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Abstract We presenta new multiresolutionanalysisframework for irregularmesheswith
attributesbasedon the lifting scheme.We introducea surfacepredictionoper-
ator to computethedetailcoef�cients for thegeometryandtheattributesof the
model.Attributeanalysisgivesappearanceinformationto completethegeomet-
rical analysisof themodel. A setof experimentalresultsaregivento show the
ef�ciency of ourframework. Wepresentanapplicationto adaptivevisualization.
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1. INTR ODUCTION

3D scannersusuallyproducehugedatasetscontaininggeometricalandap-
pearanceattributes. Geometricalattributesdescribeshapeanddimensionsof
the objectandincludedatarelative to a point seton the objectsurface. Ap-
pearanceattributesdescribeobjectsurfacepropertiessuchascolors, texture
coordinates,etc.

Multiresolutionanalysisis anef�cient framework to representa datasetat
differentlevelsof detail,andgivefrequency information.Many paperspresent
the multiresolutionanalysisandthe wavelet transformin computergraphics
domain. Herewe refer to Stollnitz et al., 1996asan introduction. Multires-
olution analysisgives rise to many applicationssuchas �ltering, denoising,
compression,editing,etc.

The goal of this work is to build a multiresolutionmeshanalysismanag-
ing both geometricandappearanceattributes. Attribute managementis very
importantespeciallyfor terrainmodelswherethe attributesarelinked to the
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natureof theterrain.In somecases,attributesaremoreimportantthantheter-
rain itself. Themaincontribution of this work is theuseof thelifting scheme
for the multiresolutionanalysisof irregular mesheswith attributes,and the
applicationof theproposedmultiresolutionframework to detailcoef�cient de-
pendentvisualizationof meshes.

In section2, we review multiresolutionmeshanalysisschemesproposed
in the literature. In section3, we detail the multiresolutionanalysisframe-
work. Section4 presentssomeexperimentalresultsandapplicationto detail-
dependentvisualization.Conclusionandideasfor futureextensionsaregiven
in section5.

2. RelatedWork

Lounsberyet al., 1997madetheconnectionbetweenwaveletsandsubdivi-
sion to de�ne differentlevels of resolution.This techniquemakesuseof the
theoryof multiresolutionanalysisandof the subdivision rulesto constructa
multiresolutionsurfacerepresentationfor surfaceswith subdivisionconnectiv-
ity. Zorinetal.,1997proposedacombinationof subdivisionandsmoothingal-
gorithmsto constructasetof algorithmsfor interactive multiresolutionediting
of complex mesheswith arbitrarytopology. TheauthorsusedLoopsubdivision
for theestimationof thehigh resolutionmeshfrom thecoarserepresentation.
Bonneau,1998introducedthe conceptof multiresolutionanalysisover non-
nestedspaces,which aregeneratedby theso-calledBLaC-wavelets,a combi-
nationof theHaarfunctionwith thelinearB-Splinefunction.Thisconceptwas
thenusedto contructamultiresolutionanalysisover irregularmeshes.Kobbelt
et al., 1998proposeda multiresolutioneditingtool for irregularmeshesusing
the discretefairing method. The authorsusethe progressive meshalgorithm
(Hoppe,1996)to build thecoarseresolutionmesh,anda smoothingoperator
to estimatethehigh resolutionmesh.Guskov etal., 1999presenteda seriesof
non-uniformsignalprocessingalgorithmsdesignedfor irregulartriangulation.
They useda smoothingalgorithmcombinedwith existing hierarchicalmeth-
ods to build subdivision, pyramid, and wavelet algorithmsfor mesheswith
irregularconnectivity.

3. MULTIRESOLUTION ANALYSIS

Multiresolutionanalysisprovidesa framework that rigorouslyde�nes var-
ious approximationsandfastanalysisalgorithms. This framework contructs
iteratively approximationanddetailpartsforming successive levelsof resolu-
tion of theoriginaldataset.Thedetailscapturethelocal frequency contentof
thedataset,andareusedto exactly reconstructtheoriginaldataset.

Classicalmultiresolutionanalysisframeworks (suchaswavelet transform)
cannotbe appliedto irregular meshes.Sweldens,1998proposedthe lifting
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schemethat allows the multiresolutionanalysisof irregularly sampleddata.
Weproposeamultiresolutionanalysisframework suitablefor triangularirreg-
ular mesheswith appearanceattributes. This framework decomposesa mesh
in aseriesof levelsof detail,andcomputesdetailcoef�cients ateachlevel.
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Figure 1. Multiresolutionmeshanalysisframework.

The multiresolutionmeshanalysisframework is presentedin Fig. 1. The
decompositionis representedon theleft partof the�gure. Startingfrom a �ne
meshM k , two groupsof vertices(oddsandevens)arede�ned by the split
operator. Theoddverticesaredesignatedto beremoved,andtheevenvertices
remainto createthecoarsemeshM k¡ 1 thatapproximatestheinital mesh.The
odd verticesarepredictedusingthe predict operator, andthensubstractedto
theoriginal oddverticesto give thedetail coef�cients D k¡ 1. The last stepis
the removal of the odd verticesfrom the initial meshusinga downsampling
operator. Thereconstructionis shown ontheright partof the�gure andis sim-
ply the inversescheme.Startingfrom a coarsemeshM k¡ 1, theoddvertices
are re-insertedusinga upsamplingoperator. The odd verticesarepredicted
usingthepredictoperator, andthenexactly reconstructedby addingthedetail
coef�cients Dk¡ 1. In the following paragraphs,we detail the differentsteps
requiredto build themultiresolutionmeshanalysisframework.

Downsamplingand Upsampling

We employ theProgressive Mesh(PM) framework (Hoppe,1996)to build
downsamplingandupsamplingoperators.In thePM settinganedgecollapse
providestheatomicdownsamplingstep,andavertex split becomestheatomic
upsamplingstep.For thedownsampling,we usethehalf-edgecollapseoper-
ation, which doesnot introducea new vertex positionbut rathersubsamples
theoriginalmesh.Thus,it enablesthecontructionof nestedhierarchiesonun-
structuredmeshesthat canfacilitatefurtherapplications.The downsampling
operatorremovesabout33%of theverticesperlevel.

Split and Merge

Thesplit operatortakesa givenmeshandselectstheevenandtheoddver-
tices. The lateraredesignatedto beremovedusinghalf-edgecollapseopera-
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tions. In orderto do global downsamplingandupsampling,the odd vertices
arede�nedasasetof independentvertices(notdirectlyconnectedby anedge).
Differentmethodscanbeusedto selecttheoddvertices,andthusthehalf-edge
collapsesto perform.Our algorithmperformsanincrementalselectionby se-
lecting oneodd vertex andlocking all adjacentvertices(even vertices). The
selectionendswhennomoreverticescanbeselected.By selectinganoddver-
tex in orderto remove it, we alsoselecttheevenvertex it will mergewith. In
otherwords,wedirectlyselectahalf-edgecollapse.TheQuadricErrorMetric
from Garlandet al. GarlandandHeckbert,1997is usedasa criterion for the
selectionof theoddverticesbecauseit minimizesthelengthof thedetailsand
retainsthevisualappearanceof thesimpli�ed mesh.Sincetheupsamplingis
completlydonewith vertex split operations,themergeoperatoris notrequired.

Predict

Thepredictoperatorestimatestheoddverticesusingtheevenvertices.We
proposea predictionoperatorusingthe local surfacegeometry. Meshescom-
ing from realworld scenesusuallycontainappearanceattributessuchascolors,
texturecoordinates,temperature,radiation,etc. Also, we considerthevertex
positionandthe normalvectorasgeometricattributes. Attributes,including
geometry, color, texture,areconsideredasvectorsin Euclidianspacede�ned
on eachvertex of themesh.Soa vertex is representedasan arraycomposed
of m attributevectors(a1 ; : : : ; am ) whereeachan is anattributevector. We
de�ne an applicationfn (v) = an that givesthe attribute vectoran of theat-
tributen associatedwith thevertex v. Our predicitionoperatorestimateseach
oddvertex vk

i from themeshM k asasetof attributesfn (vk
i ) givenby :

fn (vk
i ) =

X

j 2V k
1 (i )

wk
i;j :fn (vk

j ): (1)

Vk
1 (i ) representsthe one-ringneighborhoodof the vertex vk

i . The wi;j are
weightsof therelaxationoperatorminimizing thecurvatureenergy of anedge
ei;j Meyeretal., 2002:

wk
i;j =

cot ®i;j + cot ¯ i;jP
l2V k

1 (i ) cot ®i;l + cot ¯ i;l
; (2)

where®i;j and¯ i;j aretheanglesoppositeto theedgeei;j . Predictedattributes
arerelaxed in termsof curvatureenergy of the analysedsurface. This relax-
ationoperatorguarantiessmoothvariationof theattributes.This methodalso
assumesthat theattributesarelinked to thesurface. Thewi;j coef�cients are
computedduring the decomposition,andneedto be storedto be re-usedfor
thepredictionstepin thereconstruction.
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4. EXPERIMENT AL RESULTS

We presentanapplicationof our multiresolutionframework to adaptive vi-
sualization. Our methodusesthe PM framework, which hasproved its ef�-
ciency for view-dependentvisualizationof meshes(Hoppe,1997). The PM
framework selectstheverticesto displayusingvisiblity criteria. We improve
this selectionusingthedetail coef�cients of theanalysis.If thedetail coef�-
cient lengthof a vertex is below a given threshold,the vertex is declaredas
irrelevantandthusis removedfrom themesh.

Figure2 shows view-dependentvisualizationof theBuddhaandtheEarth
model.OnbothFigures2(a)and2(b), theviewportusedto visualizethemod-
elsis shown astheyellow pyramid.Weseethatinvisible verticesareremoved
usingfrustrumandbackfaceculling. Irrelevantverticesareremovedby thresh-
olding thedetailcoef�cients.

Figure3showsview anddetaildependentvisualizationof theBuddhamodel
usingtheviewport representedin Fig. 2(a).Theoriginalmodelfrom Stanford
Universitycontains543.652verticesand1.087.716faces.Figure3(a)shows
the modelvisualizedusingonly frustrumandbackfaceculling. Figures3(b)
and3(c) show the Buddhamodelvisualizedwith our detail dependenttech-
nique. Each�gure shows the resultof differentvaluesof the threshold(the
higherthe threshold,the coarserthe resolution). We seethat importantgeo-
metricalfeaturesof themodelarepreservedsuchasthehighcurvatureregions.

Figure4(a) shows a modelof the earthwith color attributes. Figure4(b)
shows the samemodel simpli�ed using our method. First, all the invisible
verticesareremoved. Then,we thresholdthe detail coef�cients of the color
attributesto removeirrelevantvertices.Detaildependentsimpli�cation insures
the preservation of attribute features(e.g. the coastlines).The advantageof
our methodis that it allows more advancedvisualizationby computingthe
relevanceof theverticesusingthedetailcoef�cients. Combinationsof several
attributescanbeperformedto improve theresultof thesimpli�cation.

5. CONCLUSION AND FUTURE WORK

Wehavepresentedanew multiresolutionanalysisfor irregularmeshesbased
on the lifting scheme.Our framework managesattributessuchascolor, nor-
mals,etc. Our methodis easyto implementandresultsshow the ef�ciency
of the analysisover the attributes,which allows morecompletemultiresolu-
tion analysis. Geometricattribute analysisgives informationallowing more
ef�cient surfaceprocessing.Thenext stepin this work will focuson feature
detectionusingdetailorientationin orderto build a semi-automaticdenoising
algorithmsfor scannedmodels.
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(a) (b)

Figure 2. View anddetaildependentvisualizationof hteBuddhamodelin (a) andtheEarth
modelin (b). Both �gures show theviewport usedto visualizethemodels.Wireframerepre-
sentationis overlaidoneachmodel.Weseethatinvisible verticesareremovedsuchasvertices
outsideor back-facingtheviewport.
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(a)Originalmodel
102.246vertices
204.522faces

(b) ¿=0.0001
31.848vertices
63.684faces

(c) ¿=0.0004
9.293vertices
18.524faces

Figure3. Detaildependentvisualizationof theBuddhamodelin (a). Figures(b) and(c) show
two differentvaluesof thedetailthresholdusedto segmentthegeometricdetails.

(a)Originalmodel(327,680faces) (b) Simpli�ed model(62,632faces)

Figure 4. Adaptive visualizationaccordingto the color detail coef�cients. Original model
is shown in (a), andsimpli�ed modelin (b). Relevantverticesareselectedby thresholdingthe
colordetailcoef�cients. Themodelis aspherewith color representingtheelevationof theearth
from theETOPO5dataset.


