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ABSTRACT

Thispaperdescribesnef cient methodto compareawo tri-

angularmmeshesMeshesonsideredherecontaingeometric
featuresaswell asothersurfaceattributessuchasmaterial
colors, texture, temperatureradiation,etc. Two deviation
measurementare presentedo assesghe differencesbe-
tweentwo meshesThe rst measurementalledgeometric
deviation, returnsgeometricdifferences.The secondmea-
surement,called attribute deviation, returnsattribute dif-

ferencesegardlessof the attribute type. In this paperwe
presentan applicationof this methodto the Mesh Simpli-

cation Algorithm (MSA) quality assessmergccordingto

theappearancattributes.Thisassessmetatlowstheappre-
ciationof local quality andthe computatiorof globalqual-
ity statisticsof asimpli ed mesh.

1. INTRODUCTION

Many applicationgdgeometricomodelers3D scanninggtc.)
generatevery complex mesheghat containgeometricdata
aswell asappearancelata. Geometricdata describethe
surfaceandthe dimensionof the mesh. Appearancelata,
called attributes represeninformation describingthe as-
pectof the meshsuchas colors, texture,... High quality
meshesisuallycontaina high numberof verticesandfaces
that causenon interactive renderingor high storagespace.
Someresultshave beenpresentedn the last few yearsin
orderto reducethe meshsurfacecompleity. The meth-
odsproposedimplify mesheitherby memging/collapsing
elementsor by re-samplingvertices. MSAs usedifferent
errorcriteriato measurehe tness of theapproximatedur
faces. Usually MSAs do not return measurementsf the
error introducedwhile simplifying the mesh. A measure-
ment tool would be usefulto preciselycomparedifferent
simpli cation algorithmsor parametersin literaturesome
methodsare presentedo assesshe quality of a simpli ed
meshcomparedwith the original one. We presenta new,
genericmetric to assessneshattribute quality aftera sim-
pli cation processy comparisorbetweerthe original and
its simpli ed representationThe methodis suitablefor nu-
mericalmodelsfrom real scenesandfor syntheticmodels.

It canbe usedfor mary applications:meshsimpli cation,
multiresolutionanalysigicomparisorbetweerdifferentlev-
els of detail), reverseengineering(comparisorbetweena
CAD modelanda numericalmodelof a real object), mesh
segmentationgtc.

2. SIMPLIFICA TION ALGORITHMS AND ERROR
METRICS

MSAsusetheirown errormetricsto guidethesimpli cation
process.Thesemetricsareeitherlocal or global. Cignoni
etal.[1] haspresentedhe varioustechniquesisedto evalu-
ateandboundthe errorintroducedby the meshsimpli ca-
tion process.

Most of thesemetricsusegeometricmeasurementsf
distanceor curvature. Schroedeet al.[2] usea vertex-to-
plane distanceas decimationcriterion. Reddy[3] usesa
functionbasedon curvatureto guideits simpli cation pro-
cess.Klein etal.[4] useanerrormetricbasedon the Haus-
dorff distance.Ronfard et al.[5] usetwo enegy functions:
local tessellatiorerror and local geometricerror. Guéziec
[6] usesatolerancerolumeasanerrorboundmeasureRos-
signac[7] usesanerrorboundmetricbasedon distancego
supportingplanes. Lindstrom et al.[8] usean areaand a
volumemetric.

Thesealgorithmssimplify the geometryandignorethe
distortion causeddueto surfaceattributes(colors, texture,
normals,..). Thus,morecompletealgorithmsare needed
to manageameshattributesduringthesimpli cation process.
Hoppe[9] usesenegy functions, which presere surface
geometryscalarattributesanddiscontinuitycurves. Cohen
et al.[10] useno error measurebut only a geometriccon-
struction, called simpli cation envelopes,to minimize the
surfacedeviation. Garlandetal.[11, 12] usea quadricerror
metric giving vertex-to-planedistancesthis metric works
for mesheswith attributes. Hoppe[13] hasimproved this
techniqudor meshewwith attributes.

Toubinetal.[14] have presentec new methodfor sim-
plifying numericalmodelsfrom real scenes.This method
workswith multi-modalmodelscontainingseveraltypesof
appearancénformation (such as several textures, one for



eachwavelengthband). Mesh simpli cation is performed
by the quicunxwavelettransform. This methodallows the
consenrationof importantdatain termsof geometricor ap-
pearancelata.Thus,theoriginalmeshis simpli ed accord-
ing to the pre-de nedimportantdata. If theimportantdata
areappearancattributes,we needatool to verify thatthese
dataareconsered.
Cohen[15] hasproposeda texture deviation metric to

assesghe texture coordinatedistortion introducedduring
a simpli cation process.Giventwo meshes and

theirrespecttesurface and , andapoint , the
texturedeviation between and isde nedas:

(1)
where is thetexture coordinate®f thever-
tex onthesurface , and the pointon
thesurface  with thetexture coordinates . Thetex-

ture deviation is the distancebetweena given point on
andthepointon  with the sametexture coordinatesThe
measuremerdf texture deviation wasmadeto guidea sim-
pli cation processHowever, it is not suitablefor assessing
simpli cation quality. We proposea more generalmethod
to assessurface attribute distortion after a simpli cation
processThis methoddoesnot depencdbn theattributetype.

Currently thereis no tool to measureerror introduced
on attribute databy a simpli cation process.The purpose
of this work is to de ne a methodto assesSA quality
accordingo appearancattributes.

3. MESH COMPARISON METRICS

3.1. Geometric deviation

Simpli cation usuallyimplies a local geometricdifference
betweerthe original surfaceandthe simpli ed surface.We
call this difference:geometricdeviation.
Giventwomeshes and ,theirrespectiesurfaces
and , anda point , the geometricdeviation
between and isde nedas:

(@)

with the Euclidian distancebetweentwo points.
The geometricdeviation is de ned asthe distancebetween
apoint onthesurface andthe nearestpoint on the
surface . Thismetricis basednthegeometricerrorused
by Metrotool [16].

3.2. Attrib ute deviation

Attributesare datade ned at eachvertex of a mesh(dif-
fusecolor, normal,texture coordinates).They areessential
elementgo numericalmodelsof real scenes.The number

of attributesper vertex changesaccordingto the context.
Geometricsimpli cation of a meshimplicitly introducesa
modi cation of the attributes. Thus, we can measurehe
local differenceof the attributesbetweerthe original mesh
andthe simpli ed mesh. We call this difference:attribute
deviation.

Giventwo meshes and

and , anda point

, theirrespectie surfaces
, the attribute deviation

between and isdenedas:
®3)
where is the attribute at the point and
the nearestpointto  on the surface . The attribute

deviation is de ned asthe distancebetweerthe attribute of
the point andthe attribute of the nearesfpointto  on
thesurface . Theremay be mary nearespointson the
surface  with the samedistanceto the point . In that
casetheattributedistancas theminimumdistancebetween
theattributeof — andtheattribute of thenearespoints.The
attributesareconsideredsvectorsin the Euclidianspace.

3.3. Discussion

The deviation measurementarenot symmetric.Giventwo
meshes and , deviationsaremeasuredrom a point
onthesurfaceof tothesurfaceof . If meshesre
inverted,deviation measuremennay give differentresults.
For ourinvestigationwe measurghe deviationsbhothways:
from to andfrom to . Bothmeasurements
give differentinformationbut resultsarerelatively close.
Geometricdeviation is the main measuremenecause
the meshsimpli cation processs essentiallya geometric
simpli cation. Attribute deviation is usefulto assessp-
pearancenodi cation of thesimpli ed mesh.Whenanim-
portantsimpli cation is proceeded90% or morereduced
faces),we usually note importantattribute modi cations.
Attribute deviation canbe computeckitherfor oneattribute
type or for all attribute types. If thereare several attribute
types(e.g. normal+ diffusecolor), theglobaldeviationis a
vectorcontainingthe deviation for eachattributetype.
Thesetwo meshsimpli cation quality metrics(geomet-
ric andattribute deviations)aremeasuredor a setof points
givenon the surfaceof themesh . This allows great
liberty for the choiceof  points. Usually deviationsare
measuredor the entiremesh. Thus,the  pointsmay be
the meshvertices. The measurementesolutioncanbe in-
creasedisinga surfacesamplingtechnique.

4. RESULTS

Figure 1 shovs geometricand texture deviation measure-
ment. Figures1(e) and1(f) shav resultsobtainedwith the
texture deviation measuremenproposedby Cohenet al.



[15]. With low texturedeviation (Figurel1(e)),Cohens tex-
ture deviation measuremerthasthe samevisual resultsas
the geometricdeviation measurementNeverthelesshoth
measurementsannotbe numericallycompared.The geo-
metric deviation is basedon the nearesheighbordistance,
whereasCohens texture deviation is basedon the corre-
spondingpoint distance. Figures1(g) and 1(h) show re-
sultsobtainedwith attributedeviation, whereconsideredt-
tributesarethe texture coordinates The attribute deviation
gives betterresultsthan Cohens texture deviation. If no
realtexturedeviation doesexist, Cohens measuréndicates
adeviation comingfrom strictly geometricabistortion.

Figure 2 shavs a comparisonbetweenthe three sim-
pli cation software programsfor differentfacesimpli ca-
tion percentage€QSlimis MichaelGarlands simpli cation
softwareusingquadricerror metric. Jadeis simpli cation
software developedby the Visual ComputingGroup using
a global error metric. ProgMeshis an implementationof
Hoppes progressie meshesFigure2(a) shovs meangeo-
metric deviation in termsof simpli cation percent.Figure
2(b) shavs meandeviation of normalsin termsof simpli -
cationpercent.QSlim softwarehasobtainedhebestresults
onourtestmesh.

5. CONCLUSION AND FUTURE WORK

We have describedwo measurement®r assessingSA
quality. Eachmeasuremennanages speci ¢ datagroup:
thegeometryandthe appearancattributes. Thelocal mea-
suremenallows oneto preciselyiew simpli ed regionson
the mesh. As the simpli cation processs primarily a ge-
ometricsimpli cation, geometricdeviation measuremeris
the mostimportantmeasure.Attribute deviation measure-
mentis ef cient to measureappearancenodi cation. Our
experimentatiorsoftwareis availableonline!.

We are testing different simpli cation software pack-
agesincluding professionakoftware using differentkinds
of mesheqgdigital elevation maps,syntheticmeshes).This
testwill allow the comparisonof MSA algorithm quality
accordingo appearancattributes.
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(a) Originalmesh(3 972 (b) Simpli ed mesh (c) Simpli ed mesh (d) Geometricdeviation
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Fig. 1. Deviationassessmemgsults.Comparisorbetweerresultsfrom theCohenetal. algorithm[15] (e,f) andouralgorithm
(g.h).
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Fig. 2. Simpli cation softwarecomparison.



