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Abstract

Methodsfor trianglemeshdecimationarecommon;however, most
existing techniquesoperateonly on static geometry In this pa-
per, we present view- andpose-independemethodfor the auto-
matic simpli cation of skeletally articulatedmeshesSuchmeshes
have associatekinematicskeletonsthat are usedto control their
deformation,with the positionof eachvertex in uenced by a lin-
earcombinationof bonetransformationsOur methodextendsthe
commonly-usedjuadricerror metric by incorporatingknowledge
of potentialposednto a probability function. We minimizethe av-
erageerrorof the deformingmeshover all possiblecon gurations,
weightedby the probability This is possibleby transformingthe
quadricsfrom eachcon guration into a commoncoordinatesys-
tem. Our simpli cation algorithmrunsasa preprocessandthere-
sultingmeshesanbe seamlesslyntegratedinto existing systems.
We demonstratehe effectivenessof this approachfor generating
highly-simpli ed modelswhile preservingnecessaryletail in de-
forming regionsnearjoints.

CR Categories: 1.3.5 [ComputerGraphics]: ComputationalGe-
ometryandObjectModeling—Geometri@lgorithms

Keywords: meshsimpli cation, level of detail, kinematicskele-
tons,articulatedmeshes

1 Introduction

Theproblemof meshsimpli cation —reducingthe numberof poly-
gonsin a meshwhile preservingvisualandgeometricdetail— has
beenstudiedextensiely. Most researcherdyowever, have consid-
eredthe input meshto berigid. In this paper we presentanalgo-
rithm thataddressethe additionalconsiderationshatarerequired
to allow for automaticsimpli cation of meshesleformedusingan
articulatedskeleton, which are commonlyreferredto as skinned
meshesMost commerciagamesmalke extensive useof suchmod-
els,andthey arefrequentlyusedin featureanimation.

A key obsenation thatlays the foundationfor our algorithmis
thatgiventheadvancesn GPUspeedit is notpracticalto spencdex-
tensve time during executionto chosean optimal view-dependent
level of detail. In mary casesit is preferableto passadditional,
unnecessaryolygonsto the graphicscard, in favor of spending
lesswork on the CPU. In line with this obseration, we look to
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Figure 1: A full resolutionmodelof a police of cer is shownon the left,
with its simpli ed counterparton the right. Facesare randomlycolored,
in order to clearly showthe triangulation. Note that the simpli ed model
maintainshigh detail aroundjoints, sud asthe elbows,while detail in the
restof themodelis reduced.

nd aview-independensimpli cation methodthat shiftsasmuch
work as possibleinto the precomputatiorstage. However, aswe
will see,nothingin our methodpreventsits incorporationinto a
view-dependensystem,in much the sameway that other view-
independensimpli cation techniquesiave beenusedastheinitial
simpli cation phasefor view-dependente nement.

A key challengeof simplifying deformingmodelsis that,by def-
inition, they changecon gurationsatruntime.|f ameshcanbede-
formedarbitrarily, it will be impossibleto pre-construcary mesh
thatwill beacceptablén all deformations.Our solutionis to limit
the classof deformablemeshego thosethat are skeletally articu-
lated- a reasonable@ssumptiorgiven the large numberof gures
thatareanimatedn this manner especiallyin interactve applica-
tions. The techniquewe useis often referredto aslinear blend
skinning,andwe discusshis in further detailin Section3.1. Fur-
ther, we associata probability functionwith the skeletonthat pro-
videsthe relative likelihood of eachpossiblecon guration. This
providesenoughimitationson deformatiorto allow our algorithm
to nd asinglemeshapproximatiornthat minimizesthe geometric
errorover the correspondingprobability distribution. In this paper



Figure 2: Edge Collapse Theedg (u; v) is contractedto w. Themesh
nowhasonefewer vertex, andtwo fewer faces.

we proposea pose-independemtetric for simpli cation of articu-
latedmeshesandwill demonstratéts usein a view-independent
simpli cation framework, althoughthe metric itself is not tied to
ary particularframewnork. We de ne the error to be minimized
asthe root meansquarecerror of a modelover all con gurations
of the skeleton. This algorithm extendsthe QSlim algorithm of
[GarlandandHeckbert1997] by addingadditionalinformationon
possiblecon gurations,which constrainsimpli cation in deform-
ing areasgvenwhenthoseareasareideal for simpli cation in the
initial pose. Our main contritution is to shav thatgiven a linear
deformationmodel,we canencapsulat&nowledgeof all posesin
a single pose-independermfuadric. Like QSlim, we approximate
model-to-modekrror by minimizing point-to-planedistanceover
all edgecontractionsFigurel shavs anexampleof a posedpolice
of cer modelthathasbeensimpli ed usingour method.As canbe
seenin thesimpli ed versionon theright, the deformingregionsat
thejoints have beenpreseredin higherdetailthanthe surrounding
areasresultingin asmoothbendin thoseareas.

2 Background and Related Work

Our work is basedon the QSlim algorithm, which utilizes the
guadricerror metric (QEM). This wasintroducedin [Garlandand
Heckbert1997], andanalyzedn greaterdetail in [Garland1998],
and our algorithmwill be presentedas a modi cation of QSIlim.
Marny othersimpli cation methodsexist, suchas[Schroedeet al.
1992]and[Hoppeetal. 1993].

These basic simpli cation approacheshave been applied to
a wide range of runtime applications, including both view-
independen{see[Hoppe 1996]) andview-dependen{see[Hoppe
1997]) dynamicsimpli cation. This, in turn, hasled to suchappli-
cationsasexternal-memorysimpli cation [Lindstrom 2000]. The
guadricmetricwe usehasalsobeenadaptedo awider rangeof in-
putdata,suchasmeshesvith materialpropertie{see[Garlandand
Heckbert1998]and[Hoppe1999]). Theuserguidedsimpli cation
of [Kho andGarland2003]allows for greatercontrolover detailin
userspeci ed areas.Othermethods suchas[Lindstromand Turk
2000] have looked to visual metricsfor determiningerror, rather
thanthe geometricerrorusedin previoussimpli cation systems.

2.1 Quadric Error Metric

In the QSlim algorithm,simpli cation is performedby building an

error functionde ned on a vertex andan associatedetof planes.
The algorithm then iteratively contracts(or collapses)the edges
with lowest error by selectingcandidatesrom a priority queue.
Eachcollapsewill decrease¢he numberof verticesin the meshby

one,andwill usuallyremore two facesasin Figure2.

QSlim minimizesthe function d(v), which gives the squared
distanceof a vertex v from a setof planesadjacentto v, where

eachplane p through point a with normal n is representechs
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We thende ne the vertex quadricQ, asthe sum of the outer
productof the planesadjacento v, andusethis to representi(v)
for avertex v andits associatedjuadric.

X
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v Quv (5)

For theinitial verticesin the mesh,d(v) will be zero,asis in-
tuitive. However, whentwo verticesu andv are consideredor
contractionto a new vertex w, the error quadricfollows the addi-
tiveruleQw = Qu + Qv, anderroris computecasw’ Q, w. Note
thatit is possibleundercertainconditionsto directly solve for the
optimalvalueof w, asdiscussedn [GarlandandHeckbert1997].

Thus,theoverall algorithmis asfollows:

div) =

1. Computethe quadriccorrespondindgo eachvertex
2. Determinethe contractioncostfor eachedge

3. Placethe edgesn amin priority queuesortedon contraction
cost

4. Remoretheedge(u; v) with thelowestcontractioncostfrom
thepriority queue

5. Usethequadricto determinehe optimal contractiontargetof
(u;v)

6. Contractu andv, andupdatethe costof all edgesadjacento
u andv.

7. Repeatsteps4 through6 until the desiredmeshresolutionis
reached.

As will be explainedin Section3, our algorithm makes modi-
cations to the initial quadriccomputationof Step1, and makes
additionalchangesn theiterative contractionstageof Step6.

2.2 Deformation Sensitive Decimation

Thepreviouswork closesto our methodis the DeformationSensi-
tive Decimationalgorithmproposedn [Mohr andGleicher2003].
The systemis presentedvith a modelto be simpli ed in k differ-

entexampleposeswhereeachposehasthe sameconnectvity, and
thereexists a one-to-onenappingbetweerverticesof eachexam-
ple.

In theinitial quadriccomputatiorphaseavertex quadricQi. is
generatedor eachvertex v in eachposei, usingthe samemethod
asasQsSlim, resultingin atotal of kv quadrics.

Duringiterative contractionthecollapsecostof anedge(vi; v2)
is equalto the sumof contractionerrorsin all poses:

X T
¥ (Qivy + Qiv )V (6)
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wherew, is the contractedbositionof the verticesvi andv,. This
will have the effect of penalizingcontractionghatare unfavorable
in certaincon gurations.Contractionghatarefavorablein all con-
gurations will beperformedrst.

We analyzethe runningtime of iterative contractionasfollows:
for eachcontractionO(log v) operationsarerequiredto selectthe
minimum contractioncandidate followed by O(k) operationsto
recomputecontractionerrorin the neighborhoodf the contracted
pair. As thenumberof contractionss boundedoy thetotal number
of verticesv, the runningtime of theiterative contractionphaseis
O(vk + vlogv).

DeformationSensitve Decimationis shavn to be a usefuland
robust algorithm for simpli cation of animatedmodels. It is im-
portantto distinguishthe trade-ofs betweenthis methodand the
methodwe areaboutto propose First, DSD is moregenerain that
is supportsarbitrarily deformationmethods.Our systemis limited
to linearblend skinnedmodels(seeSection3.1); however, given
theubiquitousnatureof suchmodels thisis areasonableonstraint
for mary applicationareasgespeciallythoseof aninteractive nature,
suchascomputergames.

Additionally, aswe will seein Section3.2,theiterative contrac-
tion phaseof our algorithmrunsin time independenof thenumber
of sampleposespr only O(v logv). Also, our methoddiffersfrom
DSDin thatwe proposea methodfor automatedamplingof exam-
ple con gurations,andonly asktheuserto provide anapproximate
probability distribution, ratherthanrequiringthe userto explicitly
provide examples.Finally, we alsoproposea methodfor updating
in uence weightvaluesafter an edgehasbeencollapsedo a new
vertex thatwasnot presentn theoriginal mesh.

2.3 Skeletall y Articulated Simpli cation

Otherresearchersave developeduserassistednethodgor simpli-

cation of skeletallyarticulatedmeshesln contrastto thesemeth-
ods, our approachdetermineghe amountof deformationdirectly,
withoutrequiringmanualmarking,which notonly savesartisttime
but alsoallows greatersimpli cation in regionsarounda joint that
arenotsigni cantly deformedsuchasthe sidesof aknee.

In [Houle and Poulin 2001], the authorsproposesimplifying a
static poseof the articulated gure. A methodis developedfor
propagting the simpli cation changeswhich arein world space,
backinto bonespace(the local coordinatesystemof eachbone).
Duringiterative contractionthis methodassumeshatthein uence
weights(usedto controldeformationof the model,asexplainedin
Section3.1) will remainconstanthroughoutsimpli cation, which
may or maynotbeanacceptabl@pproximation.

Anothermethodwhich requiresthe userto manuallydivide the
objectinto deformableand non-deformableegions, is presented
in [Schmalstig andFuhrmannl999]. The deformableregionsare
preseredto a greaterextentthanthe non-deformableegions. Un-
like the previous paper the authorsdo not make the assumption
that in uence weightsremain constantthroughoutsimpli cation.
Rather they provide a methodto updatethe weightsbasedon a
shortest-pathgraphtraversalfrom a deformablenodeto adjacent
non-deformableegions,andassumethatthecloseravertex liesto
abone thestrongetthein uence will be. Thisapproacthasaccept-
ableresultsfor mary models.However, we considerthein uence
weightsto be an essentiahrtistic productof modelingandcontent
creation. Weightsdeterminethe shapeandsize of creasesandthe
overalllook of deformingbodies,andautomatednethodgor reas-
sighingweightsmay not presere the artist's intent. Thuswe have
developedan approachthat approximateghe original weightsin-
steadof computingnew weights.

Otherssuchas[Shamiret al. 2000] and[Shamirand Pascucci
2001] have proposedsimpli cation of mesheghat undego arbi-

trary deformationasa functionof time. Generally thesearespeci-
ed asasequencef framesandarenotsubjectto constraintsuch
asaskeletalframewvork. Thisis similarin principleto our problem;
however, thosemethodshave thebene t of beingprovidedall pos-
sibleframesup front, while ouralgorithmis capableof handlingar
bitrary skeletoncon gurations. Additionally, thesemethodsfocus
on runtime simpli cation, with an auxiliary setof datastructures
suchasthe T-DAG of [Shamir et al. 2000] precomputedf ine.
This is requireddueto the problemof arbitrarydeformationsand
thusdifferssigni cantly from our approach.

Finally, a numberof methodshave beenpresentedor Skeletal
Level of Detail, suchasthat presentedn [Teichmannand Teller
1998]. Thisis in facta differentproblemthanthe onewe are ad-
dressingtheskeletonitselfis simpli ed, soasto reducegheamount
of skinningcomputationput theskinmayor maynotbesimpli ed.
Our systemdirectly addressethesimpli cation of theskin, notthe
skeleton.However, anindirectbene t of our systemis thatasver
ticesarecontractedcertainboneswill losein uence over skin tri-
angles.A naturalextensionwould thereforebeto performSkeletal
LOD by removing bones,fusing themwith their parentoncethe
numberof in uenced skin triangleshasdroppedbelon a certain
threshold.

3 Algorithm Speci cation

Our algorithm can be conceptualizedis a setof modi cations to
the QEM algorithm, and this sectionwill provide the details of
thosechanges.First, in Section3.1, we will formally specifythe
inputto ouralgorithmandstaterelevantassumptionsncludingthe
skinningmodel. Then,we introduceour alternatve initial quadric
computationstepin Section3.2. In Section3.3, we discussthe
characterizatiomf joints. We thendetail our modi cationsto the
iterative contractionstep,in Section3.4.

3.1 Problem Domain

We de ne our problemasfollows. We aregivena skeletallyarticu-
latedmeshM = (V;F;B). V is asetof verticesv 2 R3, eachof
which hasan associatedveightvector[wy;1;  ;Wy.jg;] 2 R®
that representshe bonein uence weightson v. The setof faces
F V V V,constituteghetrianglefacesthatmake up the
meshsurfaceof themodel.

B is thesetof bonesin themodelskeleton.Eachboneb 2 B is
denedasb= (Mp; »(Mp);pb). ThematrixMy, 2 R® *isthe
af ne transformatiorinducedby thebone relativeto thecoordinate
systemof its parentp, 2 B[ f;g , wherep, = ; indicateshatbis
therootbonein thesystem.This canalsobethoughtof asde ning
alocal coordinatesystemof b.

The probability of a boneb assuminga particular con gura-
tion of My is given by the bone probability function ,(My),
b . R¥ 1 R*,whichis de ned. Thefunction , will benon-
zerofor af ne transformatiormatricesrepresentingalid con gu-
rationsfor b. Frequently , canbe assimple asa box function
indicating minimum and maximumyvaluesalong eachdimension,
thoughgreatercontrolcanbeachievedwhena moreaccuraterob-
ability functionis used suchasoneobtainedusingmotioncapture
(seeSection3.3).

Although most general,it will rarely be intuitive to consider
speci cationof asa function of R*?. For the purposeof user
speci cationof probabilityfunctions,we nd it usefulto performa
changeof variablesandrepresent ,(My) insteadas (to; b;Sb).
Eachof t,, b, ands, arevectorsin R?, andrepresentespectiely
the translation rotation,andscaleof the boneb abouteachof the
threecanonicabxesin the coordinatesystemof its parent,py. This



correspondgloserto the intuitive notion of a bone,in which an
artistwill conceptualizea boneasrotatinga certainnumberof de-
greesprtranslatingo agivenposition.Usingtheseparametersye
canrepresenM, asaproductof standardranslationyotation,and
scalingmatrices.

Mp = T(to)R( b)S(Sn)

Our methodis not limited to this choiceof reparameterization,
thoughit hasbeenshavn to beusefulandintuitive,andcouldeasily
be extendedo amoregeneraform, suchasonethatincludesshear
parameters.

The meshwill deform accordingto the con gurations of the
bonesandthe correspondingn uence weightsof eachvertex. We
cande ne a poseP asrepresenting particularcon guration of
the skeleton,including all boneparametersanddenotethe initial
posePy. For ary bone,we canperforma preorderedraversalof
theskeletontreeto generat@ matrix M yaren ¢ by (P) thatrepresents
the coordinatesystemof the parentof b, usingposeP. Notethat
for theroot bone,this matrix is theidentity.

Theverticesin V arespeci edin the world coordinatesystem.
To perform skinning, a vertex v is transformedinto the coordi-
natesystemof a bonein the initial pose,by applying the matrix
Nb = (M paren t( b) (Po)Mb(Po)) !, as computedfor the initial
poseof themodel. Fromthis coordinatesystemwe canthentrans-
form thevertex into thetransformecaoordinatesystenof aboneby
theapplicationof M paren 1 1) (P)Mb(P), asevaluatedn thecurrent
poseP.

We combine,or blend, the in uences of all bonesin the sys-
temby takingalinearcombinationof transformswhereeachbone
transformis weightedby its correspondingertex in uence weight.
Thisallowsfor smoothcreaseandbendsn thesurfaceof themesh.
Thus,the transformatiorof a vertex from initial world positionto
the skinnedworld coordinate®f a particularposeP is:

X
My(P) =
b2 B

Wv;bMparen t(b)(P)Mb(P)Nb: (7)

3.2 Initial Quadric Computation

In QSlim, the rst phases to computethe initial vertex quadrics,
Q. for eachvertex v. In our algorithm,we modify thisto de ne a
pose-independequadric, whichencapsulatesnowledgeof defor

mationsover all posesjn additionto thecon guration of the static
initial mesh.

Considerthe“leg” modelin Figure3. Whenthejoint is rotated
90 deggreesthe bottomof thekneewill bedeformedsharply How-
ever, an ideal resultwould allow for drastic simpli cation away
from the knee,while preservingdetail at the kneeitself. In addi-
tion, if thekneecanonly bend90 degreesdown but cannotbendup-
wards,the bottomof the kneewill be moresigni cantly deformed
thanthe top, which is roundedratherthan creasedand thus we
desiregreatempreseration of detailonthelower side.

To accomplishthis, we mustincorporatethe planesof the de-
formedcon gurationsinto the vertex quadrics.For a vertex v and
aposeP, we cande ne thequadric-aluedfunctionQy (P ), which
givesthequadricof v whentheskeletonis putinto thecon guration
de ned by P. We computethis by recomputingall the M, matri-
cesaccordingly skinningthe mesh thencomputingthe quadricof
v usingthe deformedcoordinatesatherthanthe referencecoordi-
nates.

In QSlim, additionalconstraintplanesareintroducedby adding
quadrics After joint deformationhowever, we mustnotsimply add
togetherthe vertex quadricsfrom eachof the resultantdeformed
meshes. Vertex quadricsare variantunderafne transformation,

Figure 3: Leg model,in therefeencecon gurationanda deformecton g-

uration. Thebladc dottedline indicatesthe range of motion(i.e, therange
for which  isnonzeo). We canseeintuitivelythatthesectionghighlighted
in greenshouldhavethehighestamountof simpli cation, theyellowsection
abovethekneeshouldretainmore detail, andtheredsectionbelowtheknee
requiresthegreatestevel of detail.

Figure 4: CombiningQuadrics. In theleft column,theleft joint is rotated
30° fromtheinitial pose while the area aroundthe middlevertex hasnot
changed. Simplyaddingthe quadricsat the middle joint givesthe wrong
result, so the quadric from the rotated posemustbe rotatedbad to the
initial pose In theright column,boththeleft and middlejoints havebeen
rotated,causinga deformation. Thedeformedquadricmustbe correctedto
remavethe effectof rotationby theleft joint, thencombinedwith that of the
initial pose

aswill occurwhenthe bonesare placedinto a new con guration,

evenwithout deformationof the surroundingneighborhoodAs an
example, considerthe verticesat the right end of the leg in Fig-

ure3. Theirquadricdn thedeformedposewill beatanangleto the
quadricsin the original pose which whensummedogethemwould

resultin a quadricwith a high collapsepenalty However, these
trianglesarein fact good candidatedor simpli cation, asthe lo-

cal curvatureof the surfacedoesnot deformandthe trianglesare
coplanar

Instead we mapthe verticesinto a commoncon guration, that
of theoriginal pose whichwewill callthereferenceoordinatesys-
tem. Because vertex v; in poseP; is known to betransformedy
M, (P;), theinverseM, 1(P;) will transformv; to v in reference
coordinates.

We canthenwrite the error of a singlevertex v over all poses
in our notation,substitutev; = M, (P;)v, thenfactorv out of the



summation.
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Thesummatiortermof Equationl0is aquadric,which we refer
to asthe pose-independemuadricQy . This canbe computedat
initial quadriccomputatiortime, andthenusedaswith quadricsin
standardQSlim. This derivationhasa naturalgeometridnterpreta-
tion asshavn in Figure4. In generalto transforma quadricQ into
Q° througha transformatiorM , we have from [Garland1998]the

rule:
Q® M H'emM h (11)

Whenwe transformv by M, *(P;), thecorrespondingransfor
mationof thequadricQy (Pi) becomes
Q= (My(P)"Qu(P)My(P) (12)
as in Equation10. We can then considerthe application of
M, 1(P;i) asremaing the effect of bone transformationon the
quadricQy (Pi), andisolatingthe effect dueto deformationof the
surface. This transformsQy (Pi) to the referencecoordinatesys-
tem,wherethe quadricscanbe combined . Becausehe bonetrans-
formationis linear, it is easilyinvertible. This may not be possible
with moregeneralpon-linearanimation.

BecauseQy (P) is a continuousfunction, the sum of quadrics
for all valid posess equialentto integrationover thedomain.
z

Q= (P)My(P) Qu(P)My(P)dP  (13)

valid P
The function (P) = szs b(P), which is the probability

of the currentpose,is written as the productof individual bone
probabilities. We now have anintegral with dimensionalityup to
12jBj. Clearly, directquadraturanethodsarenotapplicablen this
situation. Instead,we apply a Monte Carlo integrationtechnique,
which consistsof replacingthe evaluationof the integral with a
sumover randomcon gurations. To reducevariance ,we usethe
Recursie Strati ed Samplingtechniqueasdiscussedh [Pressetal.
2002]. In this method we considerthe domainto be sampledwith
N samplesasarectangulaparallelepipedR = (Xa;Xp), Whichis
speci ed by two oppositecornersof the region. We thenbisectR
alongthe longestdimensioni, producingtwo subrgionsof equal
size.

1
=& (Xb

Rai = (Xa;Xb 5

Xa)€i)

Rui Xa)@ ; Xb)

1
(Xa + P (Xb

Thevectore istheunitvectorin thei-th coordinatedirection.Each
regionis thenallocated\ =2 samplesWhenthenumberof samples
allocatedto aregion falls belov somethresholdN o, we uniformly
samplein theregion. We thenusethe samplego computea Monte
Carloapproximatiorto theintegral for Q. .

Notethatgiventhereparameterizatiofiom R*? into translation,
rotationandscale,the variablesare no longerindependentasthe
rotationalparameters, sampleasphericafunction. Thesampling
patternis requiredto take this into accountasin [Arvo 1995]soas
to avoid anunbiasedestimator

This quadricQy now encapsulatethe deformationof vertex v,
andcanbe usedin the quadricerror metric asusual. The overall
methodfor computingthe initial quadricsis expressedn the fol-
lowing pseudocode.

function ComputeQuadrics()
for 1 to k
{

P = generate-configuration()
reskin-mesh( P)
total = tota + (P)
foreach (v 2 V)
Q = Qv+ (P)My(P)TQu(P)M(P)

foreach (v 2 V)
Qv = Qv= total

3.3 Constructing Joint Probability Functions

Box Function: For simplicity, in somecases simplebox function
will sufce. This canbede ned asa functionthattakesthe value
1=(b a) intherang€[a; b], andis zeroeverywhereelse.It de nes
ajoint thathasno preferredangle,positionor scale,andcanmove
easilyanywherein its allowablerange.

GaussianDistrib ution: We mayalsoadda “preferredangle”and
a“stiffness”factorto eachjoint, asis commonin certainmodeling
productsfor inversekinematicsanimation.This will give a greater
priority to con gurationsnearthe preferredangle,andallows the
userto have greatercontrol over the nal simpli ed output. As an
artist may alreadysetthesevalues,this doesnot imposean extra
burdenon contentcreators.For a preferredangle anda stiffness
, thisprobabilityfunctionis representedsa Gaussiamlistribution
with and asthemeanandstandardieviation, respectiely.

Prede ned Animations and Motion Capture: In mary casesthe
poseof animationswill beknownin advance.Thismaybethecase
eitherdueto manualanimationof frames,or the resultof motion
capturedata.In theknown examples somebonesmayhave imper

ceptiblemovement,andit may be visually acceptableo simplify
their skin polygonsasif they did not deform. Fromthe examples
given,we cancomputethe probabilitydistribution of thecon gura-
tionsdirectly, andusethisinformationto guideour simpli cation.

3.4 Iterative Contraction

Iterative contractionof edgesin our systemis mostly identicalto
thatof QSIlim. Notethatwe maintainthe desirablepropertyof er
ror quadricsthatwe may directly solve for the optimal positionto
minimizeerror. Howeveranadditionalconsideratiomustbetaken
for assigningn uence weightsto the newly-createdvertex.

Eachin uence weight might be thoughtof asa continuousver
tex attribute, suchascolor, which would seemto lend the problem
to the attribute-preservingimpli cation of [GarlandandHeckbert
1998] and [Hoppe 1999]. However, in our contet, an in uence
weightis not a propertyof the meshdistinctfrom geometrybut in
factdirectlyin uencesthe nal skinnedgeometryof themesh.

We usethefollowing methodfor updatingweightsaftera vertex
collapse.We rst computethe distancedrom the original vertices
v andv; to the new vertex Veoliapsed Which we referto asd; and
d> (seeFigure5). We thenusethe expressiont = d;=(d; + dy)
asan interpolantfor the linear interpolationbetweenw; andws,,
the weight vectorsassociatedavith v; andv,, wherebythe weight
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Figure 5: WeightUpdateRule Theverticesv; andv; withanedgbetween
them(black line) are to be contractedto vertex Vegliapsed - Thedistances
d; andd; are usedto interpolatethe weightvectos of the two verticesto
computethein uence weightsof Vegjiapsed -

vectorof thenewly createdvertex is Weogllapsed= W1(1 t) + wot.
Empiricalvalidationfor this methodis givenin Sectiord4.

During iterative contraction thereis a possibility thatgeometry
may“foldover,” thatis, ip theorientationof atriangle,which pro-
ducesvisually unpleasanéartifacts. We addresshis by disalloving
collapsesvherethe normalof ary trianglein the neighborhoodf
the collapsewould berotatedby morethan90 degreesin therefer
encepose.This provedto bereasonablehut amorecomprehensie
solutionmight computean averagenormalover all poses,or nd
normalcones.

4 Experiments and Results

We testedour algorithm on several models,including a scanned
humanleg, a police of cer, anda horse.Our primary focusin the
resultswas on correctnesg&nd resultingmeshquality, ratherthan
speedasour methodis intendedfor usein a preprocessyet sim-
pli cation timesare shavn to be closely comparableto standard
QsSlim.

To shav the amountof simpli cation acrossa model,we color
eachfaceof themodelbasednits size,usinga logarithmicscale.
The areaswith the mostsimpli cation arered, and progressiely
becomeblue in areasof lesssimpli cation. We have found this
to be a usefultool in analyzingsimpli cation, thoughit is most
expressve whentheoriginaltrianglesarerelatively uniformin size,
sothatsimpli ed regionsstandout clearly.

The leg model, which was taken and modi ed from a Nvidia
skinningdemo[Nvidia 2000], is a taperedcylinder that becomes
slightly smallerat oneend,andbendsup to 90° down in the mid-
dle. As canbe seenin Figure 6, oncethe meshis simpli ed, the
regionsaway from thejoint aresimpli ed dramaticallydueto their
nearcoplanarity In theviews of thesimpli ed, undeformednodels
(bottomrow) we seehow theregion aroundthejoint is preseredin
greateidetail. Notethatthebottomof thekneemaintainshigherde-
tail overawiderareathanthetop, dueto thegreaterdeformatiorof
thetriangles. This is aswasexpectedfrom Figure3. Finally, note
how the side of kneeis simpli ed morethanthe top and bottom,
asthe verticeson the side are limited to positionsin the planeof
their adjacentrianglesin the original mesh. This would not occur
in systemshat presere detail basedon distanceto joints. When
thekneedeforms we seethatthe shapeof thecreasen theoriginal
modelis preseredin thesimpli ed versions.

In Section3.4, we give a methodfor updatingthe weightvector
afteriterative contraction.We comparedhe resultsof this method
to the resultsof usinga proceduralweight function to recompute
vertex weights. Most modelswill not have a procedurakpeci ca-
tion for in uence weights,sothe performancef theweightupdate
ruleis critical. In ourexample we foundthatfor moderatesimpli -
cation(13 percentof original), theroot meansquaredlifferencein

weightsis insigni cant, beinglessthan1:45 10 2, andthemaxi-
mumerroris 0:021 Evenfor moredrasticsimpli cation (3 percent
of original), theroot meansquarecerroris about5:18 10 3, the
maximumerror is 0:028, and hasan imperceptibleeffect on the
resultingskinnedmesh.

Figure7 shows the performancef our method,ascomparedo
two alternatve algorithms.First, we compareo a methodthatpre-
senesdetailneardeformableareasy scalingthestandardjuadrics
by a weightthatfalls off away from thejoints. For avertex v with
quadricQy, andthe positionof the nearesbonexy,, we scalethe
quadricby Q% = [ G(jjv  xujj) + 1]1Qv, whereG is aGaussian,
with = 0and = 0:1. In ourexample,wealsoset = 5, which
hasthe effect of giving quadricsnearjoints + 1 = 6 timesas
muchweightasthosefar awvay from joints. The choiceof and
canbetunedasnecessaryWe alsoshow theresultsof the standard
QsSlimalgorithm,run on thereferencepose.All examplesuseour
methodto updatein uence weightsduringiterative contraction.

In certain cases,the intuitive logic that the areasaroundthe
pivot shouldbe presered in the highestdetail is not always cor-
rect. Whenthejointsin Figure7 aredeformedd0 degreesthearea
at the pivot itself is actuallyrelatively at. Therearein facttwo
creasedegionsadjacento the pivot area,but the pivot areaitself
doesnot form a crease.As canbe seenin the example,our algo-
rithm recognizeshecreasesandpreseresthemin higherdetail,as
well assimplifying the at regionsatthejoints. Also, greatersim-
pli cation is achieved on the outsideof the tube, which doesnot
undego signi cant deformation. The methodof preservingdetail
atthejoint preseresasigni cant amountof unnecessargetail. Fi-
nally, the standardQSlim algorithmresultsin a relatively uniform
level of simpli cation acrosghe surfaceof theobject,anddoesnot
presere ary additionaldetail at the joint, resultingin the expected
lossof quality.

Figure 7: A full resolutionmodel,onesimpli ed with our method another
thatthepreservesletailnearjoints, andthelastwith standad QSlim.In u-
enceweightshavebeenupdatedusingour method.Notethatthe areanear
thepivotis at, ratherthancreasedOur algorithmcorrectly providesmore
simpli cation in this area. Themethodof preservingnearjointsincorrectly
preservesoo mud detail in this area,and QSlimhasa uniformamountof
simpli cation acrossthemodel.

In Figure8, we shav an exampleof a scannechumanleg pro-
vided by Cybervare. First, we seethe full resolutionmodel, fol-



Figure 6: Leg Model,at variouslevelsof simpli cation, andcolored randomlyto showthetriangulation. Thetop row showstheleg with the kneedeformedat
a45dagreeangle Thebottomrow showstheleg in therefelencepose but with facescolored basedon area. Thisshowsthe preservatiorof detail aroundthe
joint, with more detail on the lower sideof thejoint. Fromleft to right, the meshesre shownafter 1700,2000,2200,and 2250collapsesrespectively

lowedby amodelsimpli ed with QSlimin thebentposition,which
we expectwould make a goodapproximationput loses delity in
its approximationof the straightpose. The third modelhasbeen
simpli ed basednthestraightposeandsimpli cation artifactsare
visible at the creaseof the knee. Using our methodwith 4 poses,
we achieve amoreaccurateapproximation.

Figure 8: Leg fromthe scannedemaledatasetshownsimpli ed to about
0.5% of the original numberof triangles. Our method(usingonly 4 sam-
ples) correctly placesadditional detail in the deformingregionsto better
preservetheshape Notethatthe creaseat the bad of thekneein theresult
producedby our methodbetterapproximateshe original thanthe method
producedby QSlimfromthe straight pose

To comparethe effect of varying probability functions,we shav
acloseup of thebackof thekneesn the CybervareScannedVale
(Figure9). Theleft kneehasa 120°rangeof motion,while theknee
on theright hasonly at 30°rangeof motion. As a result, the left
kneepresereshigherdetailto allow for betterapproximatiorof all
possibledeformations.

For quantitatve evaluationof our approximation,we usedthe
Metro tool [Cignoni et al. 1998], which computesthe Hausdorf
distancebetweentwo surfaces. As shavn in Table1, our method
producesa betterresultthaneitherstaticmethodwhenconsidering
bothposes.

Foramorecomplicatedexample with multiple bonesandjoints,
we shav the police of cer modelin Figure10. It canbe seenthat
the deformableregions, especiallyaroundthe kneesand elbows,
arepreseredin higherdetail. We canseefrom therearsimpli ed
view thatthe backsof thekneeshave alarge areathatis presered
in high detail,asdo theheelselbons andwrists.

Table 2 shavs the times requiredto simplify eachof our test
modelsto 10%o0f theoriginalnumberof triangles.Althoughthere-
sultsprove to be quite fast,dueto artifactsof our implementation,

Figure 9: ScannedViale. Theleft kneehasa 120°range of motion,and so
preserveshigher detail in the indicatedregion than the kneeon the right,
which hasa 30°range. Notethatasin Figure 8, the surfaceat the creaseis
at underdeformationandis therefore decimated.

Model Straight Pose Bent Pose Std. Dev.
QSlim/Straighttosg  .01017 .01350  2.4e-3
QSlim/BentPose .01718 .01130 4.1e-3
Our Method .01122 .01207 6.0e-4

Table 1: Comparisonof the resultsof static methodsversusour method.
Thescannedemaleleg modelwassimpli ed to 0.5%of original triangles,
andtheHausdorf distanceto theoriginal meshwascomputedisingMetro.

Whileour methodyivesa goodapproximationacrossposestheapproxima-
tion quality of the standad QSlimvarieswidely.

thereis room for greatertime ef ciency. Our systemwasimple-
mentedin a high-level interpretedanguageandwe expectthata
similarimplementatiorin a moreef cient languagevould provide
betterperformance.Also, increasingthe numberof sampleswill

increasehetime in theinitial quadriccomputatiorproportionally
In theexamplesshown, 16 samplesvereused but goodquality re-
sultscanbe seenfor 8 or even4 samplesduein partto the useof
strati cation to reducevariance We canseethatthe overheadrom
theinitial quadriccomputationis a small part of the overall time,
contrikuting to around25% of thetotal simpli cation time. As this
is the only phaseof QSlim changedn ary signi cant way by our
method theseresultsshav thatour methodaddsonly a smallover
head,especiallykeepingin mind thatthis is intendedfor usein a
preprocessandsimpli cation is not performedat run-time. Addi-
tionally, asthe size of the meshincreasesthe runningtime of the
algorithmwill consistmainly of the iterative contractiontime, re-
ducingtherelative time penaltyof our methodversusQSlim for a
singlepose.

Themajority of thetime spentn eachfunctionevaluationis used
for standardinear algebraoperations. An optimizedlinear alge-
bra packagecould potentiallyprovide a large performancéene t.
However, we wishto stresghatall work is spentin apreprocesbe-



Figure 10: Rearview of a simpli ed police of cer modelwith 10% of the
original triangles, colored basedon triangle size Themodelon theleft is
simpli ed usingQSlimin the original pose while the modelon theright is
simpli ed usingour method Notehowour methodcorrectly preservesnore
detail aboutthejoints, especiallythe kneesglbows etc.

Model Vertices | Quadric Time Total Time
Leg 2306 0.25s 0.77s
HumanLeg 25158 5.1s 14.0s
Horse 48485 6.5s 26.1s
Police 63881 6.9s 29.3s
ScannedVale | 146631 24.2s 95.36

Table 2: Simpli cation Times. Each modelwas simpli ed to 10% of the
original size Timesare givenin secondsusingour C# implementatiorof
thealgorithm. TheQuadric Timeis thetimeto computeheinitial quadrics.

fore actualexecution,andno work is performedduring rendering
time.

5 Conclusions

In this paper we presenteda method for view- and pose-
independensimpli cation of skeletally articulatedobjects. We
have seenhow poseindependencés possiblethroughthe use of
the joint probability function , which allows us to have a single
guadricthatis applicableto mary posesAlso, we shavedhow in-
tegration of the vertex quadricsover the domainof possiblebone
con gurations,andtransformingquadricsbackinto the reference
coordinatesystem,allows for quadricsto be correctly combined,
thenusedto simplify the original meshwhile taking deformations
into account Finally, we sav how our methodaccuratelypreseres
creasesinddeformingregionsat joints moreeffectively thanstatic
methodsof simpli cation.

It is importantto understandhe situationswhereour algorithm
doesnot provide a signi cant bene t. In modelswith signi cant
creasest the joints, the standardQSlim algorithmwill presere
additionaldetailin theseregions,which in mary casesnay be suf-
cient for animation.Also, in modelswith widely varyingrangef
motion, especiallywhenthe mostextrememotionsareuncommon
asde ned by the probability function, the singlepose-independent
model producedby our algorithm may be insufcient. In such
casesit maybe practicalto considerperformingthe simpli cation
for eachpre-de ned animationsequenceratherthanfor all pos-
sible animationsat once. For example,a model of a golfer may
have legsthatremainstationarywhile makinga putt, but naturally
move whenwalking betweenholes. Sucha systemmight useour
methodto generatea pose-independemhodelfor eachsequence,

and switch modelsas necessary Additionally, for extremeposes
that are short-lived, and in which the focusis drawvn to a single
model,suchasaslamdunkpose asystemmight needto assigrad-
ditional trianglesto the modelfor the durationof the animation. It
would thenbe usefulto useour algorithmwith a progressie-mesh
typesystenfor continuoudevel-of-detail,sothatthe exactnumber
of trianglescould be speci ed. While it may be necessaryo take
someof theseconsiderationito accounteforeintegratingour al-
gorithminto a productionsystem,our algorithmprovidesa useful
foundationonwhich to build.
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