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Mesh Denoisingby Averaging with Similarity-based Weights
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Figurel: DenoisingAngel modelwith Non-Localmeans.(a) Original noisy mesh( at-shadingis used).(b) Original noisy meshcolored
by meancurvature;the curvature map helpsus to identify surfacedefectsandroughness.(c) Coloring by similarity. A meshverte is
choserattheleft cornerof theright eye of the original mesh.Themeshis coloredaccordingto a similarity with the shapeof themodelat
thechosenvertex. Thesimilarity increase$rom white to blue. Theverticeswith highersimilarity valueshave a strongercontritutionto the
new (smoothedpositionof the choservertex. (d) Meshis smootheddy the similarity-basednethoddevelopedin this paper( at-shading
is used).(e) Smoothedneshcoloredby meancunature;the cunaturemapindicateshigh quality of the smoothedsurface.

Abstract

In this paper we proposea new and powerfulshapede-
noisingtechniquefor processingsurfacesapproximatedby
triangle meshesindsoups.Our approad is inspiredby re-
centnon-localimage denoisingschemesand naturally ex-
tendsbilateral meshsmoothingmethods. The main idea
behindthe approad is verysimple A new positionof ver
tex P of a noisy meshis obtainedas a weightedmeanof
meshverticesQ with nonlinearweightsre ecting a simi-
larity betweerocal neighborhoodsf P andQ. Wedemon-
stratethatour techniqueoutperformgecentstate-of-the-art
smoothingnethodsWe alsosuggesta new schemeor com-
paring differentmesh/souplenoisingmethods.

1 Intr oduction

Real-world signalsdo notexist withoutnoise.Denoising
digital imagesandtheir 3D geometrycounterpartspolyg-
onal meshesand point clouds, remainsto be an active
areaof research.In geometricmodeling,recentadvances
in developing featurepreservingsmoothingtechniquesn-
clude diffusion-driven methods[23, 13], projection-based
approache$8, 20], andthe so-calledbilateralmesh lter -
ing scheme$9, 14]. Thelatterwereinspiredby imagepro-
cessingtechniquedasedon spatial-tonalnormalizedcon-

volutions[22, 24] whichin their turn canbe consideredas
generalizationsf the Yaroslasky neighborhooditer [25].

Very recently the so-calledNon-Localmeans(or NL-
mean$ concept,a naturalandelegant extensionof the im-
age bilateral ltering paradigmwas proposedby Buades,
Coll, and Morel [5, 6, 4]. The NL-meansmethodwas
inspiredby the famousTexture-Synthesis-by-Examphp-
proachof EfrosandLeung[7]. The methodandits appli-
cationsand extensionsare currently a subjectof intensive
researchn imageandvideoprocessingl15, 17]. Thebasic
ideabehindNL-meansis very simple: for a given pixel, its
new (denoised)ntensity valueis computedas a weighted
averageof the otherimage pixels with weightsre ecting
the similarity betweerlocal neighborhoodsef the pixel be-
ing processedndthe otherpixels. A similarideawasin-
dependentlyproposedin [2] whereit was usedfor video
enhancemerurposes.

In this paper we extendthe NL-meansconceptto mesh
denoisingand develop a nev mesh smoothing method
which has a number of important advantagesover the
main state-of-the-artmesh denoisingtechniques. Fig.1
demonstratetheideaandpotentialof our NL-meansmesh
smoothingmethod.

Recently semi-localsimilarity-basedshapedescriptors
recevved a considerablattentionin connectionwith shape
matching,retrieval, and modelingapplications[3, 10, 11,
21, 27] which aretoo expensve for practicalmeshsmooth-



Figure2: Center:"Trui” imagecorruptedby noise. Left: smoothedy bilateral Itering; the differencebetweenthe original noisy and
smoothedmagescontainsimportantimagestructures.Right: smoothedy NL-means Iter of BuadesColl, andMorel; the difference
betweenthe noisy and NL-smoothedmagescontainsmuchlessfeaturesof the original image. Thusthe NL-means Iter doesa much

betterdenoisingob thanthebilateral Iter .

ing. Theapproachwe usein this paperis muchsimpler

The restof the paperis organizedas follows. In Sec-
tion 2, we brie y overview the Non-Localmeansapproach
of Buades,Coll, and Morel. We also explain their very
simple and extremely useful SNR (Signal-to-NoiseRatio)
analysisof theimagesmoothingprocess.In Section3, we
presenbur similarity-basednethodfor meshdenoising.In
Sectiord, we compareour methodwith two state-of-the-art
meshdenosingechniquesnddiscussadwvantagesandlim-
itationsof the method. For the comparisonwe extendthe
SNRanalysisof Buadesetal. from imagesto meshesWe
concludein Sectionb.

2 Image Filtering with NL-means.

Consider a gray-scaleimage 1 (x) dened over a
boundeddomain (whichis usuallyarectangle)The NL-
meanslter is de ned by

Z
J(X) = i

cx w(x;y)l(y)dy; 1)

wherethe convolution kernelw(x;y) is givenby
1 Z
exp 5 Gatil(x ) Iy bifdt ; @
andmeasures sigilarity betweemeighborhoodsf pixels
x andy,C(x) =  w(x;y)dy isanormalizingfactor and
Ga( ) is aGaussiarkernelof standarddeviation a. Hereh
anda are ltering parameters.

In practicentegrationin (2) is performedoveraa x ed-
size smallwindow. The typical window size variesfrom
5 5t09 9

A pictorialexplanationof theNL-meansmethods given
in Fig. 3.

While theNL-meansmethodis slow, it substantiallyout-
performsthe bilateralschemeandothersimilar lters. The
adwantagef the NL-meansmethodare especiallymani-
festedby processingmageswith complex texture patterns.
We comparehe NL-meansandbilateral Iters in Fig.2.

Buades,Coll, and Morel also suggestech simple and
convenienttechniquefor evaluatingthe quality of image
smoothingmethods[5, 6]. The ideais to considerand
visualizethe differencebetweenthe original noisy image
I (x) and its smoothedversion J(x). If the difference
I (x) J(x) doesnot containgeometricstructuresof the
original image | (x) andlooks like a randomsignal, one
can concludethat the testedsmoothingmethod removes
noiseanddo not destry imagefeatures.(Of course,sim-
ilar SNR-basedechniquesare widely usedin image pro-
cessingsee,for example,[12, 19] andreferencesherein.)
In Fig. 2, we applythe Buadestal. imagedifferencetech-
nigueto demonstrat¢hatthe NL-means|ter substantially
outperformsbilateral Itering in preservingsalientimage
structures.
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Figure3: We measureimilarity w(x; y ) betweertwo imagewin-
dows centeredat x andy by corvolving the squareddifference
betweerthewindows with a Gaussiarkernel.



3 MeshFiltering with NL-means

Given a triangle meshM , considera meshvertex x
and denoteby  (x) the 2 -neighborhoodof x on M :
xX)=fy2M :jx yj 2 g Weusebilateralmesh
smoothing o w of [9] asabasisof our methodanddenoise
M by updatingrepeatediythe positionof eachmeshvertex
X:
X" = X"+ k(x")ng; ©)

whereny is theunit normalatx,

Z

k(x) = 0 wix;y)l(y)dsy;  (4)
5 2™

C(x) = w(x;y)dSy; %)
,(x)

I(y) = my;y  Xi; (6)

DOGy) 2 1) ()

HereS, standsfor the areaelementof M aty, ha; bi de-
notestheinnerproductof vectorsa andb, andD (x;y) isa
similarity kernel.

W(X;y) = exp

Similarity Kernel. The main dif culty of extendingthe
NL-meansapproachto meshesonsistsof de ning an ap-
propriatesimilarity kernelD (x;y).

Considemeshverticesw 2 ,(x),z2 ,(y),and
y 2 ,(x) asshowvn in theleft-topimageof Fig. 4.

Figure4: NeighborandLocal Coordinatesor RBF

Firstwe choosea pair of unittangentvectorst ; andt , in
thetangenplaneof eachmeshvertex x (thetangenplaneat
meshvertex x is theplanepassinghroughx andorthogonal
to meshnormalny). Let usde ne atranslationvectort, a
meshcounterparof theimagetranslationvectort in (2), by

t= (uzvy)= (Myz yishyz yi):

Now let useradialbasisfunctions(RBFs)to build alocal
approximationof the meshin a neighborhoodof x. Let
(uw ; Vi ; Wy ) be the local coordinatesof meshvertex w
w.r.t the basis(t1;t2;ny). Thelocal RBF approximation
nearx is givenby

X
Fx(u;v) = p(u;v) + w (

w2 (x)

uz+v2);  (8)

where () = 2log( ), p(u; V) is alinearpolynomialand
RBF coefcients f |, g areobtainedby solvinga systemof
linearequations

X
Fx (Uw; Vi) = Wy wP(Uw; Vw ) = O
w2 o(X)

We approximatel (x  t) correspondingo I (y t) by
Fx (uz;Vv;), asseenin Fig.4. Finally we de ne thesimilar
ity kernelD (x;y) by

Z
D(x;y) = G L(t)jFx(uz;v.) 1y v)j*dt; (9)
3 (Y)
wherel(y t) = Iny;z xi andG () is a Gaussian
kernel.

4 Resultsand Discussion

In our numerical experiments,we use gcc3.3.5 C++
compileron a 1.7GHz Pentiund computerwith 1GB of
RAM. We usethe N. Max weights[18] for computingthe
meshnormals.

Parameters. Four userspeci ed parametersare usedin
our method:
1. 1, thestandarddeviation of thesimilarity kernel(7);
2. 5 thesizeof theintegrationdomainin (4) and(5);
3. 3, thesizeof thesimilarity domainin (9);
4. n, thenumberof iterationsof (3).

Similarto [14], we make the parameters s proportional
to the averageedgelength e of the evolving meshM =
M "

= e 1=1,23



Ideally ; representshe noisedeviation, thereforesim-
ilar to [9] it could be chosemasa standarddeviation of the
heightsof verticesy for eitherauserspeci ed at regionor
anaveragestandarddeviation of anentiremesh.The other
two coefcients , and 3 areconstanfor themostof mod-
els, similar to theimagecase[6, 4, 15. Accordingto our
experimentssetting , = f1:0;2:0g and 3 = f0:75; 1:0g
leadsto goodresults.

Quality Evaluation and Comparison. We have imple-
mentedtwo recentstate-of-the-artsneshdenoisingtech-
nigues: the Anisotropic Mean Curvature Flow (AMCF)
[13] andBilateral MeshFilter [9]. In our implementation
of AMCF, the weightfor ij edgeis givenby G (kj )h; ,
whereh; is a cotangent-basedeight associatedvith ij
andk; is adirectionalcurvature[16]. In our experiments,
for boththesemethodswe try to chooseparametesettings
producingthe bestresults.

We usetwo visualizationschemedo comparethe tech-
nigueswith our method. The rst schemeconsistsof col-
oring by the meancunature. The secondschememea-
suresthe difference betweenthe original and smoothed
meshes. More precisely we visualize the differencesin
the positionsof the correspondingrerticesof the meshes
jXEOISy Xﬁmoothed ]

We usethreemodelsin our comparisonanoisyFandisk
model(Fig.5), anoisy Dragon-headnodel(Fig. 6), andthe
Angel model(Fig.10). For thesemodels,Table1 presents
timing resultsand parameteisettingsusedfor our method
andourimplementation®f methodsof [13] and[9].

Fig. | Method | n 1 2 3 Time
[13] 3 10 25 1.2s
5 [9] 3 0.25 1 1 0.8s
our 3 0.4 1 0.75| 13.2s
[13] 1]2 10| 100 14.7s
9 [9] 2 1.5 4 1 126s
our 3 0.35 1 | 0.75| 606s
[13] 1 100 25 1.67s
10 [9] 2 0.25 1 |075| 3.7s
our 2 0.25 1 | 0.75] 64.5s

Table1: ParameteiSettingand Timing results.Heren standgor

the numberof iterations. For AMCF [13], i1e and ;e denotes
thestep-siz€implicit schemepndthesize of theGaussiarker

nel, respectiely. For bilateral Itering [9], the deviation of the

hight Gaussiarkernelis equalto 1€, theintegrationdomainsize
is givenby ,e, andthe deviation of the spatialGaussiarkernel

is setequalto ze. Heree denotegshe averageedgelengthof the

evolvingmeshM = M ",

As seenin Fig.8 our methodoutperformsits rivals in
restoringsharpedgesand low-cunature regions. In ad-

dition, the max-normand averageerrorsproducedby the
methodandmeasuredv.r.t. theoriginal cleanFandiskmesh
aresubstantiallysmallerthanthoseof the AnisotropicMean
CunatureFlow [13] and Bilateral Mesh Filter [9]. Fig.9
demonstratethatour methoddeliversthe bestperformance
accordingthe entrogy of the differencedetweerthe origi-
nal (noisy) andsmoothednodels.It alsoindicatesthatthe
methodpreseres ne geometrideaturesetterthantwo its
competitors.Fig. 10 shaws that our methodproducedow-
estoversmoothingo comparewith thetwo othersmoothing
techniques.

Finally in Fig.11 we demonstraténow our methodhan-
dlestriangle soups. Denoisinga complex Gaigoyle model
(about98K triangles)by our methodis ratherslow ( veit-
erationstook 31 minutes)but the resultis worth seeing.

Figure5: Left: initial Fandiskmodelcoloredby meancurvature.
CenterandRight: noisy Fandisk(Gaussiamoisewith = 0:1e
is added).

Figure6: Noisy Dragon-headnodel (Gaussiamoisewith =
0:2e is added)rom [14] is coloredby meancunature.
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Figure7: Left: meancurvaturepro le palette.Right: this palette
is usedfor visualizingthe differencedn vertex positionsof noisy
andsmoothedneshes.

Complexity. The averagecomputationalcompleity of
ourmethodis givenby O(Vy Vi V-V + V log V) whereV
is the numberof verticesof M , Vy, V,, andV, arethe av-
eragenumbersof verticesof local patches  ,(x), ,(X)
and ,(y). Retrieving 2 ;-neighborhoodof x requires
O(log V) operationdy usinga kd-tree,andevaluatingthe



Aveerror=0.021 Ave error=0.0067 Ave error=0.0048
Max error=0.11 Max error=0.069 Max error=0.03

Figure8: Smoothingnoisy Fandiskmodel(V = 6474 F = 12944). Meancurvaturecoloring enhancesurfacedefectsandroughness
of the smoothedmeshesvhich cannot be recognizedy humaneyesif we usea at/smooth shading.Left: AnisotropicMeanCunature
Flow [13] is used.Middle: BilateralMeshFilter [9] is applied.Right: our methodis emplo/ed.

Figure9: Smoothingnoisy Dragon-headnodel(V = 100056 F = 199924. Left: Anisotropic Mean CurvatureFlow [13] is used.
Middle: BilateralMeshFilter [9] is applied. Right: our methodis employed. Top: coloring by meancunvatureindicatesthatour method
outperformats rivalsin preservingne surfacefeatures.Bottom: our methoddeliversthe bestperformanceaccordingthe entrofy of the

differencebetweerthe original (noisy) andsmoothednodels.

Figure10: Smoothingnoisy Angel model(V = 24566 F = 48090. Left: Anisotropic MeanCurvatureFlow [13] is used. Middle:
Bilateral MeshFilter [9] is applied. Right: our methodis employed. Our methodproducedowestoversmoothingo comparewith two

othersmoothingtechniques.



Figure1l: Denoisinga complex Gamgoyle model(V = 54907, F = 97769 by our methodwith f 1; 2; 39 = f0:28;2; 1g. Left and
top-center:original datacoloredby meancurvature. Right andbottom-centersmoothedlatacoloredby meancurvature;noiseis gently

removedand ne geometricfeaturesareaccuratelypresered.

similarity kernel(9) is doneusingO(V,, V) operationgor
eachpairx andy.

At the rst glance,O(Vy Vi V;V + V log V) lookstoo
large. However Vy, Vi, V. are the numberof vertices
in local neighborhood®f meshverticesy, w, z usedin
our method. For a typical uniformly densemesh,we have
Vy 20 5, andVy 20 3 V.. If , islarge,afast
implementatiorof RBFs[1] shouldbe used.

Althoughthein uence of eachparameter ;, , and 3
is clear an optimal selectionof all of themis not trivial.
Furtherwork is requiredfor a deeperunderstandingorre-
lationsbetweerntheseparameters.

5 Conclusion

In this paperwe have extendedherecentNL-meangm-
age ltering approachb, 6, 4] tothe3D meshesndtriangle
soupsapproximatingpiecevise smoothsurfaces. The ex-
tensionis far from beingstraightforvard, sincethe original
NL-meansapproachrelies heaily on the imagestructure
regularity. We think we have found a simple and elegant
solutionto the problemby employing local RBF approxi-
mations.

We have demonstratedhat our method outperforms
two recentstate-of-the-arsmoothingtechniquesvhich are
amongbestup-to-datemeshdenoisingschemes.

Finally we have suggested new way to compardliffer-

ent mesh/souplenoisingmethods. We believe that statis-
tical analysis(entroy measurementstc.) of the differ-
encebetweenthe original (noisy) and smootheddatasets
will leadto developing new surfacedenoisingtechniques
andnew principlesfor afair comparisorof existing ones.

The sourcecodeof our methodis availableon the Web
for evaluation[26].
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