-
eraging measurements from the surrounding pixels. They can be
divided into two major branches: local methods [Lee, 1980, Kuan
et al., 1985/|Lee, 1981al/Sahel Mahdavi and Brisco, 2018|, ex-
ploiting statistics estimated from a small neighborhood centered
around the pixel of interest, and patch-based methods [Deledalle
et al., 2009,|Chen et al., 2010, Parrill1 et al., 2012, Deledalle et

al., 2014a}Deledalle et al., 2014b\|Chen et al., 2018} |Shen et al.,
2021]] which exploit the redundancy in images by considering
similar patches within a much larger search window. Transform
domain filtering methods [Gleich and Datcu, 2009, Bhateja et al.,
2015[Swamy and Vani, 2016} /Singh and Shree, 2018] involve
the use of a mathematical transform, such as wavelet transform,
to map the noisy image from its original domain into a domain
where its characteristics are more easily separable. Variational
methods [Aubert and Aujol, 2008|[Bioucas-Dias and Figueiredo,
2009,|Denis et al., 2009} /Steidl and Teuber, 2010] rely on statis-
tical models of SAR images to express the filtering problem as
the optimization of the sum of a data-fidelity term and a regular-
ization term. The optimization problem is then solved using an
iterative algorithm. All the techniques mentioned so far are now
referred to as conventional techniques in opposition to the more
recent learning techniques based on deep neural networks.

Although conventional methods include sophisticated techniques
that have shown good performances in SAR image restoration, as
spatial and channel dimensions increase, the computing time to
restore complex covariance matrices increases considerably. Due
to this limitation, during data post-processing for real applica-
tions requiring fast computation, it is still common practice to use
local filters despite their flaws (resolution loss, residual noise, im-
pact of strong scatterers. . . ). However, as we move towards ap-
plications requiring high-resolution images, methods preserving
fine image details are necessary. There is indeed a need for rapid
image processing across extensive areas with minimal informa-
tion loss, especially in applications such as natural disaster mon-
itoring. Deep learning methods emerge as promising approaches
to meet these conditions. They are known for their fast inference
time and for achieving state-of-the-art performance for many im-
age restoration tasks. These methods have been rapidly consid-
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Figure 1: Despeckling block based on residual learning with the DRUNet deep neural network.

ered for single-channel SAR image filtering, where the goal is
to retrieve the speckle-free reflectivity of a scene from an ob-
servation corrupted by speckle [Argenti et al., 2013]. The su-

pervised learning strategy has been explored first [Chierchia ef]

al., 2017]]. Such a strategy requires a large set of noisy/noise-
free pairs to learn the denoising task and better generalize to un-

seen data. This poses some challenges for SAR image restora-
tion since speckle is an inherent characteristic in SAR imagery,
meaning that speckle-free SAR images cannot be acquired. As
a solution, optical images have been employed as ground-truth

[Wang et al., 2017bl[Gu et al., 2017|[Ferraioli et al., 2019[Wang|
et al., 2017a], and noisy images were created by adding synthetic
noise following the Goodman statistical model of fully-developed
speckle [Goodman, 1984]. The methods based on this procedure
perform however poorly on real SAR images due to the domain
gap between the real and simulated images, the two major causes
of discrepancy being the spatial correlation in actual speckle in-
troduced by the Point Spread Function (PSF) of the SAR imaging
system and the specific content of SAR images (e.g., strong re-
flectors and geometrical distortions).

To better account for real-noise statistics [Gu et al., 2019] has

proposed to generate noise using a Generative Adversarial net-
work trained with patches representing homogeneous areas to re-
produce realistic speckle noise relative to a target SAR sensor.
In [Chierchia et al., 2017], the authors address both speckle noise
and SAR image content peculiarities by incorporating real SAR
images into their training set. A large time series of co-registered
images of the same scene is exploited to obtain almost speckle-
free images by means of temporal averaging. Noisy counterparts
are then available in areas with minor changes in the temporal
stack. This strategy leads to a model adapted to images of the
chosen sensor which may, however, not be generalizable to other
sensors and the reliance on a time series restricts its applicability
to only a subset of the existing sensors. To overcome the need
for extensive datasets and to consider the unique characteristics
of SAR imagery, researchers have adopted self-supervised strate-

gies. Notably, the Noise2Noise strategy [Lehtinen et al., 2018

has proven to be successful in this domain [Ma et al., 2020, Davis|
let al., 2020, Dalsasso et al., 2021} Dalsasso et al., 2022]]. The

authors of [Lehtinen et al., 2018 have shown the feasibility of
achieving a good denoiser by using only pairs of noisy images
depicting the same scene with independent noise, serving as in-
put and reference images. The rationale of this approach is that
the network can not guess the independent stochastic noise real-
ization in the second (reference) image based solely on the first
(input) image. The output the closest, on average, to a new noisy
observation corresponds to the denoised image. In the context
of SAR imagery, temporal pairs with sufficient speckle tempo-
ral decorrelation have been considered, and various approaches
have been explored to address scene changes between two dates.

In [Davis et al., 2020], the authors trained their model by min-

imizing a least-squares error with pairs of coregistered images
taken at least 90 days apart, ensuring sufficient speckle decorre-
lation. However, this paper neglects potential changes between
the two dates. In [Ma et al., 2020], a pixel-wise similarity mea-
sure between the input and the reference is introduced to con-
trol the contribution of a pixel in a weighted least-squares error.
SAR2SAR [Dalsasso et al., 2021]] employs a loss derived from
the statistical distribution of the SAR image, making it grounded
for SAR speckle reduction. The temporal evolution of the scene
is handled with a change compensation process that allows the
exploitation of all pixels in the computation of the loss. Further-
more, the model has been shown to converge faster with the cho-
sen loss compared to the least-squares error, reducing the number
of training samples needed to reach optimal performances. The
authors of [Dalsasso et al., 2022]] have leveraged the statistical
properties of a single-look complex (SLC) SAR image, where
the real and imaginary parts are corrupted by independent fluc-
tuations while representing the same underlying scene, showing
that a self-supervised training strategy can be effectively devel-
oped by only relying on a single SLC image.

While significant progress has been made in deep learning train-
ing strategies for single-channel SAR despeckling, efficiently ac-
commodating SAR imagery peculiarities with a small dataset,
these advances have not yet reached the more complex case of
PoISAR image restoration. Currently, existing works on the
subject predominantly emphasize the design of networks and
loss functions and still resort to supervised learning strategies
[Mullissa et al., 2022}[Tucker and Potter, 2022al|Lin et al., 2023,
with all the inconveniences mentioned earlier. This paper extends
the semi-supervised SAR2SAR framework to PoISAR images.
Our contributions can be summarized as follows:

1. We propose PoISAR2PoISAR, a PolSAR image despeck-
ling method robust to the spatial correlations of the speckle
present in SAR data (Figure[3).

2. We overcome the barrier posed by the need for a large
amount of ground-truth images to develop an efficient de-
speckling model for real PolSAR images by proposing
the first DL-based despeckling method trained in a semi-
supervised manner.

3. To further minimize the need for an extensive dataset to
reach good performances, we derive our loss function from a
statistical model of polarimetric speckle in order to leverage
the efficiency of maximum likelihood estimators.

4. We make the code freely available for reproducible research
athttps://gitlab.telecom-paris.fr/ring/polsa
r2polsar.
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2. BACKGROUND
2.1 SAR statistics

SAR images are acquired using coherent electromagnetic waves.
A SAR imaging system sends coherent electromagnetic waves
and forms a complex-valued image by collecting the echoes
backscattered by the imaged scene. A radar system that can send
and/or receive electromagnetic waves at different polarizations
is referred to as polarimetric radar, and we refer to polarimetric
images as multi-channel SAR images (in opposition to single-
polarization SAR images, which are single-channel). Fully po-
larimetric images are acquired when the horizontal (H) and verti-
cal (V) polarizations are exploited both in transmission and recep-
tion, allowing to collect the HH, HV, VH and VV signals (leading
to a 4-channel SAR image) [Irena Hajnsek, 2021]|. Each pixel in
the image corresponds to an area on the ground known as the res-
olution cell (i.e., the smallest area on the ground that the radar can
resolve). The echo measured, after SAR focusing, at a given im-
age pixel is the result of the coherent summation of the responses
of all the elementary scatterers within the corresponding resolu-
tion cell. As each scatterer conveys an echo characterized by a
phase that depends on the position of the scatterer within the res-
olution cell, the waves involved in the summation interfere either
constructively or destructively. The outcome of this interference
is unpredictable due to the random arrangement of scatterers, and
it is therefore modeled by Goodman in [Goodman, 1984] as a
random walk in the complex plane. This phenomenon is known
as speckle and it is responsible of strong fluctuations in the am-
plitude of the acquired image.

According to Goodman’s model of speckle, the scattering vec-
tor k € C? at a pixel of a d-channel SAR image is distributed
according to a d-variate complex circular Gaussian distribution
N:(3), described by the following probability density function
(pdf):

p(k|Z) = exp (—k"X7'k) (1)

1
|3
where * refers to the Hermitian transpose and |X| denotes the
determinant of the covariance matrix 3 = [E[kk"] containing
all the polarimetric information of interest. This model is known
as the fully-developed speckle model. It has been widely used
in the development of speckle removal methods with the addi-
tional assumption that the pixels of the image are spatially inde-
pendent. This assumption does not hold in practice, as the im-
pulse response of the SAR system is not punctual, and spatial
correlations of the speckle occur between adjacent pixels. These
correlations impact negatively the performance of methods built
upon the assumption of spatial independence, leading to spurious
artifacts in the estimated image. Therefore, it is essential to take
into account the influence of the PSF when developing a speckle
removal method.

To simplify the notations in the following sections, a variable X
will be used to refer to a pixel of an image [X] when indexes are
irrelevant, and any operation applied to [X] has to be understood
as pixel-wise operation.

2.2 Semi-supervised despeckling of single-channel images:
the SAR2SAR framework

The goal of single-channel SAR despeckling is to estimate the
n-pixel reflectivity image [R] € RZ of the scene starting from
an n-pixel intensity image [I] € R’ corrupted by speckle noise
[S]. Under the Goodman assumptions, this intensity follows a

Gamma distribution with expectation [R)] and variance [R]?/L,
leading to the following pdf [Xie et al., 2002]:

LL L—-1

PIR) = frir exp(~Lg)

)
where I is the Gamma function and L. > 1 is the number of
looks (L > 1 indicates that the image is the result of a spatial or
temporal incoherent averaging, referred to as multilooking). The
dependence of the variance on the reflectivity suggests that the
speckle is a multiplicative noise. A multiplicative noise model of
the intensity I is defined in [Lee, 1981b] as

I=RxS 3)

SAR2SAR is a deep learning method that adapts the Noise2Noise
[Lehtinen et al., 2018] training strategy to SAR image despeck-
ling. Noise2Noise involves training a denoiser using only pairs
of noisy images drawn independently from a distribution con-
ditioned to the same underlying ground-truth. This approach
falls into the category of self-supervised learning strategies, elim-
inating the need for clean data. It is particularly relevant in
SAR image restoration, where obtaining clean images is either
unfeasible or associated with high production costs (temporal
averaging) or a loss of valuable information (spatial resolution
degradation). By employing the Noise2Noise training strategy,
SAR2SAR tackles the challenge posed by the lack of clean data
in SAR imagery by training a network on real speckle-corrupted
images, thereby adapting to the spatial correlation structure of the
speckle observed with the sensor under consideration. As often
done when filtering SAR images, SAR2SAR considers the im-
ages in the log-domain where the noise becomes additive and
stationary (variance independent from the reflectivity) and the
high dynamic range of SAR images is compressed. The log-
transformed intensity [y] = log([I]) € R" follows a Fisher-
Tippet distribution given, at each pixel, by [Xie et al., 2002]:

L
—F(L) el y—x) exp(—Le¥ ™) “)

p(ylx) =
where x = log(R) € R. The training is carried out using tempo-
ral pairs of log-intensities (y1,y2) and minimizing the negative
log-likelihood:

—log(p(ly2]l[&a]) = LY _[Kal + exp([y2le — %) )

+ const,

with [%1] the network’s estimation of the underlying log-
reflectivity from [y:] and const is a constant irrelevant to the
optimization problem. As well as being more adapted to SAR
statistics than the classical squared error loss, the selected loss
function has been shown to accelerate the convergence of the net-
work due to the statistical efficiency of the maximum likelihood
estimator. The use of temporal pairs widely available thanks to
the revisit of the satellite calls for some additional considerations
to align with the prerequisites of the Noise2Noise approach. In-
deed, since speckle is directly linked to the configuration of ele-
mentary scatterers within the resolution cells, the pairs must be
sufficiently separated in time to obtain decorrelated realization of
speckle; however, major changes may also occur in that interval.
SAR2SAR takes into account these changes without reducing the
initial dataset, in contrast to the approach followed in [Ma et al.,
2020|] where a weighted loss discards pixels presenting changes
from the optimization. The change compensation process needs
pre-estimates of the reflectivity of the scene at the dates being
processed and is expressed as follows. Let ([y1], [y2]) be a pair



of log-intensities of the same scene taken at different dates ¢; and
ta, and ([X1], [X2]) be pre-estimates of the log-reflectivity of the
scene at ¢1, respectively ¢2. Then the changes in [y2] compared
to [y1], except for the speckle fluctuations, are suppressed in the
corrected image [y2] — [X2] + [X1]. The closeness of this cor-
rected image to [y1] depends on the quality of the estimates [X1]
and [X2].

To integrate change compensation into the training process with-
out depending on another despeckling method, the complete
SAR2SAR framework is divided into three steps: A, B, and C.
In Step A, the model is trained on synthetic noise using pairs
generated by adding two independent speckle realizations to a
speckle-free image (with no changes to compensate). In Steps B
and C, the model is refined to adapt to the statistics of real noise.
This adaptation is achieved using temporal pairs of real SAR im-
ages in which changes are compensated with estimates generated
by the model trained at the previous step.

3. PolSAR2PoISAR
3.1 PolSAR despeckling

The polarimetric acquisition mode uses the different linear polar-
ization states of electromagnetic radiation, involving both trans-
mission and reception in different polarization states. The out-
come is a 2 X 2 complex-valued matrix

( S Svm ) ©)

SHV SVV

This matrix, known as the Sinclair scattering matrix, character-
izes the response for each resolution cell. Here, H and V' denote
horizontal and vertical linear polarizations, and Sxy represents
the result for transmitting in X and receiving in Y. To extract
physical information more effectively from the observed data, the
Sinclair scattering matrix is often represented as a vector in alter-
native bases, such as the Lexicographic basis. In this basis, the
corresponding vector k is defined by [Irena Hajnsek, 2021]:

k= (Suu, V2Swv, Svv)' (7

where * denotes the transpose operator and the term Sy g is
dropped due the reciprocity property Sv g ~ Sgv verified in
monostatic configurations. As stated in Section 2.1} all the valu-
able information that can be provided by k is encoded in its co-
variance matrix 3 = E[kk*] € C**. Despeckling a PoISAR
image consists of estimating the Hermitian positive definite ma-
trix 3 for each pixel, starting with a preliminary estimate C de-
fined as:

1 *
C= 7 Z[k]i[k]i ®)
1€Q

where 2 represents a neighborhood of L pixels centered around
the pixel of interest. In the rest of the paper, the term PolSAR
image will refer to an image in which each pixel is represented by
a covariance matrix. According to [Goodman, 1963|], C follows a
complex Wishart distribution parametrized by 3 and L, denoted
as W(X, L). The pdf, defined for L > d, is given by:

LL(i|c|L—d
ClY)=—F+ =+

with d the length of k, here equal to 3. This leads to the decom-
position:

exp (—Ltr(27'0)) ©9)

C =xY?sxl/? (10)

where S, which follows the Wishart distribution W(Id, L), rep-
resents the pure speckle component (see the proof section [3.4).

3.2 Loss definition

Similar to SAR2SAR, we consider pairs of PoISAR images in
the log-domain for training. Since we handle covariance ma-
trices at each pixel, matrix logarithms are applied. The log-
transformed covariance matrix C = log(C) follows the Wishart-
Fisher-Tippett distribution, characterized by the pdf [Deledalle et
al., 2017

Ldg( & . . =
p(C|E) = Lif(c)em(cfz) exp (—L tr(ecefz)) (11)

La(L)
where 3 = log(X) and f(C) is a normalization factor that in-
volves the Jacobian of the matrix logarithm. Like C and X, both
C and ¥ are Hermitian matrices (yet, they are not positive defi-
nite). Therefore, they possess d* degrees of freedom correspond-
ing to the real and imaginary parts of their upper (or lower) tri-
angular portion. Using the bijective transform « : C?*¢ — ]Rdz,
which maps d x d Hermitian matrices to their d> real-valued de-
grees of freedom [Deledalle et al., 2017], the problem of learning
to restore complex-valued Hermitian matrices is reduced to learn-
ing to restore real-valued vectors. For that purpose, we minimize
the negative log-likelihood, defined as:

—logp([Cs]|[&1]) = L Ztr(f-c_l([)‘q]k) n e[éme—m—u[ilm)
k=1
—+ const,
12)

where [Cs] = log([Ca]) € C*4%¢, [%;] € R™%" is estimated
by the network from [y1] = k(log([C1])) with ([C4],[C2]) a
pair of PoISAR images of the same scene taken at two different
dates. The sum is conducted over the n pixels of the image, in-
dexed by k.

It can be observed that the POISAR2PolISAR loss function (Equa-
tion[T2) is a generalization of the SAR2SAR loss (Equation[3)) to
the more general case where a pixel is defined by a d X d com-
plex covariance matrix. In other words, the POISAR2PoISAR loss
boils down to Equation [5| when d = 1 (i.e., for single-channel
SLC images).

3.3 Data preprocessing

The spatial multilooking used for the preliminary estimation of
noise-free covariance matrices (Equation|[8) degrades the original
resolution of the images, resulting in information loss. In this pa-
per, we specifically explore the case of single-look data (L = 1),
which is more desirable for applications requiring high-resolution
images.

Unlike single-channel SAR images, the application of the loga-
rithm transform to single-look PolSAR images is not straightfor-
ward. The matrix logarithm transform is only defined for full-
rank matrices and cannot be directly applied to single-look Pol-
SAR images, where the matrices are rank-deficient. Moreover,
even if some averaging is performed, these covariance matrices
may be ill-conditioned (very large condition number) making the
loss function difficult to optimize. In summary, matrices in noisy
PolSAR images combine two undesirable properties that must be
addressed to successfully extend SAR2SAR to single-look Pol-
SAR data. To tackle these issues, the stabilization operations
proposed in [Deledalle et al., 2022] are used. To cope with the
ill-conditioning issue, the authors of [Deledalle et al., 2022|| have
proposed a rescaling process for the eigenvalues, which restricts

TRADARSAT is an official brand of the Canadian Space Agency



(a) Real noisy image

(b) model A

(c) Downsampling + model A + upsampling

Figure 2: Limitations of the model trained on synthetic data: (a) an actual noisy PolSAR image from our time series corrupted by

spatially correlated speckle, Imagery from the RADARSAT

Ekionstellation Mission ©Canadian government (2010-2011), (b) restored

image by the model obtained after step A (model A) applied directly to the image in (a), (c) restored image obtained from a downsam-
pled image. None of these estimates is satisfactory: while an estimation from the initial corrupted image leads to severe artifacts, the
downsampling process applied to lessen the spatial correlation results in a loss of resolution.

the condition number to be below a fixed value. For a noisy ver-
sion [C] of a ground-truth PolSAR image [X] and a specified
upper bound c, the process is recalled below:

1. First, the eigendecomposition is performed:
C = Ediag(A)E”

with A = (A1, A2, A3) the vector of eigenvalues and E the
matrix whose columns correspond to the eigenvectors.

2. Then, for I = 1,2, 3, the rescaled eigenvalues }\z are com-
puted as:
)\l - )\min
)\max - >\min

with Amin and Amax the minimum and maximum eigenvalues
respectively, and ¢ = min(¢, Amax/Amin)

A= Amax (1 — 1/E) + Amax /C

3. Finally, a matrix with a better conditioning is obtained by
C = Ediag(A)E* with A = (A1, A2, A3).

This process ensures that the condition number of the new matri-
ces is at most equal to c. It also implies that their eigenvalues are
strictly greater than 0. Additionally, a rescaling of off-diagonal
values of each matrix [C] has been suggested to enhance condi-
tioning and enforce positive definiteness. This involves using an
estimate of the coherence matrix p € Rf_xs whose coefficients

are given by:
=]
AT j=123 (13
(=] 2L

The estimation is done by weighted averaging, utilizing weights
of a Gaussian kernel w with spatial variance 7/27:

o 161 (k)|

J (@ ) (vo ©00)

sii _

p

14)

with ® representing the convolution operator. The filtering pa-
rameter 7 is chosen to achieve a trade-off between improving the

conditioning of the matrices, and minimizing the resolution loss.
The new matrix [C""]}, is computed in the following manner:

YA Lo (e
CHCW 1,7 — AZ,]% C 1,7 15
[ Ik P R [Cl (15)
In practice, we apply both the eigenvalues and off-diagonal
rescaling to the input [C;] of the network, and only the eigen-
values are rescaled for the reference image [Cz] to preserve as
much as possible the initial information for the computation of
the loss.

3.4 Change compensation process

The speckle model in a log-transformed PolSAR image has no
known closed-form, even though it is commonly assumed to be
additive. Consequently, in this extension, the change compensa-
tion will be defined in the initial domain exploiting the following
property of the Wishart distribution. Let A be a complex-valued
hermitian positive definite matrix and L > 1 an integer. The
following equivalence holds:

S~W(@Id,L) < C~W( L), (16)

with X = AA* and C = ASA”~.

Proof. By definition of the Wishart distribution, C ~ W(X, L)
if and only if it can be written as C = % Zlel w;u;, where
{w }i=1,...,1 are L random vectors independently and identically
distributed according to a circular complex Gaussian distribution
N (%) with covariance matrix X. Since the covariance matrix X
can be factored in the form X = AA™, for all [ the vector v; =
A~ ! is distributed according to a circular complex Gaussian

distribution with covariance A '3 A ~'* = Id. Then we have:
1 &
C= I Z wu;

(AV[ ) (AV[)*

=

Il
=
M=

1
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Figure 3: Overview of the proposed PoOISAR2PoISAR polarimetric despeckling architecture. During step A, a generic pre-trained of
the model on synthetic POISAR images is performed. To learn the specificity of a given sensor, the model is then fine-tuned on real
acquisitions. For step B (C), change compensation is done using pre-estimations of the speckle-free covariance matrices provided by

model trained at step A (B, respectively).

1 L
(i)
C = ASA”

with S = 1 Zle vivi ~ W(Id, L) since the vectors
{vi}i=1,...,r are independent and identically distributed accord-
ing to N (Id). O

Let ([C1], [C2]) be a pair of PoISAR images capturing the same
scene at different dates ¢1 and ¢2. Fori = 1,2, C; ~ W(X;, L)
where X; represents the underlying information at the date ¢;.
The Noise2Noise framework requires 31 to be identical to .
By using the right implication of the earlier equivalence relation,
we can assert the existence of matrices A1 and A such that
C; = AZSZA:, with X; = AZA;k and S; ~ W(Id,L) We
introduce a new PolSAR image

Co= A (Ay) 'Ca(A3) 'AT = A1S:AT (17)

Then the left implication of the equivalence relation indicates
that Co ~ W(3X1, L). Having access to estimates 3, of 3,
(¢ = 1,2) and knowing matrices B; such that 3= B.B], we
can compensate the changes in Cs, relative to C1, by comput-
ing C» using B; in place of A;. In practice, we used the square
root decomposition of Hermitian positive definite matrices to per-
form the change compensation but others, such as the Cholesky
decomposition, are possible.

4. MODEL TRAINING

4.1 Network architecture

In our experiments, we have employed the DRUNet architec-
ture which has been shown to be effective in
various image restoration tasks, including denoising. Inspired by
the UNet architecture [Ronneberger et al., 2015]], DRUNet con-
sists of four successive downscaling phases followed by a sym-
metrical upscaling. The transition from a higher to a lower scale
is characterized by a decrease in the spatial dimension and an
increase in the number of channels by a factor of two. To fur-
ther improve the capacity of the network to capture and represent
complex patterns, a stack of four residual blocks, first introduced

in the ResNet architecture [He et al., 20135], is placed between two

scaling steps. We have adapted this architecture to our situation,
enabling it to take as input a nine-channel image and generate an
image with the same number of channels in output. The details
of our despeckling block are shown in Figure/[T}

4.2 Training details

The PolSAR2PoISAR framework is depicted in Figure@ It com-
prises two steps, namely a pre-training step and a fine-tuning step,
that are described hereafter.

4.2.1 Pre-training on synthetic data (Step A) Step A of
the training procedure is conducted on synthetic PoISAR im-
ages. To this purpose, almost speckle-free images were ob-
tained by spatially multi-looking and resampling accordingly
very high-resolution images captured by NASA’s L-band Unin-
habited Aerial Vehicle Synthetic Aperture Radar (UAVSAR) sys-
tem. UAVSAR’s images having a pixel size of 1.8m in azimuth
and 0.8m in range, a 7 x 15 multi-looking window were chosen to
virtually get closer to the square pixel size of the images from the
final target sensors. The training dataset is composed of 71048
patches of size 256 x 256, with an overlap of 36 rows or columns
between adjacent patches, extracted from images captured at 46
scattered geographic locations. It contains diverse terrain types,
including water bodies, urban areas, fields, and vegetation. Pairs
of corrupted images were created from each ground-truth with
synthetically generated spatially independent (white) speckle to
serve as input and reference during training. The model has been
trained using the ADAM optimizer for 2000 epochs with mini-
batches of 4 elements and a constant learning rate equal to 10 ™%
At the end of step A, the model has integrated the knowledge of
the theoretical distribution of complex covariance matrices (equa-
tion @) and can thus restore images corrupted by a white speckle
following the Wishart distribution. However, in real images the
system-specific PSF introduces spatial correlations in the speckle
component. Figure@highlights the drawbacks of using model A
to deal with real data: while it performs effectively on an image
where the noise has been whitened by a downsampling step (Fig.
, it introduces significant artifacts when applied to the original
noisy image due to spatial correlations of the speckle (Fig. [2b).
Accounting for the specificities of real data is precisely the goal
of steps B and C of our PoOISAR2PolSAR framework.



Step A Step B Step C
-’ sensor UAVSAR RADARSAT-2 RCM RADARSAT-2 RCM
g acquisition band L C C
&  spatial resolution (m) ~12 12 9 12 9
A speckle synthetic real real
4 patch size 256 x 256 256 x 256 256 x 256
5] stride 220 32 220 32 220
5 batch size 4 4 4
g optimizer ADAM ADAM ADAM
2 learning rate 1074 107° 107° 1078
= epochs 2000 17 19 28 29

Table 1: Datasets and hyperparameters used for the training of POISAR2PoISAR: fine-tuning steps B and C are conducted independently
on data from each of the Canadian sensors RADARSAT-2 and RCM.

(c) Change-compensated image Ctn

@ Ci,,

®) Cy,

Figure 4: Change compensation with estimates generated by model A: the first and second columns represent two PolSAR images
of our time series, Imagery from the RADARSAT Constellation Mission ©Canadian government (2010-2011), and the third column
displays the result of the change compensation process. The second row presents close-ups of the areas delimited by the red boxes in

the images of the first row. Except for very thin structures, changes are effectively compensated.

4.2.2 Fine-tuning on RADARSAT-2 or RCM images (Steps
B & C) Starting from model A, two independent fine-tunings
have been carried out: one on images from the Canadian Space
Agency’s RADARSAT-2 satellite, and one on data acquired by
satellites from RCM. For RADARSAT-2, a time-series of 17 co-
registered C-band PolSAR images of dimension 1024 x 1024
at 12m resolution has been considered, while for RCM we have
leveraged 12 co-registered pairs of larger C-band images of vari-
ate dimensions (each having at least 5600 rows and 2991 columns
of pixels) at 9m resolution and representing 5 different areas.
The hyperparameters for the fine-tuning were chosen empirically
based on our observations during the experimental process and

are presented in the summary table [ A key part of the fine-
tuning is the change compensation process. For step B, the pre-
estimations are provided by model A: images are downsampled
to attenuate the spatial correlation before being fed to the model,
which is not yet robust to spatial correlation, and then upsampled
after filtering to return to the initial spatial dimensions. Instead,
for step C the pre-estimates are obtained by directly feeding the
PoISAR images to model B, as the latter has already been fine-
tuned on real acquisitions and has learned the specific spatial cor-
relations of the sensor. Thus, the estimations used for change-
compensation at step C are of a higher quality than those used at
step B. Figure []illustrates the effectiveness of the compensation



(a) Downsampling + model A + upsampling (b) model B (c) model C
Figure 5: Results of the different training steps on real PolSAR test images of size 300 x 300 from RADARSAT-2: model A is applied
to downsampled versions of the images and the output is then upsampled, and models B and C are applied to the original images.

Model B and C show good despeckling capabilities when applied to images corrupted by spatially correlated speckle [5b] [5¢] without

introducing artifacts. A progressive improvement in detail restoration can be observed across the training steps.

strategy presented in section [3.4 on RADARSAT-2 data. While
some limitations are observed in compensating very thin struc-
tures, as indicated in the close-up views, most of the structural
and radiometric changes are well compensated.

We compare the performances of the three models A, B, and C, in
the case of RADARSAT-2, on real PolSAR images unseen dur-
ing training in Figure[5] We are able to despeckle effectively real
noisy images after the fine-tunings without introducing artifacts.
As observed for single-channel images in [Dalsasso et al., 2021]],
a progressive improvement of the detail restoration capability of
the models can be observed across the training steps. In the ex-
periments of Section[5] conducted on real PolSAR data, only the
model obtained after step C is considered.

5. EXPERIMENTS

This section presents a qualitative and quantitative analysis of our
method both on synthetic and real single-look PolSAR images.
The goal of the experiments on synthetic data is to objectively
assess the performances of our method relative to ground-truths
and to guide our interpretation of the results on real data, which
is our main focus for evaluating the practical applicability of Pol-
SAR2PoISAR. Given the absence of available codes and weights
for deep learning PolSAR image despeckling methods, we com-
pare ourselves to conventional despeckling methods. Specifi-

cally, we chose the Refined Lee filter [Lee et al., 1999] for lo-
cal methods, NL-SAR for patch-based methods



(c) area 3 (d) area 4

Figure 6: Ground-truths computed from UAVSAR data
©ONASA/JPL-Caltech for testing purposes. The colored boxes
mark the regions where some of the metrics are computed: the 4
labeled 3 x 3 yellow boxes in area 1 indicated by the blue arrows
for the co/cross-pol signatures, the green, red, and blue boxes in
areas 1, 2, and 3 respectively for the H/A/« decomposition.

[2014b]), MuLoG-BM3D [Deledalle et al., 2022] (in experiments
on synthetic data), and MuLoG-DRUNet [Mendes et al., 2024]
(in experiments on real data) for variational methods. The source
code of NL-SAR and MuLoG has been made publicly available
by the corresponding authors, and the Refined Lee filter is imple-
mented within the PoISARpro v6.0 software.

5.1 Performance assessment metrics

The metrics used in the literature to evaluate the capabilities of
despeckling methods to reduce speckle in homogeneous areas
while preserving the scene features (texture, edges,...) and ra-
diometry can be grouped into reference-dependent and reference-
free categories. While reference-free metrics only depend on
noisy and estimated images, the reference-dependent metrics re-
quire ground-truth data to be computed or consist of compar-
ing quantities computed separately on the despeckled image and
the ground-truth. Therefore, reference-dependent metrics can
only be used in experiments involving synthetic images, where
ground-truths are available. The following metrics are used in
our experiments:

e Reference-free metrics

— The Cloude-Pottier polarimetric decomposition pa-
rameters (entropy H, anisotropy A, and angle )
[Cloude and Pottier, 1997,|Ma et al., 2018]|: they have
been shown to be well-adapted for covariance matrix
classification and thus can be used to evaluate the ca-
pacity of despeckling methods to enhance the separa-
bility of different land classes, which is challenging in
the presence of speckle.

— Polarimetric Mean of Ratio (PMoR): studying the
residual image formed by the pixel-wise ratio between

the noisy and despeckled image is a well-established
approach to assess the performance of despeckling
methods, this ratio is expected to correspond to pure
speckle and to contain no spatial structures from the
initial image. The extension of this ratio image to
the case of polarimetric SAR images corresponds to
[Tucker and Potter, 2022al:

S=3"1Y2cxe 12 (18)

Ideally, for a single-look PolSAR image, the mean
of the residual image corresponds to the 3 x 3 iden-
tity matrix. We propose using the Frobenius distance
to quantify the deviation between the ideal mean and
PMOoR, the actual mean of the residual images, as a
unique value. As done in the literature for MoR
let al., 2018, |Tucker and Potter, 2022al], PMoR will
be computed exclusively on homogeneous areas to
assess radiometric preservation levels independently
of structural preservation capabilities. PMoR com-
plements the polarimetric decomposition parameters
H/A/«, which are invariant by a multiplicative fac-
tor.

e Reference-dependent metrics

— The polarimetric signatures (co-pol and cross-pol)
Tuclger and Potter, %5725], Nie et al., 2015|[Ma et al.,

2018]: the polarimetric signature P € R™ of a tar-
get represented by the covariance matrix X € C%*¢
is the response of the target under different acquisition
settings (polarization of the waves, relative position of
the target to the illumination source, . . . ). It is defined
as follows:
P=(1 cos(2¢;)cos(2¢;) cos(2¢;)sin(21);) sin(2¢;))
x Kx
(1 cos(2¢;)cos(29;) cos(2¢;)sin(2¢;) sin(2¢j))t
19)

where K is the Kennaugh matrix [[You et al., 2014|
associated to X, the pairs (¢, i), and (p;,1);) of

orientation angle 1 € [—%, %] and ellipticity angle
¢ € [—7, %] correspond respectively to the param-
eters describing the polarization state of the incident
and backscattered waves. There is an infinity of possi-
ble signatures but the most used in despeckling qual-
ity assessment are the co-pol which corresponds to
the case where the polarization is invariant in emis-
sion and reception i.e ¢; = ¢; and ¢; = 1);, and the
cross-pol which corresponds to the case where the po-
larization in emission and reception are orthogonal i.e
¢; = —¢; and ¥; = 1; + 5. By sampling ¢ and ¢
within their respective interval, a 3D visualization of
the signatures can by obtained. This enables a quali-
tative comparison of the signatures of a ground-truth
covariance matrix X to those of an estimated matrix
3. The qualitative comparison can be completed by
an objective evaluation of the estimation through the
computation of an error.

Global SIMilarity (GSIM) [[Amao-Oliva et al., 2019]:
the global similarity of an n-pixels ground-truth multi-
channel SAR images [X] € C"***? and an estimate

[$] is defined as

GSIM(Z], [8) = —— > lllog([S)a) — log(1Slh) 1+
k=1
(20)

where || - - - || r corresponds to the Frobenius norm and
log is the matrix logarithm. A lower value of this cri-
terion indicates a higher degree of similarity.



(a) Ground-truth (b) MuLoG-BM3D

(c) NLSAR

(d) Refined Lee (e) POISAR2PoISAR

Figure 7: 3D visualization of the co-pol (first row) and cross-pol (second) computed on the average covariance matrix of square A in
Figure@ the 2D projections show that the signatures obtained from PolSAR2PoISAR are the closest to the ground-truth.

(a) Ground-truth (b) Noisy (¢) MuLoG-BM3D

»
(d) NLSAR (e) Refined Lee  (f) POISAR2PoISAR

Figure 8: 3D scattergram of the polarimetric decomposition pa-
rameters H /A/« for a given noisy realization. Each color repre-
sents a different area. Since the Cloude-Pottier polarimetric de-
composition parameters are not well defined on rank 1 matrices
(case of single-look PolSAR images), the noisy scatter plot was
created from a multilooked version of the initial noisy image.

— The Despeckling Structural Loss (DSL)
2014] measures the structural preservation capabili-

ties of a SAR despeckling method using ratio images.
Specifically, it is based on the measure of local corre-
lations between the ground-truth and the ratio image
on structural elements detected by an edge detector
applied to the ground-truth. We extend DSL to Pol-
SAR images by taking the mean of the results of DSL
applied independently to each of the three intensity
channels.

5.2 Results on synthetic PoISAR data

We quantitatively assess the performances of the model after step
A on ground-truth images corrupted by synthetic white speckle.
The areas considered for this analysis are illustrated in Figure
[6] First, we compute co- and cross-polarization signatures on

average covariance matrices of the labeled yellow squares (A,
B, C and D) of size 3 x 3 in Figure [6g] The 3D visualization
of these metrics in Figure [/| shows that PoISAR2PoISAR ob-
tains better results on square A. This observation is confirmed
by Table [2] reporting the average errors over 10 synthetically
generated noisy examples for all four squares. For both co-
and cross-polarizations, MuLoG-BM3D and the proposed Pol-
SAR2PoISAR method are achieving the lowest errors, with Pol-
SAR2PoISAR slightly outperforming MuLoG-BM3D. Then, we
compute the H/A/a decomposition on the green square from
area 1, the red square from area 2, and the blue square from
area 3 represented in Figure |§| and show the results in Figure
[B] While clusters are difficult to identify on the noisy PoISAR
image (Figure [8b), the three areas can easily be separated after
restoring the complex covariance matrix with POISAR2PolSAR
(Figurd8f) and MuLoG-BM3D (Figure [8c). We can note that
PolISAR2PoISAR and MuLoG-BM3D over-enhance the separa-
bility of the different land types compared to NLSAR and the Re-
fined Lee filter (Figures[8d]and [8¢]respectively) which are closer
to the ground-truth (Figure [8a). However, far from being a dis-
advantage, the strict separation offered by PoOISAR2PolSAR and
MuLoG-BM3D might be desirable in practical land type classifi-
cation.

Finally, on the 4 areas of Figure [6] we report the average GSIM
and DSL over 10 noisy realizations per area in Table 3] Pol-
SAR2PoISAR reaches on average the best results, achieving for
all areas (except for Area 4 on DSL) either the best or the second-
best score. This demonstrates the high degree of fidelity of the re-
construction provided by our approach relative to ground-truths.

5.3 Results on real PolSAR data

In this section, we demonstrate the effectiveness of our approach
on real PolSAR data. As described in Section [4.2.2] we inde-
pendently trained two models on RADARSAT-2 and RCM data.
Consequently, we evaluate our method on real single-look Pol-
SAR data from these 2 sensors using the corresponding models.

5.3.1 RADARSAT-2 data The experiments are conducted on
4 single-look PolSAR images of size 1024 x 1024 acquired by
RADARSAT-2 over the Pleine-Fougeres municipality in north-
western France, presented in Figure[Da] The dataset mainly con-
tains large field zones with a few clusters of man-made struc-




Perror (CO-pOI) »LO

Square A Square B Square C Square D
MuLoG-BM3D £0.008 0.041 £0.019 +0.026  0.039 £+ 0.01
NLSAR 0.053 £0.019 0.103 +0.054 0.087 £0.044  0.059 + 0.019
Refined Lee 0.056 +0.025 0.148 £0.066 0.109 +£0.062  0.076 + 0.023
PolSAR2PoISAR  0.028 £ 0.011 £0.02 0.056 £0.012 =+ 0.017
Perror (cross-pol) Jo
Square A Square B Square C Square D
MuLoG-BM3D +0.0078 0.036 % 0.008 =+ 0.043 =+ 0.008
NLSAR 0.022 £ 0.01 0.065 £0.036 0.105+0.051  0.036 £+ 0.01
Refined Lee 0.033 £0.019  0.097 £0.036  0.102 £0.039  0.58 £0.016
PolSAR2PoISAR  0.013 =+ 0.004 +0.009 0.053 +£0.017  0.034 £ 0.01

Table 2: For each square, the average co-polarization and cross-polarization errors are averaged over 10 noisy realizations. The lowest

and second-lowest errors are respectively reported in red and

GSIM o
Areal Area2 Area3 Area4d
MuLoG-BM3D 0.113 0.092
NLSAR 0.113 0.185 0.123 0.135
Refined Lee 0.118 0.171 0.127 0.139
PoISAR2PoISAR  0.081 0.088
DSL |o
Area 1 Area 2 Area 3 Area 4
MuLoG-BM3D 0.215+£0.004 0.322 +0.002 0.214 £0.003 0.227 4+ 0.002
NLSAR +0.003 0376 £0.002 0.176 4+ 0.003 + 0.001
Refined Lee 0.326 £0.003 0.483 £0.003 0.304 £ 0.006 0.34 4+ 0.002
PoISAR2PoISAR  0.185 + 0.004 + 0.001 +0.004 0.266 £ 0.002

Table 3: Average GSIM and DLS over 10 noisy realizations for each area. The best results are reported in red, while the second-best

result is reported in

tures. Figure |10] compares the results of the different despeck-
ling methods on the 3 types of areas available in our dataset:
vegetation, fields, and clustered structures. As expected, Pol-
SAR2PoISAR removes the speckle without introducing any visi-
ble artifact (see Figure[TOe). Our method outperforms the others
(Figures and [I0d) in restoring key components of the
images such as texture, very thin structures, and bright targets.
Moreover, the filtering process of our approach preserves the po-
larimetric properties of the covariance matrices. Indeed, the dis-
tribution of the polarimetric decomposition parameters H/A/«
computed from the image restored by PoISAR2PolSAR (Figure
1Te) is fairly close to its equivalent with NLSAR (Figure[TTc) and
the Refined Lee filter (Figure[TTd) which have been shown to be
close to the ground-truth in the context of synthetic speckle (see
Figure [8). Again, for practical classification, our approach has
the advantage of providing more easily separable clusters than
NLSAR and the Refined Lee filter. Finally, POISAR2PolSAR ob-
tains the best results in Table[d] presenting the Frobenius distance
between the theoretical mean of polarimetric speckle and PMoR,
the empirical mean of residual images, computed in the same area
as for the polarimetric decomposition parameters H/A /.

5.3.2 RCM data Here, the despeckling performances and
generalization capabilities of POISAR2PolISAR are evaluated on
three areas of different types and from different locations im-
aged by RCM: a forest area from Adams Lake Provincial Park
in the South East of Canada, an agricultural area from the state of
Arkansas in Southeastern United States and an urban area from
Ottawa in Southwestern Canada. In Figure[T2] PolSAR2PoISAR
shows good despeckling performances in all considered terrains.
Figure [[3] presents close-ups of images restored by our approach
and compared methods. PolSAR2PoISAR shows a better bal-

ance between attenuation of speckle and preservation of struc-
tures and texture compared to the other methods. This is par-
ticularly visible in the field areas (rows 3 and 4 of Figure [T3),
where MuLoG-DRUNet slightly over-smooths homogeneous ar-
eas, while NLSAR and the Refined Lee filter leave some residual
noise. The last row is also an interesting example of this balance:
PolSAR2PoISAR filters out the speckle in the waterbody while
preserving the bright targets of the bridge above it, unlike the
other methods that fail to do both. The effects observed in Figure
are reflected in the distribution of the polarimetric decompo-
sition parameters H/A /o represented in Figure Three clus-
ters can be observed for all methods; however, they are still large
and not fully separated for NLSAR and the Refined Lee filter,
and very narrow for MuLoG-DRUNet indicating respectively the
presence of residual noise and over-smoothing. POISAR2PoISAR
stands in between these two cases as observed in the restored im-
ages. Our approach also provide more faithful estimations of the
radiometry in the areas considered for the H/A /c decomposition
as shown in Table[3]

6. CONCLUSION

In this paper, we have proposed PolSAR2PoISAR, a semi-
supervised strategy to learn a model for PolSAR image despeck-
ling. Our approach addresses the challenges posed by the lack
of pairs of speckle-free and speckled images to train an effective
deep-learning-based denoiser for real data in a supervised man-
ner. It is divided into a pre-training phase on synthetic data and
a fine-tuning phase on real data, both based on the Noise2Noise
framework. The pre-training step is performed leveraging highly
abundant PolSAR images from NASA’s UAVSAR sensor. The



Metric MuLoG-DRUNet NL-SAR Refined Lee PolSAR2PoISAR
7 1 blue square 0.285 0.216 0.105
PMoR X0 green square 0.262 0.238 0.134

Table 4: Quantitative evaluation of despeckling methods on real RADARSAT-2 PolSAR images: Fpmor represents the Frobenius
distance between the theoretical mean and the PMoR, the empirical mean obtained from the residual images. The regions of interest
correspond to the blue and green squares in the noisy image in Figure[ITa] The best results are reported in red, while the second-best
result is reported in

Metric MuLoG-DRUNet NL-SAR Refined Lee PolSAR2PoISAR
7 1 blue square 0.672 0.305 0.132
PMoR 0 green square 0.829 0.325 0.11
red square 0.716 0.311 0.165

Table 5: Quantitative evaluation of despeckling methods on real RCM PolSAR images: Fpmor represents the Frobenius distance
between the theoretical mean and the PMoR, the empirical mean obtained from the residual images. The regions of interest correspond
to the blue, green and red squares in the noisy image in Figure[T4al The best results are reported in red, while the second-best result is

reported in

pre-trained model can possibily be adapted to any sensor, pro-
vided that pairs (or temporal series) of POISAR data are available
for fine-tuning. To demonstrate so, our fine-tuning is conducted
considering two different scenarios: using a temporal stack of
images of the same location from RADARSAT-2 and using sev-
eral pairs of images representing different areas from RCM. The
experiments on real PolISAR images from both sensors, includ-
ing qualitative and quantitative analysis, have shown that Pol-
SAR2PoISAR reduces speckle effectively while preserving spa-
tial and polarimetric information. It outperforms the compared
conventional methods, particularly in the estimation of the ra-
diometry and the preservation of textures, thin structures, and
bright targets. Additionally, as a deep-learning-based method,
PolSAR2PoISAR offers a fast inference time, allowing the pro-
cessing of large datasets efficiently. In view of the demonstrated
capabilities, POISAR2PoISAR is particularly well-suited for real-
life applications.
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Figure 10: Visual comparison of the despeckling techniques on different areas of size 300 x 300 from RADARSAT-2: PolSAR2PoISAR
outperforms the other techniques regarding resolution and detail preservation in all area types.
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Figure 11: 3D scattergram of the H/A/« decomposition of the blue and green squares in the noisy RADARSAT-2 image of the first
TOW.
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Figure 12: High-quality reconstruction provided by PoISAR2PoISAR (second row) for various areas imaged by RCM, Imagery from
the RADARSAT Constellation Mission ©Canadian government (2020, 2023, 2024): the method generalizes well to different terrains.
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Figure 13: Visual comparison of the despeckling techniques on different areas of size 400 x 400 from RCM: .
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Figure 14: 3D scattergram of the polarimetric decomposition parameters H/A/« of the blue, green, and red squares in the noisy RCM

image of the first row.
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