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Abstract—Image denoising is an important problem in image
processing since noise may interfere with visual or automat
interpretation. This paper presents a new approach for imag
denoising in the case of a known uncorrelated noise model. Eh
proposed lter is an extension of the Non Local means (NL
means) algorithm introduced by Buadeset al.[1], which performs
a weighted average of the values of similar pixels. Pixel siitarity
is de ned in NL means as the Euclidean distance between patels
(rectangular windows centered on each two pixels). In this gper
a more general and statistically grounded similarity criterion
is proposed which depends on the noise distribution model. Ae
denoising process is expressed as a weighted maximum likedod
estimation problem where the weights are derived in a data-
driven way. These weights can be iteratively re ned based on
both the similarity between noisy patches and the similariy of
patches extracted from the previous estimate. We show thathts
iterative process noticeably improves the denoising perfmance,
especially in the case of low signal-to-noise ratio imagesich as
Synthetic Aperture Radar (SAR) images. Numerical experimats
illustrate that the technique can be successfully applieda the
classical case of additive Gaussian noise but also to casesls as
multiplicative speckle noise. The proposed denoising tedmue
seems to improve on the state of the art performance in that
latter case.

Index Terms—Image denoising, Non Local means (NL means),
Weighted Maximum Likelihood Estimation (WMLE), Patch-
Based methods, Synthetic Aperture Radar (SAR)

I. INTRODUCTION

The crudest denoising approach is the direct application
of the spatial coherence principle. It considers noisy dasmp
in a window centered on a given pixel as all following the
distribution of that pixel. This leads to the moving average
for Gaussian noise distributions, or more generally to max-
imum likelihood estimates such as the multi-look averaging
classically used in SAR image community [2]. The isotropy of
the lter can be improved by considering a weighted average
with a circular symmetric kernel such as a Gaussian kernel
of given standard deviation. The fundamental limitation of
those techniques comes from the loss of resolution in the
ltered image. The same smoothing effect is applied equally
to homogeneous regions, and to edges or textured zones. More
elaborate denoising techniques all aim at better presgrvin
image structures (edges, texture) while suppressing ths®.no
Very different strategies have been proposed to achiewe thi
goal:

Markov Random Field (MRF) approaches introduce a prior
model of the noise-free image and search for a compromise
between that prior and noisy data. It is crucial for these
techniques to de ne a suitable prior that guarantees bagh th
smoothness of the denoised image and the preservation of its
structure. Total variation [3] is an example of a prior that e
forces smoothness while preserving edges. Priors howendr t
to bias the denoised image, especially when high noisedevel
are considered. Markovian priors doeal in essence, and lead

MAGE denoising is a key pre-processing step in martg stronger attenuation of several small disconnectensgi
cases, e.g., low-light or high-speed imaging, low-cost sethan that of a single region [4]. In practice, edge-preseyvi
sor usage in embedded systems, or also echographic, SWMRF models generally lead to minimization problems with

and radar coherent imaging techniques. Noise can genégllynon-smoothness and/or non-convexity issues.

well modeled with parametric distributions, either groadan

It has been shown by Donoho and Johnstone [5] that spatial

physical or empirical considerations. Denoising then ant®u adaptation of the smoothing can be obtained by wavelet soft-
to estimate the space-varying value of these parameters. iresholding. Wavelet shrinkage can be interpreted from a
merous denoising techniques have been proposed in the imBggesian perspective as resulting fror aparsity-promoting
processing literature. The majority of them consider ani-adghrior. Wavelet and cosine bases are indeed well known to be
tive white Gaussian noise model. Others have been spelyi cahble to capture most of a signal or image in a few coef cients.
designed for non-Gaussian and/or non-additive noise rsodéthis property is exploited by compression techniques sisch a
Few denoising techniques provide general methodology tHiIEG and JPEG2000. For denoising applications, orthogonal
apply to different noise modéils transforms like the wavelet or discrete cosine transforeasl |
" _ ed 3 14 2000 revised May 14. 2000 to a separation of signal and noise. Noise can then be sjrong|
Clansj;t;r(ljr;t”;ecaerll\(/je F. 6‘1I'nuL;I)airr1y are with ’I:les\:iltsuei Tel?(/:omy, Telectaris- suppressed by zeroing t,he least S,'Q”' cant quf uentschSu
Tech, CNRS LTCI, Paris, FRANCE, e-mail: charles-albaredalle@telecom- approaches can be applied to additive Gaussian noise [6], [7
paristech.fr and orence.tupin@telecom-paristech.fr. _ and have been extended to multiplicative speckle noise [8]-
2o oo et Coren N e SRR &8 [13]. They can be improved by using shape-adaptve domains
[14], and sparse decompositions with over-complete onksgr

mail: loic.denis@cpe.fr. -] :
IMarkov random elds are representative of such approaches. dictionaries [15]-[17].
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Spatial adaptivity can also be reached by considering shapesetS _ of independent and identically distributed random
adaptive windows [18]-[20] or spatially variable bandwidtvariables by:

selection [21]. Windows can naturally be generalized by AMLE ) | .
weights. In the framework of weighted averaging, it has been s arg m?x ogp(vij s)
proposed in the variants of the bilateral Iter [22]-[25] to tfs s

use the gray level difference between the central pixel and = argmax s _()logp(vij s);

each neighboring pixel to de ne the corresponding weights. t
More recently, Buadest al. proposed a more selective datayi, s the indicator function o8 _ (i.e., s (t)=1ift2

driven way to set the weights [1], based on the Euclideal ( gtherwise). The MLE is unbiased and asymptotically
distance between the patch that surrounds the central piekient. In practice, the set§ _ for eachs 2 are unknown.
and the one that surrounds a given neighboring pixel. Thiﬁsnce, we only approximate; (t) by data-driven weights

patch-based Iter can be consideradn-localas pixel values w(s:t) 0. This leads to the Weighted Maximum Likelihood
far apart can be averaged together, depending on the weightiation (WMLE) given by
X

values (i.e., surrounding patch similarity). The Non Local
means (NL means) principle has lead to several extensions argmax  w(s;t)log p(vj s): (1)
and modi cations that will be considered in the following St
paragraphs. The best denoising techniques so far for @eldiivMLE is known to reduce the mean squared error by reducing
Gaussian noise [26]-[28] consist of a combination of th#e variance of the estimate at the cost of a bias introduged b
ideas of similar patches selection with that of sparsieati samples that follow a distribution with a parametewdifferent
by transforms or learned dictionaries. We refer the readertb . [31]. The WMLE framework has rst been applied to
the very recent survey by Katkovniit al. [29] for a deeper image denoising by Polzehl and Spokoiny [30].
analysis of the connections and evolutions of all denoisingAs shown in Section IV, in the particular case of addi-
approaches we mentioned here. tive white Gaussian noise (WGN) modgthe corresponding

We describe in this paper a general methodology for pattW"MLE estimate is de ned by a Weighted Averaging (WA):
based denoising and its application to additive Gaussiah an P

(2)

multiplicative speckle noises. The NL means algorithm [1] A(SWA) )

appears as a special case. We give in Section Il an interpreta

tion of our denoising technique in the framework of weightedhis is consistent with the numerous denoising methodg-exis
maximum likelihood. The similarity between noisy patches ing in image processing and based on a weighted averaging.
de ned from the noise distribution. We suggest in Sectidn IiThe weights used to approximate the indicator function can
to re ne iteratively the obtained weights by also includifgg  be seen as membership values over a fuzzy set versién of
similarity between restored patches. This leads to antivera (with proper weight normalization). This fuzzy set intraes
algorithm (Section 1V) which is then compared in Section \& bias in the estimation since similar noisy values coming
with the state of the art techniques for Gaussian or speckiem different distributions are incorporated. Howeverist
noise suppression. drawback is counterbalanced by decreasing the variance of
the estimation. Actually, more pixel values are includethie
fuzzy set which decreases the variance of the estimatiae (no
that for pixel values de ned on a continuum, the probability

This section introduces the proposed denoising methgghasyrep( = ») is zero, which means that we almost
in the framework of Weighted Maximum Likelihood Esti-never nd two pixels following the same distribution, thus

mation (WMLE) investigated in [30]. Contrary to Polzehlye do not average pixel values therefore leaving the noisy

and Spokoiny in [30], we dene the weights following ajmage unchanged). According to this bias-variance tratje-o

statistically grounded patch-based approach. WMLE can outperform MLE for well-chosen weights. That
is the purpose of the next section.

NWMLE )
S 1

bt w(s; v
(W(s;t)

II. PATCH-BASED WEIGHTED MAXIMUM LIKELIHOOD

A. Weighted Maximum Likelihood Estimator

We consider image denoising as an estimatiof the B- Setting the Weights between Noisy Patches
“true” imageu from noisy datas. The images are considered The de nition of the weightsw(s;t) is the main problem
to be de ned over a discrete regular grid and we denote addressed here. As noted in [30], a well-chosen de nition of
by vs a pixel value at sites 2 . We consider an uncorre-the weights constitutes the key to the success of WMLE lters
lated noise model de ned by a parametric noise distributiddnder ergodic process assumptiom(s;t) can be de ned
p(vsj ) (namely the likelihood), with ¢ a space-varying locally in the neighborhood of the site That is the case of
unknown parametér Then, denoising an image is assumethe Box lter (also known as multi-look lter in the contextfo
to be equivalent to nd the best estimafeof . SAR images processing [2]) and the Gaussian Iter. The local
At each sites, the Maximum Likelihood Estimator (MLE) neighborhood is xed by the weight&(s;t) which increase
de nes an estimatés of the underlying parameter, from when the sites andt are closer. Unfortunately, this kind of

Iter is inappropriate to denoise singular features sucbhdges

2parameter may differ fromu but depends deterministically an , as
does SAR re ectivity with respect to SAR amplitude in Sentit/-B 3and more generally, for noise distributions in the expoiaéfamily [30]
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R .
P(Vsik; Vik: sk =  tk) - P( Vsi; Vik ] sg — 0tk P = 7 g = )d )
p( sk = t;k) p( s:k = tk = )d

and textures for which the ergodicity assumption is invalidiccording to Equation 5 (at the top of the page) and under
Instead of de ningw(s;t) in spatial domain, Yaroslavsky independence assumption oRyx and vy, the similarity
proposed a data-driven weight de nition based on gray levikelihood is given by

scale [22] also known as sigma- Iter [24]. The weigh(s;t) ,

increases when the valugs andv; are more similar. Such  P(Vsk: Vek sk = o)/

a lter was then re ned by the SUSAN lter [23] and the o - L -

bilateral Iter [25] which is de ned both in spatial and gray b POVeic s = IPWVec] g = ) d ©

level scales. whereD is the dgnition domain of the parameter Note that
More recently, Buadest al. proposed the Non-Local (NL) the denominator p( ., = ; = ) d in Equation
means lter which relies on image redundancy [1]. It take§ acts as a proportionality constant, as well as the quantity
inspiration on the patch-based approach proposed forreext o« = . w = ) which is assumed to be independent
synthesis by Efros and Leung [32]. The weighi(s;t) iS of 5 t k and . WhenD is a continuum aRk, R* andC
de ned by comparing two patchess and . centered re- nep p( < = i w = ) corresponds to an uniform
spectively around the sitesandt: ' improper prior density. After acceptance of this paper, we
1 X ' have become aware of the probabilistic similarity measnore i
w(s;)(NE) | exp = kiVsk  Vekj? (3) [34] expressed as in Equation 5 with an uniform prior density
h P( sk = 5 tx = ) denedon a bounded intervd.

wherevs andvyk are respectively th&-th neighbor in the
patch s and ¢, the weights x de ne a centered symmetric C. Related Works and Motivations

Gaussian kernel and controls the decay of the exponential |, the non local approaches for density estimation intro-

fqnction. The similarity is e_xpressed by a weighted Eudide duced in [35]-[37], the authors do not make any assumptions
distance over the two windows. This is well-adapted fQf, e noise distribution. The parameters are estimated by
additive WGN _r_no_dels. i minimizing a variational energy related to the joint prottiab

Thg Probabilistic Patch-B_ased (PPB) Ite_r aims to de.n(i)(v ). Having no prior on this joint probability, the energy
a suitable patch-based weight to generalize the Euclidg@nuypressed by a multivariate isotropic Gaussian kerried T

distance based weight used in the NL means algorithm. TR, apijistic Patch Based (PPB) Iter does not requiredisaic
idea is to extend the NL means algorithm to non additive WGg{mp“ cation since each quantity is de ned directly frorhe

models. According to the previous comments, the weights cagise model.
be seen as a membership value over the fuzzy set version ofe robust M-estimator in [38] consists on replacing the

S, =ft = 0 Ina probabilistic patch-based approach,y,qnential decay function in Equation 3 by a more suitable
we express this weight by the probability, given the noisy,ction of the Euclidean distance. Their work is restidcte
image v, that the two patches s and  have the same gqqitive WGN but could be extended here easily to replace the
parameters. We follow the same idea as that of the Nger function in Equation 4 by a more suitable function of
means and assume equal values for the central pixel of ty similarity probability. The use of the robust M-estiorat
statistically close image patches. The patch-based sityilaj, 5 probabilistic patch-based approach could be the perpos
probability involves the following weight de nition: of a future work.
w(s:)PPB) | p( = jv)L=h @) The PPB lter is also <_jifferent frpm Fhe non Iogal solution

s ! in [39] proposed for noise reduction in magnetic resonance
where and  denote the sub-image extracts from thénages. To avoid the Euclidean distance used in Equation 3,
parameter image in the respective windows ¢ and , the authors propose to use a MLE where the similarity is used
andh > 0 is a scalar parameter. Theparameter is similar to select the suitable pixel values. The MLE is then perfatme
to that of the NL means algorithm and acts on the size of tlwer the set of the most similar siteswith respect to the;
fuzzy set (i.e., the number signi cant weights) to controét distance betweem _ andv .
amount of Itering. Kervrannet al. justify the introduction  The Bayesian NL means lter, proposed in [33] and used for
of parameterh by saying that it probably counterbalancesltra-sound speckle reduction in [40], minimizes the Bages
the invalidity of the patch independence assumption [33]sk instead of maximizing the weighted likelihood. In the
Under an independence assumption on the pixel of the patchesrticular case of additive WGN model, the same estimation i
Ege similarity probability may be decomposed into a producbtained by WMLE and Bayesian risk minimization, which is

kPCsk = tk Vs Vik ). In a Bayesian framework, the weighted averaging given in Equation 2. To cope with non
without knowledge om( ¢ = k) and p(Vsx;Vik), the additive WGN, the Euclidean based weights are substituged b
probability p( o« = ¢ ] Vsk;Vitk) can be considered the conditional probability v _j _ = v , . This approach

proportional to the likelihoodp(Vsk; Vek | sk = k). assumes that , provides a good approximation on the true
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parameter . We suggest that the similarity probability| Noisy Image v I
p( . = Jv) is more suitable since it does not make

such a strong assumption. In the case of additive WGN, thiBarameters 6
conditional probability and our similarity probabilityviolve A

the same weight de nition. Since the Bayesian NL means lter

make_s this strong assump_uon, the authors propo_sed a p® sﬁg. 1. Scheme of the iterative Probabilistic Patch-Bade@B) Iter. The
algorithm to re ne the weights. Based on a similar idea, wepB Weights Estimator (PPBWE) computes the weights;t) by using
. . . . . . . . N
describe in the next section an iterative procedure to erehathe noisy imagev and the estimaté’ *. The WMLE computes the new
h ; ; parameters ' by using the estimated PPB weightg(s;t) and the noisy
the estimation. ! . . ?
imagev. The procedure is repeated until there is no more changeebatw
two consecutive estimates.

Weights w(s, t)

IIl. | TERATIVE DENOISING

This section presents the iterative procedure used to re ne
the patch-based weights estimation. The weights are de netiere D is the domain of pixel values andl > 0 is a
at each iteration as the product of two terms. The rst terfpositive real value. This corresponds to the Kullback-legib
corresponds to the similarity between noisy patches asete ndivergence based kernel used in [41]. The paraméteand
in section 1I-B. The second evaluates the similarity betwed act as dual parameters to balance the trade-off between the
the restored patches extracted from the denoised image atnhise reduction and the delity of the estimate. The reader

previous iteration. can nd a detailed discussion about the in uence of such
parameters in [30].
A. Re ning the Weights with Denoised Patches This re ning procedure is performed iteratively. Indeedl, a

The Probabilistic Patch-Based (PPB) lIter is a WMLE lteriterationi 1, estim/%tels"_s provide the estimaté ! used at
where the weights are de ned by the similarity probab“itteratlonl_. Note that is updated only afters is evaluated
ties (see Equation 4). The idea is to re ne iteratively theder all sitess 2 . This corresponds to a synchronous
weights by including patches from the estimate of the imadecal iterative method [42]. This kind of algorithms conges
parameters. Let us consider at iteraticthe previous estimate {0 @ solution depending on the initial paramef&r. For
N1 of . Then, the patch-based similarity probability caRest performances, the initial estimate should preferbbiie
be extended by introducing the knowledge ®f a good signal to noise ratio with preservation of the thin

N A _ structures existing in the noisy image. A way to construct
W(S.t)(lt.PPB ) ( - V.’\i l)l—h. s ; . . . h
' » PU JV5 : such an initialization is given in Section IV-C.
With the same considerations as in Section 11-B, the sirtylar ~ Figure 1 illustrates the whole procedure:
probability can be decomposed as a product of the prohiabilit 1 rst, the PPB Weights Estimator computes the weights

P( sk =  tk J Vs Veks " 1), In a Bayesian framework, w(s;t) by using the noisy image for the likelihood
without knowledge omp(vs« ; Vik ), and assuming the event term (Equation 6) and by using the estiméate?! for the
Vsk; Vek | sk = kIS independent off 1, the following prior term (Equation 9);
relation holds: 2 then, the WMLE computes the new parametérsby
( _ Ve N 1)/ using the estimated PPB weightgs;t) and the noisy
PL sk tk .J sik» Ttk A imagev (Equation 1);
F(Vs;k; Viek J{z sk = t;k; F( sk = 2 i 12 : (8) 3 steps 1 and 2 are repeated until there is no more change
likelihood a priori between two consecutive estimates.

The likelihood term corresponds to the data delity and was

de ned in the previous section (see Equation 6). Titer B. Related Works

term measures the validity of, = . given the estimate |n the iterative PPB lter, the weights are de ned by two
N1 We assume the equality,, = . is more likely terms. The rstterm, the data delity, depends on the orajin

to hold as the data distributions with parameté‘@l and nhoisy image and considers its pixel values as a realization o
" 1 get closer. Theprior term is a function of a similarity the noise generative model. The second term is calculated fr
between these two data distributions. Polzehl and Spokoiff) Previously estimated image and considers its pixeleslu
used the Kullback-Leibler divergence between the estighatéS the “true” parameters of the noise generative model. This

as a test statistic of hypotheses, = ., [30]. We also ?dea is different from the iterative NL means ver§ions dalne
suggest using a symmetrical version of the Kullback-Leibld? [43] and the gradient descents proposed in [35], [36],
divergence over an exponential decay function [38], where only previously estimated parameters are used
_ RV to compute the similarity criterion. In [35], [38] a weighkite
P sk = 1tk )/ | averaging is performed on the previously estimated image
1 ZA A 1 A1 p(t] A"S_kl ' instead of the noisy image. Our approach seems to converge
exp T P(ti"sk) Pt ") log m dt (9 to a solution closer to the noise-free image since the swluti
tk

remains guided by the noisy image over the different itereti

4they considered in their work noise distributions from thepanential In. [44], the para_m?ters are e.Stimated iteratively by. the
family Maximum A Posteriori (MAP) estimator under assumptions
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of interactions between pixels of the “true” image paramsete must hold to maximize the WMLE de ned in Equation 1, and
The similarity with our method is the use of a non-locahccording to Appendix A:
approach to de ne the graph of interactions which is comgute

, o
and re-estimated using the original noisy image and the p(lsy;likj sk = k) / €xp M ;
previous estimate. In [45], the parameters are also esinat ’ ' 4

by the MAP estimator but under the assumption that the “true” ' ' I
image is close to the non-local means result. Such a method 1 j"'s;k1 Nk 1j2

is used in [46] in the case of speckle reduction. The authom{ sk =tk 1 ™ 1 exp T 2
proposed to eventually reestimate the non-local weights by

using the previous estimate. The rst difference with oulerd  Finally the weights at iteration can be de ned as
is that their non-local estimation corresponds to a weighte

. ! ) .1\(it PPB ) —
average instead of a WMLE. Another difference is that théQ/’(s’t) B - o o I#
compare the model parameters with a Minkowski distance X Lilsk ek j? . 1J"'S;kl "{;kllz
instead of the symmetric Kullback-Leibler divergence. exp h 4 2 T 2

The iterative PPB Iter is related to the Expectation- k

Maximization (EM) procedure [47]. The EM algorithm isIn a non-iterative version] ! +1 , the lter is exactly the
a two steps iterative algorithm which converges to a lochlL means lter. Then the PPB Iter can be considered as
optimum depending on the initial estimate. The rst stepn iterative extension of the NL means Iter. Note that the
(E-Step) evaluates a complete-data likelihood expectdiip Gaussian kernel, de ned by the weightg in Equation 3, is
computing suf cient parameters using a previous estimatept used in the PPB lter (i.e., PPB is purely non-local), but
while we evaluate a weighted likelihood by computing simean be re-introduced easily.

ilarity probabilities using the previous estimafé 1. The
second s_tep (M-_Step) maxi_mi_zes the Comp'e‘e'f’at‘?‘ IikeﬂhoB_ Derivation in the case of Speckle Noise
expectation, while we maximize the weighted likelihood. As
in the EM procedure, the PPB  Iter considers also the presiou " SAR images, the information sought (the re ectivity) is
estimate as “true” parameters. According to our experisjenonsidered to be corrupted by the multiplicative Goodman's
this consideration involves the model stability over thé dispeckle noise model [48]. The pixel amplitudés are mod-
ferent iterations and provides the convergence of our nieth&led as independent and identically distributed according
Nevertheless, our function is not related to a complete-ddhe following Nakagami-Rayleigh distribution

likelihood expectation over our latent variable (t). The oL L LA?2

P : TR ; - 2L 1 s
similarity between two patches is a good indication thairthe P(AsjRs) = ————1AS exp
central values are close (as demonstrated by the perfoemanc (L)Rs Rs
of NL-means). Dissimilar patches however do not providghere R is the underlying re ectivity image and. the
any clue on the difference or closeness between the centrgqlivalent number of looks. Note that the underlying noise-
values. The complete-data likelihood expectation thaukho free amplitude imagé\ is the square root of the re ecivity
be computed in a normal E-Step is therefore less relevantiinage R . From the rst order optimality condition, the
our context. Finally, our latent variable de nition makdset following estimation

algorithm locally de ned for all sites. Then, the PPB lter is P A2

a synchronous local iterative method while an EM algorithm ﬁgWMLE ) = _FM

would try to resolve iteratively the problem directly on the fW(s:t)

global image. must hold to maximize the WMLE de ned in Equation 1, and

IV. ALGORITHM DERIVATION IN THE CASES OFGAUssian  according to Appendix B:
|

AND SPECKLE NOISES T2l 1

This section presents the derived algorithms from the-tera P(Ask; Atk jRsk = Rex) / % ;
tive Probabilistic Patch-Based (PPB) lter for additive Wéh sk tk
Gaussian Noises (WGN) and multiplicative speckle noises I
present in SAR images. Finally, the automatic setting of the a1 L jlféiskl i‘k 1j2'
parameters and the algorithm complexity are discussed. P(Rsx = Rk | R'YD 1 exp ?W :
sk tk

A. Derivation in the case of Gaussian Noise Finally the weights at iteration can be de ned as

Under the additive WGN model assumption, the pixel values

Is are independent and identically distributed according w(s; ) PPe ) = ‘ ‘ 14
the normal distributiorN ( ; _2) where s the underlying X 1y Ask, Auw L JRLY Ry 2
noise-free image and® the noise variance. Then, it is straight- €XP =109 ] , T i 1@Bi 1
= » 4] Atk Ask T RIR!
forward to show from the rstporder optimality condition tha k sk Ttk
w(s; )l whereh = h=2L 1). In a non-iterative versionf ! +1 ,
AwmLe ) o _pt WIS D ( )

L W(s;t) the lter is based on the same scheme as the NL means lter by
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substituting the Euclidean distance with a similarity enibtn where g, E and F denote respectively the -quantile, the

adapted to speckle noise and given by expectation and the cumulative distribution function.
Al A, Unlike h, the parametei cannot be de ned from the
log A, + A, (10) distribution of the similarity criterion between the estirad

patches. Indeed, this distribution depends on the staisti

model of the previous estimaté ! which is non-stationary

] ] ] o and depends on the unknown image An adaptive estimation

C. Choice of the Window Sizes and the Initialization of these distribution could be considered in a future work
For complexity reasons, the pixetsare restricted to a to choose a local adaptative parameferas done in [37],

window W; centered arounsl Then, the algorithm complexity [38], [43], [52]. We choose to tune manually after a value

is given byO(j jjWijj j) wherej j,jWjandj jarerespec- of h is xed. Our results indicate that this value ranges

tively the image size, the search window size and the siityilararound0:20j j for any image and noise model whénis

patch size. Several optimizations have been proposed as gbeaccording to the Equation 11 with= 0:92.

block-based approach [49], the fast non-local means [5@], t

improved NL means [38] and the solution implemented he

and proposed by Darbaet al. in [51] with a time complexity

whereA; andA, are two observed amplitude values.

E Convergence and Choice of the Number of Iterations

given byO(4j jjwj). To study the convergence of the iterative PPB lter, the
As suggested by Buadest al. a search window of size Signal to Noise Ratio (SNR) is computed and given by

jwj =21 21is used and a similarity window of size . Varfu ]

i j=7 7[1]. Finally, the computational time of our method SNR(0';u ) = 10log;o —% — (12

is of 22 seconds and 35 seconds per iteration for the additive i R

WGN implementation and the multiplicative speckle noise sz

respectively (image of sizp j = 512 512, using an Intel Figure 2 shows the evolution of the SNR during the iterations

Pentium D 3.20GHz). for three initializations: our preestimated image progose
Kervrann and Boulanger showed that the siz§Wf acts Section IV-C, the noise-free image and a constant image. The

as a bias-variance trade-off on the estimation [43]. When tfierative PPB lter is studied on th&12 512 Lenaimage

window size increases, the variance decreases but thegestiirrupted by additive WGN with standard deviation= 40

tion is more biased because there are more values coming fraf§l multiplicative Goodman's speckle noise with equivalen

different distributions. Then, we suggest to compute titiein number of looksL = 3. The algorithm converges for all ini-

image parameters' by the iterative PPB Iter with a smaller tializations and similar solutions are reached, whiclstiiates

search window size. Thus, small features will be preservétpt the algorithm is not very sensitive to the initialipati

and noise reduced before proceeding to a stronger denoidit@fe that the noise-free image is not a xed-point of our

in the following steps. algorithm since some changes are applied before reaching co
vergence. According to Section IlI-A, the similarities Wwetn

D. Choice of the Filtering Parameters the successive estimatésand “*! can be measured by the

The purpose is to nd automatically a value bf Since

. PPB 1 — i
W(S’t)( ) / eXp ﬁ |ng( s - tJV) 1 the parameteh 14.6\ Prgesl\maled image 154 Prges(imalgd image
can be seen as a ngymalization of a similarity criterion deln ~ ges) | 777l e Z1s3l | Consammage

. — . H - o 144

by c(v ;v )= K 10gp(Vsiks vk . = ). The £ sl £ 12

. . . . . . o 8 ° 15.1
weights range is directly related to the range of variatibthis § 12\, § 70N\
criterion. In order to normalize the criterion values, wggest R P 2 1ol
to subtract from the criterion its mathematical expectatio H 1a8f
Once the criterion values are centered around zero, the valu T P ons % * o Peraions "
of h can be chosen as an-quantile of the distribution of g x10° g x10°
the new centered criterion between two random noisy patches & °t Preestimated imagd 56 Preestimated imagd

. . . . ” _ S — — — Noise-free image S — — — Noise-free image
vV ,, v  with identical “true” parameters _ = .- That L Constant image L Constant image
is different from [30], [43], wheréh was chosen accordingly §3 gz '
to the distribution of the original non-centered criteridmour g2\ % £,
case, the minimum of the similarity criterion is not neceiga BUN 51
g oL = 3ol M
w w

zero which requires to center the data rst. Note that cemger —_—
the data corresponds to a division of the weights after apgly lerations lterations

the exponential decay function. Since WMLE is independent @ ()

to multiplicative constants, the de nition of the PPB Itergig > Eyolution of (top) the SNR and (bottom) the symmekigiback-
remains unchanged. Finally the paramdierde ned as the Leibler divergence between two successive estimates. Tdlatien is mea-

N
=
5]

—quantile of the new centered criterion. is given by' sured for three different initial estimates: a preestimat®age, the noise-
' ’ free image and a constant image. The iterative PPB lIter islisd on the
h q E[C(V v )] (11) 512 512 Lenaimage corrupted by (a) an additve WGN with standard
. ’ 1 stot deviation = 40 and (b) a multiplicative Goodman's speckle noise with
with q= Fc(v v )( ) equivalent number of lookk = 3.
s t
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@ (b)

Fig. 3. (a) From top to bottom, corrupted imagesBafrbara Boat HouseandLenaby an additive WGN with standard deviation= 40 . Denoised images
using (b) the K-SVD lter, (c) the BM3D lter, (d) our non-itetive PPB lter (i.e the NL-Means lter) and (e) 25 iteratis of our PPB lter.

symmetrical Kullback-Leibler divergence. Then, we sugges = 0:88. For the iterative procedure, the parameters have
use this criterion to measure the amount of changes betwdween setto = 0:92andT = 0:20; j for all experiments. We
two successive estimated images. Figure 2 shows the ewmolutised?25 iterations of the iterative PPB lIter to ensure to reach
of this criterion during the iterations (normalized acdogdto convergence. Some comparison with the latest state-ef-the
the image sizg j). The curves converge t0 whatever the art Iters are provided. For additive WGN, the comparisons
initialization. This means that, after enough iteratiotiere have been performed with the NL-means [1], the K-Singular
are no more changes between two successive iterations: Wakie Decomposition (K-SVD) [53] and the Block-Matching
iterative procedure has reached convergence. Thus, weggopnd 3D collaborative Itering (BM3D) [26]. Note that the
to use this measure as a stopping criterion. In practice, the-means lIter corresponds here to the non-iterative PPB
procedure converges in about 15 iterations. Note that thedsp Iter. For multiplicative GSN, the comparisons have been
of convergence depends also on the paranikter performed with the Wavelet-based Image-denoising Noaline
SAR (WIN-SAR) lter [11] and the MAP Iter based on
Undecimated Wavelet Decomposition and image Segmentation
(MAP-UWD-S) [13].

Figures 3 and 4 present the obtained denoised images for

This section presents visual and numerical results oldainte images corrupted respectively by additive WGN with
on four synthetic images corrupted by additive WGN and mu& standard deviation = 40 and by multiplicative GSN
tiplicative Goodman's Speckle Noises (GSN). The corruptedith an equivalent number of look = 3. Note that these
images are obtained from four classical noise-free imagéso noise levels have been chosen because they provide
Barbara, Boat Houseand Lena On all noisy images, the comparable levels of SNR. For reasons of space and vigibilit
non-iterative and the iterative Probabilistic Patch-Ba@PB) only small sub-images are shown here. To assess the quality
Iters are applied. A search window of siz&/j =21 21 of the denoising methods, the reader can compare the full
and a similarity window of siz¢ j =7 7 are used. For size images at http://www.tsi.enst.fdeledall/ppb.php. Some
the non-iterative procedure, the paramétdras been set with complementary comparisons are provided on this webpage.

V. EXPERIMENTS AND RESULTS

A. Results on Synthetic Images
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(b) ©

Fig. 4. (a) From top to bottom, corrupted imagesB#rbara Boat Houseand Lena by a multiplicative speckle noise with equivalent numberarfks
L = 3. Denoised images using (b) the WIN-SAR lter, (c) the MAP-UDAS lter, (d) our non-iterative PPB lter and (e) 25 iteratis of our PPB lter.

TABLE |
SNRVALUES OF ESTIMATED IMAGES USING DIFFERENT DENOISING METHDS FOR IMAGES CORRUPTED BY(LEFT) AN ADDITIVE WGN WITH
DIFFERENT STANDARD DEVIATIONS AND BY (RIGHT) A MULTIPLICATIVE SPECKLE NOISE WITH DIFFERENT EQUIVALENT NJMBERS OF LOOKS

| =10 =20 = 40 = 60 |L=1 L=2 L=4 L=16
Barbara Barbara
Noisy image 14.73 880 309 004 Noisy image -1.09 169 461 1057
K-SvVD 21.02 1743 1301 0929 WIN-SAR 8.82 1048 1204 1582
BM3D 21.48 1838 1459 1214 MAP-UWD-S 9.65 1144 1328 1693
PPB nortit. (NL means) 19.85 1697 1285 1024 PPB norit. 9.79 1188 14.05 1783
PPB 25it. 18.69 1596 1349 1099 PPB 25 it. 10.58 1251 1398 1659
Boat Boat
Noisy image 1341 742 163 -1.49 Noisy image -2.99 -0.18 270 867
K-SvVD 18.87 1562 1178 904 WIN-SAR 8.57 1065 1214 1517
BM3D 19.09 1609 1283 1055 MAP-UWD-S 9.26 1068 1231 1571
PFB nortit. (NL means) 17.59 1463 1106 896 PPB norit. 8.71 1049 1222 1533
PFB 25it. 17.19 1451 1163 950 PPB 25 it. 9.43 1091 1225 1510
House House
Noisy image 1327 7.26 145 -1.62 Noisy image -3.55 -0.76 211 810
K-SvD 21.15 1831 1436 1022 WIN-SAR 8.69 1142 1315 1624
BM3D 21.77 1894 1578 1328 MAP-UWD-S | 1034 1197 1372 1724
PFB nortit. (NL means) 20.25 1755 1333 1040 PPB norit. 9.06 1161 1429 1827
PPB 25it. 1959 1703 1420 1157 PPB 25 it. 10.46 1298 1450 17.42
Lena Lena

Noisy image 1359 760 181 -1.25 Noisy image -2.45 034 325 919
K-SVD 20.93 1781 1418 1109 WIN-SAR 10.35 1300 1472 1790
BM3D 21.27 1842 1533 1305 MAP-UWD-S | 1187 1353 1514 1865
PPB nortit. (NL means) 20.12 1710 1366 1133 PPB norit. 11.05 1320 1518 1861
PRB 25it. 19.50 1690 1420 1199 PPB 25 it. 1216 1395 1525 1810
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Fig. 5. (a) From top to bottom, SAR images Bayard (France) c DGA ¢ ONERA, Cheminot(France) c DGA ¢ ONERA, Toulouse(France) c DGA
¢ ONERA andLelystadt(Netherlands) c ESA. Denoised images using (b) the WIN-SAR lter, (c) the MARVD-S lter, (d) our non-iterative PPB lIter
and (e) 25 iterations of our PPB lter.

Recall that for synthetic SAR images the noise-free image &SN when the SNR is similar. Thus, the PPB lter seems to
given by the squared root of the estimated re ectivity imagebe an ef cient extension of the NL means lter to take into
(Section 1V-B). The images obtained with the iterative PPBccount different noise degradation models.
Iter seem to be well smoothed with a better edge and shape
preservation than the non-iterative PPB Iter (and than NL . i .

: s . . To quantify the denoising qualities, Table | presents numer
means lter in case of additive WGN). The images denoised ba( . o ;

. . 1cal results for images corrupted by additive WGN with stan-
the K-SVD and the BM3D lters present some artifacts while L - o N
. , : dard deviations = 10;20;40 and60 and by multiplicative
the PPB lter provides smoother regions with comparablesed . : A
. SN with equivalent number of lookds = 1;2;4 and 16.

preservation. However, our PPB lter seems to attenuate t

; . performance criterion used is the Signal to Noise Ratio
image contrast and thin and dark structures as the mouth(g R) presented in Equation 12. We observe that the iterativ
Leng the eyes oBarbaraand the ropes of thBoat, while the P q '

PPB lIter improves on the non-iterative PPB lter for low

BM3D lter preserves these structures. This phenomenon CANR images. High SNR images (standard deviation 30
in part be explained by the high value ofquantile chosen to or equivalent.number of looks  4) do not require iterative

?eeti(?n(sqlljtatlzlc'{)iﬁlzj/ilyss?atleszlggge:gvl\; VS:)'?;ZZ:Q hgg;?ee&i(;re nement of the weights. In case of additive WGN, the PPB
9 : y 9 Iter is better than the K-SVD lter for low SNR images, but

\g(lenc(:;vr\:sf\/?tc;he cost of a larger remaining noise variance (S% out-performed by the BM3D lter at all SNR values. In

the case of multiplicative GSN, the PPB lIter out-performed
The images denoised by the WIN-SAR and the MAP-UWZDall the state-of-the-art Iters considered for low SNR ineag

S lters are less smoothed than the images obtained by tNevertheless, the PPB Iter provides comparative resolthé

PPB lter. Moreover, the WIN-SAR Iter blurs the edgesMAP-UWD-S lter for high SNR images (i.e., with a large

and the MAP-UWD-S lter introduces some artifacts in theequivalent number of lookls). The iterative PPB lIter is then

neighborhood of the edges. Finally, our PPB lter seems tmore relevant since SAR images are generaly provided for a

be working equally well for additive WGN and multiplicativelow equivalent number of look ads = 1;2;3 or 4.
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B. Results on Real SAR Images work, we will try to better preserve thin and dark details,

This section presents an overview of different results oY USing adaptive ltering as done in [37], [38], [43], [52].
tained on four real SAR images with the same state-of-the-af' [ter elaboration, based on the statistics of the preees
speckle Iters as the ones used above and our PPB lter. Thdf@2ges, has led to de ne a suitable patch-similarity ciater
are two single-look SAR acquisitions identi ed &syardand for SAR images. This similarity crlterlon_ will be apphed to
Cheminotfrom Saint-Pol-sur-Mer (France), sensed in 1996 Lytner applications such as pattern tracking and displaneme
RAMSES of ONERA. There is a single-look SAR acquisitiofFStimation.
identi ed as Toulouseof the CNES in Toulouse (France)
sensed also by RAMSES and provided by the CNES. And
there is a multi-look SAR image identi ed dselystadtof an
agriculture region in Lelystadt (Netherlands), sensed BSE  The authors would like to thank Marc Sigelle and the
1 with 3 equivalent number of looks (PRI data) and providegl,onymous reviewers for their interesting comments and con
by the European Space Agency (ESA). All these images afgyctive criticisms, Fabrizio Argenti and Tiziano Biandbr
assumed to follow the multiplicative Goodman's specklesroi helping us by processing our data with the MAP-UWD-S
model. T_hese. 4 images provide a testing set which presermé,, Alin Achim for providing us his WIN-SAR lter and
a good diversity: different sensors (RAMSES/ERS), différe ihe Of ce National d'Etudes et de Recherches Aérospatiale

scenes (urban/agricultural), different noises (singtekImulti- 54 the Délegation Générale pour 'Armement for pravig
looks). In all experiments, the algorithms are executed Wie  he RAMSES data.

same parameters described in Section V-A.
Figure 5 presents the obtained denoised images for the
different real SAR images and the different denoising $ter APPENDIX A
The results obtained with our iterative PPB Iter seem to WEIGHTS DERIVATION FOR ADDITIVE WGN
be well smoothed with a better edge and shape preservation
than other Iters. The speckle effect is strongly reduced an The similarity probability is given by

ACKNOWLEDGMENTS

the spatial resolution seems to be well preserved: builjing Z., ) P _2
sidewalks, streets, elds are well restored. Moreover, the = _exp TLE S il L S
bright scatterers (numerous in urban area) are well rektore 1 207 22
Unfortunately, the PPB lter seems to attenuate thin andkdar _ 1 jle 1252
structures existing in the SAR image, such as the thin street ~ Ep—— &p e
in Cheminotand Toulouseand the channels between the elds
of Lelystadt according to the convolution of two Gaussian functions.
V]. CONCLUSION Now, note the following statement
A general methodology was proposed for image denoising jt 2t 2= (2 5 +2t( 4 2)

which can be adapted to different noise distributions. This

method is based on the Non-Local means lter (NL means) Then, the Kullback-Leibler divergence is given by

[1] and can be adapted to non-additive and/or non Gaussi

noises. An iterative procedure is proposed to enhance the*!? 1 jt 1j? jt 2% it 1j?
. o ; ; o p——exp

denoising quality in case of low signal to noise ratio images 1 > 2 2 2 2

and its ef ciency has been shown on additive Gaussian noise

and multiplicative speckle noise. The proposed lter is-out

performed by the BM3D lter [26] in the case of additive B 2 %Z +1 o1 jt 1j?
Gaussian noise. However, our lIter provides interestingl an - 2 2 . T2 exp 2 2 dt
promising results for Synthetic Aperture Radar (SAR) insge | {z }
damaged by a multiplicative speckle noise. The noise, ptese Z ., =1 .

in the input images, is well smoothed in the homogeneous + 2 2 pt_ exp it dt
regions and the object contours are well restored (presernva 2 | 1 2 {z 22 }
of the resolution). Moreover we can consider from our numer- =,

ical experiments, that the re ectivity in SAR images is well 2 2 2 1o

recovered, without introducing undesired artifacts, vaitipood = 52 + >
restoration of bright scatterers. More generally, it pdea a
new framework for the estimation of image parameters whenFinally, the symmetric Kullback-Leibler divergence is

the uncorrelated noise model is known. This framework could

2 2 2 2 2
1 1

be used for multi-channel image denoising or joint denagisin i 2, 12, 2 12 2
of several images as done for joint interferometric SAR data 22 2 22 2
denoising in [54]. A drawback of the lter is the suppression  _ I 212+ 3 _ 1 2}

of thin and dark details in the regularized images. In a fitur 2 2
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APPENDIXB [11]
WEIGHTS DERIVATION FOR MULTIPLICATIVE GSN
First, note the following equality
7 [12]
1
— 1
aexp — dx AB* "(n 1)
L e [13]
Then, the similarity probability is given by
VA
o ( L)2R2L p R [14]
g 2L ) A
- 2 2
(L) Af+ A3 [15]
The Kullback-Leibler divergence is given by
Y4 16
1 glLgaL 1 exp Lt2 L log R, . Lt2  Lt2 " [16]
o (LR} Ry Rt Rz R
[17]
Z
R, ™t a2t Lt2
1,0 1 1
| {z }
=1
Z [19]
L LoL oot 201 ey Lt2 ot
R R L)RE R
2 1 | 0 ( ) 1 {7 1 } [20]
=R
R2 Ry
= Llog=—+L—=— L
J Ry R> [21]
Finally, the symmetric Kullback-Leibler divergence is
[22]
R R1 R> R>
Llog=—+L— L Llog=— L+L=
g Ry R2 g R1 R1 (23]
R R iR Roj?
= L2 g o IR Rl ”
R, R; RiR [24]
[25]
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