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Abstract. Partial DifferentialequationgPDE),wavelets-basethethodsindneigh-
borhood Iters were proposedas locally adaptve machinesfor noiseremoval.
RecentlyBuadesColl andMorel proposedheNon-Local(NL-) meanslter for
imagedenoising.This methodreplacesa noisy pixel by the weightedaverageof
otherimagepixelswith weightsre ecting the similarity betweeriocal neighbor
hoodsof the pixel beingprocessedndthe otherpixels. TheNL-meanslter was
proposedas an intuitive neighborhoodlter but theoreticalconnectiongo dif-
fusion and non-parametri@stimationapproachesrealsogiven by the authors.
In this paperwe proposeanotherbridge,andshowv thatthe NL-meansliter also
emepgesfrom the Bayesianapproachwith new argumentsBasedon this obser
vation,we shav how the performancef this Iter canbesigni cantly improved
by introducingadaptve local dictionariesanda new statisticaldistancemeasure
to comparepatchesThe new BayesianNL-meanslter is betterparametrized
andthe amountof smoothingis directly determinedy the noisevariance(esti-
matedfrom imagedata)giventhe patchsize.Experimentakesultsaregiven for
realimageswith arti cial Gaussiamoiseaddedandfor imageswith realimage-
dependenhoise.

1 Intr oduction

Denoising(or restoration)s still a widely studiedandan unsolhed problemin image
processingMany methodshave beensuggesteth theliterature,andarecentoutstand-
ing review of themcanbefoundin [4]. Someof the moreadvancednethodsarebased
on PDEs[28,29,33,37] andaim at preservinghe imagedetailsandlocal geometries
while removing the undesirablenoise;in generalaninitial imageis progressiely ap-
proximatedby ltered versionswhich are smootheror simplerin somesenseOther
methodsncorporateaneighborhooaf thepixel underconsideratiomndperformsome
kind of averagingon the gray values.One of the earliestexamplesfor such Iters has
beenpresentedy Lee [23] anda recentevolution is the so-calledbilateral lter [34]
with theoreticalconnectiongo local mode Itering [38], non-lineardiffusion[3, 5] and
nonlocalregularizationapproachef27,12].

However, naturalimagesoften containmary structuredoatternawvhich canbe mis-
classi ed either as detailsto be presered or noise,when usualneighborhoodlters
areapplied.Very recently the so-calledNL-meanslter hasbeenproposedy Buades



et al. [4] that candeal with sucha “structured” noise:for a given pixel, the restored
gray valueis obtainedby the weightedaverageof the gray valuesof all pixelsin the
image;eachweightis proportionalto the similarity betweenthe local neighborhood
of the pixel being processeand the neighborhoodorrespondingo the otherimage
pixels. A similar patch-basedegularizationapproachbasedon the key ideaof itera-
tively increasinga window at eachpixel andadaptvely weightinginput datahasbeen
alsoproposedn [21] with excellentresultson a commonly-usedmagedatabasé¢31].
The succes®f the NL-meanslter (see[21,22,26,25,7,16,2]), inspiredby the Efros
and Leung's exemplarbasedapproachfor texture synthesig11], is mainly relatedto
imageredundang. A similarideawasearly andindependentlyproposedor Gaussian
[9] andimpulsenoise[36,39] removal in imagesandmorerecentlyfor imageinpaint-
ing [8]. Similarities betweenimage patcheshave beenalsousedin the early 90's for
texture segmentation[15, 20]. More recently otherrecentdenoisingmethodsdemon-
stratedthatrepresentationsasedn localimagepatcheoutperformthe bestdenoising
methodsof the state-of-the-arf1,21,10,18,13]; in [32], patch-basedlarkov random
eld (MRF) modelsandlearningtechnique$iave beenintroducedo capturenon-local
pairwiseinteractionsandweresuccessfullyappliedin imagedenoising.

In this paper we presentnew Bayesiammotivationfor the NL-meanslter brie y
describedn Section2. In Section3, we adoptablockwise(vectorial)representatioand
introducespatiallyadaptve dictionariesin the modelingfor bettercontrastrestoration
(Section4). Using the proposedBayesianframewvork, we revise the usual Euclidean
distanceusedfor patchcomparisonyielding to a Iter which is betterparametrized,
andwith ahigherperformanceln Sectiord, we alsoshav how smoothpartsin theim-
agecanbearebetterrecoveredif the restoredmageis “recycled” once.Experimental
resultson arti cial andrealimagesarepresentedn Section5, andthe performances
very closeto the mostcompetitive denoisingmethodslt is worth noting thatthe pro-
posedmodelingframework is generaland could be usedto restoreimagescorrupted
by non-Gaussianoisesn applicationssuchasbiomedicalimaging(microscoyy, ultra-
soundimagery ...) or remotesensing.

2 Image denoisingwith the NL-means lter

In this sectionabrief overview of the NL-meansnethodintroducedn [4] is presented.
Consideragray-scalémagez = (z(x))x2 de nedoveraboundeddomain R2,
(whichis usuallya rectangle)andz(x) 2 R. is the noisy obsened intensityat pixel
X 2 . TheNL-meanslter isde nedas

NLz(x) = CL
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whereNL z(x) at pixel X is theweightquverageof all grayvaluesin theimageand
C(x) isanormalizingfactor i.e.C(x) = w(X;y). Theweightsw(x; y) de ned
as
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expressthe amountof similarity betweenthe vectorizedimagepatchesz(x) andz(y)

(or neighborhoodspf eachpair of pixels x andy involvedin the computation.The
decayparameteh 12 actsasa ltering parameterA Gaussiarkernel G;( ) of

standardieviation a is usedto take into accounthe distancetbetweeﬁthe centralpixel

andotherpixelsin the patch.In (2), the pixel intensitiesof a™ n n squareneigh-
borhoodB (x) centeredat pixel x, aretaken and reorderedexicographicallyto form

an-dimensionalectorz(x) := (z(Xk);Xx 2 B(x)) 2 R". In [4], it wasshowvn that
7 7 patchesareableto take careof thelocalgeometriesandtexturesseenn theimage
while removing undesirablalistortions. Therangeof the searchspacdan the NL-means
algorithmcanbe aslarge asthe wholeimage.In practice,it is necessaryo reducethe
total numberof computedweights—|j | weightsfor eachpixel — to improve the per

formanceof the algorithm. This canbe achiesed by selectingpatchesn a semi-local
neighborhoodorrespondingo asearctwindow (x) of 21 21pixels.TheNL-means
Iter wewill now consideris thende ned as

1 X 2_p2 X 2_p2
NLhZ(X) - ek z(x) z(y)k=h Z(y), C(X) - ek z(x) z(y)k“=h (3)
C(X)yZ () y2 (%)

where, for the sale of 6imp|i<ﬂ'ty, k k denotesthe usual 2-norm. In practice,it is
justrequiredto setthe ™ n n patchsize,the searchspace (x) andthe ltering
parameteh. Buadestal. shovedthatthis Iter substantiallyoutperformghebilateral
Iter [34] andotheriterative approachef33].

Since,severalacceleratedersionsof this Iter have beenproposed26,7]. In [4],
Buadestal. recommendethevectorial (or blok-basedNL-meanslter de ned as

1 X k z(x) z(y)k?=h? X k k2=h?
NLnz() = ==~ e NET2(y); Co = el 20 2T ()

(X)y2 (x) y2 (x)
which amountsto simultaneouslyrestorepixels of a whole patchz(x) from nearby
patches.The restoredvalue at a pixel x is nally obtainedby averagingthe differ-
ent estimatorsavailable at that position[4]. This Iter canbeenconsiderecasa fast
implementatiorof the NL-meansilter , especiallyif theblocksarepickedup onasub-
sampledgrid of pixels. In this paper the proposedlter is inspiredby this intuitive
vectorial NL-meanslter [4], but alsoby otherrecentacceleratedrersions[26,7], as
explainedin the next sectionsTherelatedBayesiarframevork enablego establisithe
relationshipsetweenthesealgorithms,to justify someunderlyingstatisticalassump-
tions andto give keys to setthe control parameter®f the NL-meansilter . It is worth
notingthatthis framewvork couldbealsousedto remove noisein applicationdor which
thenoisedistribution is assumedo be known andnon-Gaussian.

3 A Bayesianrisk formulation

In a probabilisticsetting,the imagedenoisingproblemis usually solvedin a discrete
setting.The estimationproblemis thento guessa n-dimensionalpatchu(x) from its
noisyversionz(x) obsenedatpointx. Typically, theunknown vectorizedmagepatch



u(x) isde nedasu(x) = (U(xx); Xk 2 B(x)) 2 R" whereB (x) de nesthe” n P @

squareneighborhoodf point x andthe pixelsin u(x) areorderedlexicographically
Let us supposenow thatu(x) is unknovn but we canobsere z(x) = f (u(x);v(x))

wherez(x) = (z(Xk); Xk 2 B(x)), v(x) representsoiseandf () is alinearor a
non-linearfunctionrelatedto theimageformationprocessThenoisev (x) is arandom
vectorwhich componentsreiid, andu(x) is consideredas a stochasticvectorwith

someunknowvn probability distribution function (pdf).

Conditional meanestimator To computethe optimalBayesiarestimatoifor thevec-
tor u(x), it is necessaryo de ne an appropriatdoss function L (u(x); b(x)) which
measureshe lossassociateavith choosingan estimatorb(x) whenthe true vectoris
u(x). Theoptimalestimatorb ,p(x) is foundby minimizing theposteriorexpectedoss

X
E[L (u(x); b(x))] = L (u(x); b(x)) p(u(x)iz(x));

u(x)2

taken with respecto the posteriordistribution p(u(x)jz(x)) and denoteghe large
spaceof all con gurationsof u(x) (e.gj j = 256" if u(x) 2 f0; ;2559). The
lossfunction usedin mostcasess L(u(x);b(x)) = 1 (u(x); b(x)) wherethe
function equalsl if u(x) = b(x) andO0 otherwise.Minimizing E[L (u(x); B(x))] is
thenequivalentto choosebop(x) = argmaxp(u(x)jz(x)), with the motivation that
this shouldcorrespondo the mostlik ely vectorgiventhe obsenationz(x). However,
thislossfunctionL (u(x); b(x)) maynotbethe mostappropriatesinceit assign® cost
only to the perfectsolutionandunit costto all otherestimatorsAnotherthoughtwould
beto usea costfunctionthatdepend®n the numberof pixelsthatarein errorsuchas
L(u(x);b(x)) = ku(x) b(x)k?. Assumingthis quadratidossfunction,the optimal
Bayesiarestimatoiis then

X X
bop(x) = arg ggixr; ku(x)  BOOK p(u(x)jz(x)) = u(x) p(u(x)jz(x)):
u(x) u(x)
Referredasthe conditionalmeanestimatoybop{x) canbealsowritten as
P
PU(X);Z(X)) _ ) YOIPE()jU (X)) P(u(X))
p(z(x)) " o PEOJU)) p(u(x))

X
bop(x) = u(x)

u(x)

()

by usingthe Bayes'andmarginalizationrules,andp(z(x)ju(x)) andp(u(x)) respec-
tively denotethedistribution of z(x)ju(x) andthe prior distribution of u(x).

Bayesian Iter and image redundancy Ideally, we would like to know the pdfs
p(z(x)ju(x)) andp(u(x)) to computebop(x) for eachpoint x in the imagefrom a
largenumberof “repeatedobsenations(i.e. images)Unfortunatelywe have only one
imageat our disposal meaningthat we have to adoptanotherway of estimatingthese
pdfs. Dueto the factthatthe pdfs p(z(x)ju(x)) andp(u(x)) cannotbe obtainedfrom

a numberof obsenationsat the samepoint x, we chooseto usethe obsenationsat a
numberof neighboringpointstakenin a semi-localneighborhoodor window)  (x).

Thewindow (x) needsto be not too large sincethe remotesamplesarelikely less



signi cant andcanoriginatefrom otherspatialcontects. We thenassumehat this set
of nearbysamplesnaybeconsideredsa setof samplegrom p(u(x)jz(x)).
Moreformally, we supposehatp(u(x)jz(x)) isunknown,butwehaveasetf u(xs);
u(x2); ;U(Xn (x))9 of N(x) posteriorsamplestakenin  (x). In what follows,
j (x)j is x edfor all thepixelsbutthesizeN (x) | (x)j is spatiallyvaryingsince
irrelevantandunlikely samplesn (x) arepreliminarily discardedFromthis set,we
startby examiningtheprior distribution p(u(x)). A rst naturalidealwouldbeto intro-
duceMRFsandGibbsdistributionsto captureinteractionshetweerpixelsin theimage
patch but the MRF framework involvesthecomputationallyintensive estimatiorof ad-
ditional hyperpaametes which mustbe likely adaptedo eachspatialposition. Due
to the hugedomainspace , a computationahlternative is thento setp(u(x)) to uni-
form, i.e. p(u(x)) = 1=N(x). This meansthereis no preferenceo choosea vector

u(x;) inthesetfu(xi); ;u(Xn(x))gassumedo becomposedf N (x) preliminar
ily selected'similar” patchesThen,we have the following approximationgsee[17]):
Xi) X
1 . .
N (<) u(x;)p(z(xi)ju(x;)) © u(x)p(z(x)ju(x)) p(u(x));
o= u(x)
1 Xi) . o X _
NWERY p(z(xi)ju(x;)) ! p(z(x)ju(x)) p(u(x));
NG o u(x)
andwe canproposeareasonablestimatorby (x;) for bop(x):
P .
Mo e ulx)pzx)ju(x))
b (xi) = PN : : (6)
e e pzea)iu(x;))
Neverthelesswe donothavethesetfu(xy); ;u(Xn (x))d, butonly aspatiallyvary-
ingdictionaryD(x) = fz(x1); ;Z(Xn (x))9 composeaf noisyversionss available.

A wayto solvethis problemwill bethento substitutez(x; ) to u(x; ) in (6) asshavnin
thenext sectionIn asecondstep,this estimatomwill bere ned by substitutingthe “ag-
gregated”estimatorcomputedrom by (X; ) (seebelow) to u(x; ). Indeed therestored
patchat pixel x; is abetterapproximatiorof u(x; ) thanthe noisy patchz(x; ) usedas
a“pilot” estimatorandthe performancewill beimprovedatthe secondteration.

Aggregationof estimators Theestimator(6) requiresspatiallysliding windows over
thewholeimagefor imagereconstructionHence a setof L (constanfor uniformim-
agesub-samplingfoncurrenscalarvaluesby .1 (x;); bn:2(x;); s bn. (%) is calcu-
latedfor the samepixel x; dueto the overlappingbetweerpatchesThis setof compet-
ing estimatorsnustbefusedor aggregatedinto theone nal estimatom(x;) atpixel x;.
Actually, whenno estimatoiis a“clearwinner”, onemaypreferto combinethedifferent
estimatordiy.1(x;); bn:2(xi);  ;bn. (X)) andanaturalapproachwell-groundedn
statisticg[6], is to usea corvex or linearcombinationof estimatord19, 10]. Here,our
aggregateestimatomay (x;) is simply de ned asthe averageof competingestimators:

1 X
ey (Xi) = n b (xi): (7)
1=1
In practice patchesrepickedup onasub-sampledrid (e.g.factor3) of pixelsto speed

up thealgorithmicprocedurde.g.factor8), while preservinga goodvisualquality.



4 BayesianNL-means lter

As explainedbefore,to computeby (x;), we rst substitutez(x) to u(x) in (6). This
yieldsthefollowing estimator

P nix .

NG gen ) PEO0)IZ(X)2(x)
LT NOD p(x)jz(x;)
N(xi) =1 i1Z2LX

b (xi) (8)

whichcanbecomputationallycalculatecbrovidedthepdfsareknown. It is worth noting
thatp(z(xi)jz(x;)) is notwell de nedif x; = x; andit couldberecommendetb set
p(z(xi)ju(x;)) max; e x; P(z(Xi)jz(x;j)) in (8) (see[22]). The centraldatapoint
involvedin the computationof its own averageis thenre-weightedto get the higher
weight. Actually, the probabilityto detectan exacg)copy Bf z(x;) corruptedby noisein
the neighborhoodendsto 0 becaus¢hespaceof ™ n n patchess hugeand,to be
consistentit is necessaryo limit thein uence of the centralpatch.
In theremainderof this sectionwe shallnow considetthe usualimagemodel

zZ(x) = u(x) + v(x) 9)

wherev (x) is an additive white Gaussiamoisewith variaan 2. We will furtheras-
sumethatthelik elihoodcanbefactorizedasp(z(x;)jz(x; )) = Ezl pP(z(Xix )jz(Xjx ))
with Xjx 2 B(xi) andx;x 2 B(x;). It followsthatz(x;)jz(x;) follows a multivari-
atenormaldistribution, z(x;)jz(x; ) N (z(x;); 2l,) wherel , is then-dimensional
identity matrix. From(8), the Iter adaptedo white Gaussiamoiseis thengivenby

1 WXI) 2_ 2 '\§<X|) 2_ 2
ek z(xi) z(xj)k=(2 )Z(Xj ) with C(Xi) - ek z(xi) z(xj)k“=(2 )(10)
j=1 =1

If we arbitrarily setN (x;) = N to aconstanvalueandh? = 2 2, this lter is nothing
elsethanthevectorial NL-meansilter givenin (4). However, it is recommendetb set
h 12 in [4] to producesatisfyingdenoisingresults.In our experimentsijt is also
conrmedthath 5 isgoodchoiceif we use(3) and(4) for denoisingActuﬂlX, the
ltering parameteh is actuallysetto a highervaluethanthe expectedvalue 2 in
practicalimaging.In the next sectionswe shall seehow this parametecanbe better
interpretecandtheoreticallyestimated.

Spatially adaptive dictionaries The Iter (10) canbere ned if the adaptve dictio-
naryD(x;) = fz(x1); ;Z(Xn(x;))9 aroundx; is reliably obtainedusingan off-line
procedureSinceD(X;) is assumedo be composef noisyversionsof themorelik ely
sampledrom the posteriordistribution p(u (x;)jz(x;)), theirrelevantimagepatchesn

(xi) mustbediscardedn apreliminarystep.ConsequentlythesizeN (x;) is adaptve
accordingto local spatialcontets anda simpleway to detecttheseunwantedsamples
canbe basedon local statisticalfeaturesbetweenmagespatchesin our g}(periments,
we have considertwo basicfeaturgsthatis the meanm(z(x)) = n 1Rl z(xk)
andthe variancevar(z(x)) = n ! Ezl (z(xx) m(z(x)))? of avectorizedpatch
z(x) = (z(xk); Xk 2 B(X)).



Intuitively, z(x;) will be discardedfrom the local dictionary D(x;) if the mean
m(z(x;)) is too “far” from the meanm(z(x;)) wtbenz(x,-) andz(x;) arecompared.
More formally, if jm(z(x;)) m(z(xi))j > = n,where 2 R, ischosemsa
quantileof the standarchormaldistribution, the hypothesighatthe two patcheelong
to the same“population” is rejected.Hence,setting = ’3pg_iven P(im(z(x;j))
m(z(x;))] =n)=1 ,yieldsto = 2(1 ( = 2)) = 0:.034where
meanghe Laplacedistribution.

Similarly, thevariancevar(z(x; )) is expectedo becloseto thevariancevar(z(x;))

for the centralpatchz(x;). A F -test is useda'ndt'heratio F = mf\‘,’::((;((:]’ )))) \‘f::((i((: ))))))
is comparedo a thresholdT ., 1 to determineif the valuefalls within the zone of
acceptancef the hypothesighatthe variancesareequal. The thresholdT ., ; isthe
critical valuefor the F -distributionwith n 1 degreesof freedomfor eachpatchand
asigni cancelevel . Typically, when7 7 patchesarecomparedwe have P(F >
To.0s5;48 = 1:6) = 0:05. If theratio F exceedsthevalueT ;, 1, thesamplez(x;) is
discardedrom thelocal dictionaryD (X;).

Thisformal descriptionis relatedto theintuitive approactproposedn [26,7,16] to
improve the performancef the NL-meansilter .

New statistical distance measute for patch comparison In this section,we pro-
poseto revise the distanceusedfor patchcomparisonyielding to a NL-meanslter
whichis betterparametrizedin (3) and(4), it is implicitly assumedhatz(x;)jz(x;)
N (z(x; ); $h?1,,). Actually, this hypothesiss valid only for non-overlappingandsta-
tistically independenpatcheshut mostof patchesoverlappedn (x) since (x) is
notsolarge(e.g21 21pixels).At theoppositejf z(x; ) is horizontally(or vertically)
shifted by one pixel from the locationof z(x; ), z(x;)jz(x; ) is expectedto follow a
multivariate Laplaciandistribution. However, this statisticalhypothesisdoesnot hold
true for arbitrarylocationsof overlappingpatchesn (x). The adjugrpenbf the de-
cayparameteh 5 in (3)toavaluehigherthattheexpectedvalue 2 is probably
relatedto the factthatthe two comparedpatchesarenot independentNote that some
pixel valuesarein commonin thetwo vectorsbut at differentlocations.
Hence,p(z(x;)jz(x;)) mustbe carefully examinedandwe proposethe following
de nition for the likelihood: p(z(xi)jz(x;)) / e &z 2k Typically, we can
choose (t) = t?2 or (t) = jtj (or a scaledversion)to comparepatchesHere,we
examinethe distribution of kz(x;)  z(x; )k from thelocal dictionaryD(x;) to deter
mine . First,it canbeobseredthatE[kz(x;) z(X;)K] is non-zeran mostcasesand
the probabilityto nd anexactcopy of z(x;) in  (x) tendsto O, especiallyif (x) is
large. Themaximumof theassumedero-meamultivariateGaussiamistributionin (3)
shouldbethen“shifted” to E[kz(x;) z(x; )K]. However, thistrainingstepcouldbehard
in practicesinceit mustadaptedo eachspatialposition,andwe proposensteado use
asymptotiaesults Actually, we have alreadyassumedz(xix ) z(Xjx)) N (0;2 2)
whentwo pixelstakenin z(x;) andz(x;) 2 D(x;) arecomparedHence the normal-
ized distancedist(z(xi); z(xj)) = kz(xi) z(x;)k?=(2 2) follows a chi-square 2
Bistrithion with n degreesof freedom.For n large(n  25), it can bﬁ proved that
2dist(z(x;); z(x; )) is approximatelynormally distributedwith mean” 2n 1 and

4 TheF -distritution is usedto comparehe varianceof two independensamplegrom anormally distributedpopulation.



unit variance:

1P 2dist(z(x;); z(xj)) p2n 1 ’ (12)

kz(xi) z(x)K?*  Kkz(x;) z(x)k 2n 1

22 (=2n 1) 2

p P 2dist(z(x;);z(x;) | exp

| exp

Accordingly, we de ne thelikelihoodasp(z(x;)jz(x;)) / expp (kz(xi)  z(xj)k)
andchoose (t) = at?> btj+ cwitha = 1=2 2),b= "2n 1= andc =
(2n  1)=2 dependingonly on the patchsizen andthe noisevariance 2. From our
experiments,it was con rmed that no additional adjustmentparametelis necessary
providedthe noisevarianceis robustly estimatecandthe performanceés maximumfor
thetruenoise'yarianceasexpectedFigurel (bottom-right)shavsthefunctionse t*=h?
ande (U= " 20 D’=2pygettingn = 49, 2= landh = 5 ,andthenillustrateshow
datapointsare currentlyweightedwhenthe original NL-meanslter andthe so-called
AdaptiveNL-meanslter (ANL) de ned as

'\5@(1) ) . 2
exp % ka(xi) 2(xj)k P 2n 1 z(x))
j=1
ANL ., z(xi) = - (12)
' wxl) . ) 2
exp % kz(xi) z(x;)k P 1

j=1

whereN (x;) = # D (x;)g, areapplied.Note thatthe dataat point x; shouldpartic-
ipatesigni cantly to theweightedaverage Accordingly, sincep(z(x;)jz(x; )) tendsto 0
whenx; = x; in (12),wearbitrarilydecideto setp(z(xi)jz(xi))  max; e x; P(z(Xi)jz(X;))
asexplainedbefore(seealso[22]).

BayesianNL-means Iter and plugin estimator In theprevioussectionsz(x;) was
substitutedo u(x; ) in (6) to give (8) andfurther (12). Now, we arefree to substitute
thevectoraani(X; ) of aggreatedestimator§computedrom the setof restorecblocks
fANL ., z(X;)g, see(7)) to u(x; ). This plugin ANL estimatorde ned as

Nyxi) ) ) 2
exp % 2kz(xi) ea(Xj)k P 1 @c(X))
ANL e (1) = s ;19
exp } 2 kZ(Xi) BANL(Xj )k p on 1

i=1 2

is expectedto improve the restoredimagesince eanL(Xj ) iS a betterapproximation
of u(x;j) thanz(x;). In (13) the restoredimageis regycled but the weightsis a re-
scaledfunction (theoreticallyby a factor2) of the distancebetweenthe “pilot” esti-
mator eanc(Xj) given by (12) andthe input vectorz(x;). The estimatorsare nally
aggreyatedto producethe nal restoredmage(see(7)).



5 Experiments

In this section,we evaluatethe performanceof differentversionsof the Bayesian|-
ter andthe original NL-meanslter usingthe peaksignal-to—nlgiseratio (PSNRIin db)
de ned asPSNR= 10l0g,((255°=MSE) with MSE=j j 1, (z0(x) b(x))?
wherez, is the noise-freeoriginal image.We alsousethe “method noise” described
in [4] which consistsin computingthe differencebetweenthe input noisy imageand
its denoisedversion.The NL-meanslter (see(3)) wasappliedwith h = 5 andour
experimentshave beenperformedwith 7 7 patchesand15 15 searchwindows,
correspondingo thebestvisualresultsandthebestPSNRvalues For all the presented
resultswe setTo.0s.;n 1 = 1:6and o.034 = 3to build spatiallyadaptve dictionaries.

Thepotentialof theestimatiormethodis mainlyillustratedwith the512 512Lena
andBarbara imagescorruptedby an additive white-Gaussiamoise(WGN) (PSNR=
22.13db, = 20). We comparedhe original NL-meansalgorithmwith the proposed
modi cationsandFig. 1 shovsthedenoisingesultsusingseveral lters (n = 7 7and
N = 15 15):i) theNL-meanslter NL,z whenthesimilarity is only measuredy the
Euclideandistance(see(3)); ii) thevectorialNL-meanslter NL;,z with sliding blocks
but no spatialsub-samplindsee(4)); iii) our AdaptiveNL-meanslter ANL .,z which
includesadaptve dictionariesanda similarity measuréoasedon the new distance(see
(12)); iv) the plugin AdaptiveNL-meanslter ANL .,aan_ (See(13)). In mostcases,
the PSNRvaluesareslightly affectedif a spatialsub-samplingby a factor3) is used
in theimplementationput the time computingis drasticallyreducedspeeds 8 times
lessthanbefore):the implementatiorof the fast AdaptiveNL-meansliter took 10 sec
onasingle-CPUPC2.0Ghzrunninglinux, andthefull AdaptiveNL-meanslter (with
no spatialsub-samplingXook 75 secfor denoisinga 512 512 image(seetablein
Fig. 1). In thesepracticalexamples,the useof spatiallyadaptve dictionariesenables
to enhancecontrastsNote that the residualnoisein at zonesis morereducedwith
no additionalblur, when ANL ., ean. is applied.In Fig. 2, we modi ed the estima-
tion of noisevarianceto assesshe sensitvity of this parameteon ltering results.In
generalthe PSNRvalueis maximumwith thetruevalue(e.g. = 20in Fig. 2) but
decrease§ this valueis underestimatedor overestimatedln Fig. 2, the estimated
noisecomponents similar to a simulatedwhite Gaussiamoisebut containsfew geo-
metric structuresf we underestimateor over-estimatethe noisevariance.To evaluate
the performancef those lters, we reportedthe PSNRvaluesfor differentversionsof
theNL-meansilter . In table1, the numericalresultsareimprovedusingour lter , with
performancevery closeto competitve patch-basedienoisingmethods.Note that the
bestresults(PSNRvalues)wererecentlyobtainedby Itering in 3D transformdomain
andcombiningsliding-window transformprocessingvith block-matching10].

In the secondpart of experimentswe have appliedANL ., ean. to restoreanold
photographFig. 3 - left column);in thatcasethe noisevariances estimatedrom im-
agedata(se€[21]). Neverthelessin realdigital imaging,imagesarebetterdescribedy
thefollowingmodelz(x) = u(x)+ u (x)"(x) wherethesensonoiseu (x)"(x) isde-

ned asafunctionof u(x) and"(x) is azero-mearGaussiamoiseof variance 2. Ac-
cordingly, thenoisein brightregionsis higherthanin darkregions(seeFig. 2 - second
column).Fromexperimentson real digital images14], it wascon rmed that 0:5
( = Ocorrespondso WGN in the previousexperiments)Accordingly, we modify the



noisyimage(

Timings Lena Barbara

512 512 512 512
NL, z 58.1sec| 31.85db 30.27db
NL, z 96.2sec | 32.04db 30.49db
ANL ., z 75.2sec| 32.51db 30.79db
ANL ., 8anL 173.3sec| 32.63db 30.88db
FastANL ., z 10.6sec 32.36db 30.61db
FastANL ., ean. | 21.2sec| 32.49db 30.71db

Fig. 1. Comparisonsf differentNL-meanslter s. Fromtopto bottomandfrom left to right: partof noisyimages(Barbara,
Lena = 20), NL-meanslter, vectorial NL-meanslter , AdaptiveNL-meanslter , plugin AdaptiveNL-meanslter ;
numericalresultsfor each Iter; comparisorof exponentialweightsfor the original NL-meansiter (blue dashedine) and
for the AdaptiveNL-meanslter (solid greenline) (seetext).

normalizeddistanceas follows: dist(z(x;); z(x;)) = lﬁ(xi) z(xj )k?=(2 2z(x;))
with 2 [1:5; 3]. Moreover, thismodelz(x) = u(x) +  u(x)"(x) hasalreadybeen
consideredo denoiselog-compressediltrasonicimages[24]. Preliminaryresultsof
ANL ., ean. With this modelis shavn in Fig. 3, whenappliedto two log-compressed
ultrasonicimagesanda cryo-ElectronicMicroscopy image(cross-sectiorof a micro-
tubule (10-30nm)) wherebrightsareasaresmootheithandarkareas.

6 Conclusion

We have describeda Bayesiammotivationfor theNL-meanslter andjustify someintu-
itive adaptationslescribedn previouspaperd4, 26,7]. Theproposedramework yields
to a lter whichis betterparametrizedthe sizeof the adaptve dictionaryandthe noise
variancearecomputedrom the inputimage,andthe patchsizemustbelargeenough.
Our Bayesiampproachasbeenusedto remove image-dependemtoiseandcould be
adaptedn applicationswith appropriatenoisedistributions.A morethoroughlyevalu-
ationwith othermethodd1, 2, 35,16], andrecentimprovementsf the NL-meansilter
describedn [5], would be alsodesirable.
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=15
PSNR=28.91db

=18

PSNR=32.03db

= 20
PSNR= 32.63db

=22
PSNR= 32.29db

=25
PSNR=31.29db

= 20) with differentestimationof the noisevarianceandexperimentswith the “methodnoise” (bottom).

Fig. 2. Denoisingwith the plugin AdaptiveNL-meanslter ANL ., &an. oOf thearti cially corrupted_enaimage(WGN,

20is Sogins 2oeer 2o R FPsR [ Lena Barbara Boals HougePeppes
PSNR 3 3 . . .19 2 2 2 2 2
ANL ., BanL | 3263 3088 3016 3324 3075 512 512 512° 256~ 256
NL-meansiter 3185 30 2042 3224 2086 5/34.15{37.98 36.93 36.39 38.89 37.13
Daba etal. [10] 33.03 |31.77| |30A65| |33.54| |30‘87| 10/28.13| 35.25 33.82 33.18 35.67 33.87
Eladetal. [13] 3238 3083 3036 3320 3082 15/24.61| 33.68 32.21 31.45 34.23 32.06
Kervranretal. [21] | 32.64  30.37  30.12 3290 30.59 20/22.11| 32.63 30.88 30.16 33.24 30.75
Portillaetal. [31] 32.66 30.32 30.38 32.39 30.31 25/20.17| 31.55 29.77 29.11 32.30 29.77
Rothetal. [32] 31.92 2832 2985 3217 3058
Rudinetal. [33] 30.48 27.07 29.02 31.03 28.51 50/14.15| 27.51 24.91 25.13 27.64 23.84
Table 1. left: performanceof differentmethodswhen appliedto test noisy (WGN) images(NL-meanslter NLyz is

implementedasin (3) andthe maximumweightingw (x; y) atx = y isgivenby w(x; x) = max xe y W(X; y)) ; right:
performancef the plugin AdaptiveNL-meanslter ANL ., e an. for differentsignal-to-noiseatios(WGN).
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