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ABSTRACT

Thispaperdescribesanef�cient methodto comparetwo tri-
angularmeshes.Meshesconsideredherecontaingeometric
featuresaswell asothersurfaceattributessuchasmaterial
colors, texture, temperature,radiation,etc. Two deviation
measurementsare presentedto assessthe differencesbe-
tweentwo meshes.The�rst measurement,calledgeometric
deviation, returnsgeometricdifferences.Thesecondmea-
surement,called attribute deviation, returnsattribute dif-
ferencesregardlessof the attribute type. In this paperwe
presentan applicationof this methodto the MeshSimpli-
�cation Algorithm (MSA) quality assessmentaccordingto
theappearanceattributes.Thisassessmentallowstheappre-
ciationof local quality andthecomputationof globalqual-
ity statisticsof a simpli�ed mesh.

1. INTRODUCTION

Many applications(geometricmodelers,3D scanning,etc.)
generatevery complex meshesthat containgeometricdata
as well as appearancedata. Geometricdatadescribethe
surfaceandthe dimensionof the mesh. Appearancedata,
called attributes, representinformation describingthe as-
pect of the meshsuchas colors, texture,.. . High quality
meshesusuallycontaina high numberof verticesandfaces
that causenon interactive renderingor high storagespace.
Someresultshave beenpresentedin the last few yearsin
order to reducethe meshsurfacecomplexity. The meth-
odsproposedsimplify mesheseitherby merging/collapsing
elementsor by re-samplingvertices. MSAs usedifferent
errorcriteriato measurethe�tnessof theapproximatedsur-
faces. Usually, MSAs do not returnmeasurementsof the
error introducedwhile simplifying the mesh. A measure-
ment tool would be useful to preciselycomparedifferent
simpli�cation algorithmsor parameters.In literaturesome
methodsarepresentedto assessthe quality of a simpli�ed
meshcomparedwith the original one. We presenta new,
genericmetric to assessmeshattributequality aftera sim-
pli�cation processby comparisonbetweentheoriginal and
its simpli�ed representation.Themethodis suitablefor nu-
mericalmodelsfrom real scenesandfor syntheticmodels.

It canbe usedfor many applications:meshsimpli�cation,
multiresolutionanalysis(comparisonbetweendifferentlev-
els of detail), reverseengineering(comparisonbetweena
CAD modelanda numericalmodelof a realobject),mesh
segmentation,etc.

2. SIMPLIFICA TION ALGORITHMS AND ERROR
METRICS

MSAsusetheirownerrormetricstoguidethesimpli�cation
process.Thesemetricsareeitherlocal or global. Cignoni
et al.[1] haspresentedthevarioustechniquesusedto evalu-
ateandboundtheerror introducedby themeshsimpli�ca-
tion process.

Most of thesemetricsusegeometricmeasurementsof
distanceor curvature. Schroederet al.[2] usea vertex-to-
planedistanceas decimationcriterion. Reddy[3] usesa
functionbasedon curvatureto guideits simpli�cation pro-
cess.Klein et al.[4] useanerrormetricbasedon theHaus-
dorff distance.Ronfardet al.[5] usetwo energy functions:
local tessellationerror andlocal geometricerror. Guéziec
[6] usesatolerancevolumeasanerrorboundmeasure.Ros-
signac[7] usesanerrorboundmetricbasedon distancesto
supportingplanes. Lindstrom et al.[8] usean areaand a
volumemetric.

Thesealgorithmssimplify thegeometryandignorethe
distortioncauseddueto surfaceattributes(colors, texture,
normals,.. . ). Thus,morecompletealgorithmsareneeded
to managemeshattributesduringthesimpli�cation process.
Hoppe[9] usesenergy functions,which preserve surface
geometry, scalarattributesanddiscontinuitycurves.Cohen
et al.[10] useno error measurebut only a geometriccon-
struction,calledsimpli�cation envelopes,to minimize the
surfacedeviation. Garlandet al.[11, 12] usea quadricerror
metric giving vertex-to-planedistances;this metric works
for mesheswith attributes. Hoppe[13] hasimproved this
techniquefor mesheswith attributes.

Toubinet al.[14] havepresenteda new methodfor sim-
plifying numericalmodelsfrom real scenes.This method
workswith multi-modalmodelscontainingseveraltypesof
appearanceinformation (suchas several textures,one for



eachwavelengthband). Meshsimpli�cation is performed
by thequicunxwavelet transform.This methodallows the
conservationof importantdatain termsof geometricor ap-
pearancedata.Thus,theoriginalmeshis simpli�ed accord-
ing to thepre-de�nedimportantdata.If the importantdata
areappearanceattributes,weneedatool to verify thatthese
dataareconserved.

Cohen[15] hasproposeda texture deviation metric to
assessthe texture coordinatedistortion introducedduring
a simpli�cation process.Given two meshes
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measurementof texturedeviationwasmadeto guideasim-
pli�cation process.However, it is not suitablefor assessing
simpli�cation quality. We proposea moregeneralmethod
to assesssurfaceattribute distortion after a simpli�cation
process.Thismethoddoesnotdependon 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 assessMSA quality
accordingto appearanceattributes.

3. MESH COMPARISON METRICS

3.1. Geometric deviation

Simpli�cation usuallyimpliesa local geometricdifference
betweentheoriginal surfaceandthesimpli�ed surface.We
call thisdifference:geometricdeviation.
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the Euclidian distancebetweentwo points.
Thegeometricdeviation is de�ned asthedistancebetween
a point �

� on the surface �

�

and the nearestpoint on the
surface�

�

. Thismetricis basedonthegeometricerrorused
by Metro tool [16].

3.2. Attrib ute deviation

Attributesare datade�ned at eachvertex of a mesh(dif-
fusecolor, normal,texturecoordinates).They areessential
elementsto 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 measurethe
local differenceof theattributesbetweentheoriginal mesh
andthe simpli�ed mesh.We call this difference:attribute
deviation.
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is the attribute at the point � and E?
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��H the nearestpoint to � on the surface � . The attribute
deviation is de�ned asthedistancebetweentheattributeof
the point ��� andthe attribute of the nearestpoint to �I� on
the surface �

�

. Theremay be many nearestpointson the
surface �

�

with the samedistanceto the point �I� . In that
case,theattributedistanceis theminimumdistancebetween
theattributeof ��� andtheattributeof thenearestpoints.The
attributesareconsideredasvectorsin theEuclidianspace.

3.3. Discussion

Thedeviation measurementsarenot symmetric.Giventwo
meshes

�?�

and
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, deviationsaremeasuredfrom a point
��� on thesurfaceof
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���

. If meshesare
inverted,deviationmeasurementmaygive differentresults.
For our investigationwe measurethedeviationsbothways:
from

�
�

to
�

�

andfrom
�
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to
�
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. Both measurements
givedifferentinformationbut resultsarerelatively close.

Geometricdeviation is the main measurementbecause
the meshsimpli�cation processis essentiallya geometric
simpli�cation. Attribute deviation is useful to assessap-
pearancemodi�cation of thesimpli�ed mesh.Whenanim-
portantsimpli�cation is proceeded(90% or morereduced
faces),we usually note importantattribute modi�cations.
Attributedeviationcanbecomputedeitherfor oneattribute
type or for all attribute types. If thereareseveral attribute
types(e.g. normal+ diffusecolor), theglobaldeviation is a
vectorcontainingthedeviation for eachattributetype.

Thesetwo meshsimpli�cation qualitymetrics(geomet-
ric andattributedeviations)aremeasuredfor asetof points

�
� givenon thesurfaceof themesh

�
�

. This allows great
liberty for the choiceof �

� points. Usually deviationsare
measuredfor the entiremesh. Thus,the �

� pointsmay be
the meshvertices. The measurementresolutioncanbe in-
creasedusingasurfacesamplingtechnique.

4. RESULTS

Figure 1 shows geometricand texture deviation measure-
ment. Figures1(e)and1(f) show resultsobtainedwith the
texture deviation measurementproposedby Cohenet al.



[15]. With low texturedeviation(Figure1(e)),Cohen's tex-
ture deviation measurementhasthe samevisual resultsas
the geometricdeviation measurement.Nevertheless,both
measurementscannotbe numericallycompared.The geo-
metricdeviation is basedon thenearestneighbordistance,
whereasCohen's texture deviation is basedon the corre-
spondingpoint distance. Figures1(g) and 1(h) show re-
sultsobtainedwith attributedeviation,whereconsideredat-
tributesarethetexturecoordinates.Theattributedeviation
gives betterresultsthan Cohen's texture deviation. If no
realtexturedeviationdoesexist, Cohen'smeasureindicates
a deviationcomingfrom strictly geometricaldistortion.

Figure 2 shows a comparisonbetweenthe threesim-
pli�cation softwareprogramsfor different facesimpli�ca-
tion percentages.QSlimis MichaelGarland'ssimpli�cation
softwareusingquadricerror metric. Jadeis simpli�cation
softwaredevelopedby the Visual ComputingGroupusing
a global error metric. ProgMeshis an implementationof
Hoppe'sprogressive meshes.Figure2(a)shows meangeo-
metric deviation in termsof simpli�cation percent.Figure
2(b) shows meandeviation of normalsin termsof simpli�-
cationpercent.QSlimsoftwarehasobtainedthebestresults
onour testmesh.

5. CONCLUSION AND FUTURE WORK

We have describedtwo measurementsfor assessingMSA
quality. Eachmeasurementmanagesa speci�c datagroup:
thegeometryandtheappearanceattributes.Thelocalmea-
surementallowsoneto preciselyview simpli�ed regionson
the mesh. As the simpli�cation processis primarily a ge-
ometricsimpli�cation, geometricdeviationmeasurementis
the mostimportantmeasure.Attribute deviation measure-
mentis ef�cient to measureappearancemodi�cation. Our
experimentationsoftwareis availableonline1.

We are testingdifferent simpli�cation software pack-
agesincluding professionalsoftwareusingdifferentkinds
of meshes(digital elevationmaps,syntheticmeshes).This
test will allow the comparisonof MSA algorithm quality
accordingto appearanceattributes.
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(a)Originalmesh(3 972
faces)

(b) Simpli�ed mesh
(69 faces)

(Low texturedeviation)

(c) Simpli�ed mesh
(69 faces)

(High texturedeviation)

(d) Geometricdeviation

(e) Cohen's texture
deviation from (b)

(f) Cohen's texture
deviation from (c)

(g) Attributedeviation
(Texturecoordinates)

from (b)

(h) Attributedeviation
(Texturecoordinates)

from (c)

Fig. 1. Deviationassessmentresults.Comparisonbetweenresultsfrom theCohenetal. algorithm[15] (e,f)andouralgorithm
(g,h).
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Fig. 2. Simpli�cation softwarecomparison.


