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Abstract

We presenta methodfor progressivedeformingmeshesMost existing meshdecimationmethodgocuson static
meshesHowever, there are more and more animationdatatoday andit is importantto addressthe problemof
simplifying deformingmeshes.Our methodis basedon deformationorienteddecimation(DOD) error metric
and dynamicconnectivityupdating(DCU) algorithm. Deformationorienteddecimationextendsthe deformation
sensitivitydecimation(DSD)error metricby augmentingan additionaltermto modelthedistortionintroducedby
deformation.This new metric preservesiot only geometricfeatuesbut also areaswith large deformation Using
this metric, a static refelenceconnectivityis extractedfor the whole animation.Dynamicconnectivityupdating
algorithmutilizesvertex treesto further reducegeometricdistortion by allowing the connectivityto change. Tem-
poral coheencein the dynamicconnectivitybetweerframesis achievedby penalizinglarge deviationsfromthe
refelenceconnectivity The combinationof DOD and DCU demonstatesbettersimpli cation and triangulation
performancehan previousmethoddor deformingmeshsimpli cation.

1. Intr oduction

Today more and more high-resolutionanimated3D mod-
els,alsocalleddeformingmeshesr time-varying surfaces,
are widely usedin mary applications,suchas gamesand
movies. High-resolutionmodelsarerequiredto presentde-
tailsand ne structuresHowever, somedetailsmightbeun-
necessarespeciallywhen viewing from a distance . Mesh
simpli cation is a procesf eliminatingsuchunnecessary
or redundantetailsfrom high-resolutionr3D modelshy re-
moving vertices,edges,or faces.By repeatedlyapplying
this processan animatedmodelcanbe corvertedinto a set
of progressie meshrepresenting sequenc®f 3D meshes
with continuoudevel-of-details(LOD). Dueto theremoval
of someprimitives,this procesaisuallydistortsthe original
model.Hence variousmetricshave beenproposedo mea-
surethe deviation of the simpli ed modelfrom the original
one and mary meshsimpli cation methodshave beende-
velopedto minimize thesemetrics.However, mostof these
methodsaredesignedor simplifying staticmeshesbut not
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time-varyingmeshesuchanimated3D modelsor 3D meta-
morphosisin this paperwe proposea new methodfor gen-
eratingprogressie deformingmeshes.

To simplify deformingmeshessomeprevious methods
focuson preservinghe staticconnectiity, i.e.,the connec-
tivity of the deformingmeshesemainsunchangedor all
frames.In theseapproacheghemeshsimpli cation process
is only appliedto one model,which aggr@atedfeaturesof
all framesasa meta-mesh.However, suchadaptationsare
inadequateand the resultsare often not satisfctory since
they do not take time-varying deformationinto considera-
tion. Figure 1 shaws the lastframeof a simpli ed 3D mor-
phingsequencen which a horseis morphedto aman.The
resultsof usingpreviousapproacheéFigurel(c, d, e)) have
obviousdistortionin thehandarealt is becaus¢hatthefea-
turesof ahorsearenotnecessarilyhefeaturef amanand
our methodhasno suchproblem(Figure1(f)).

On contrastto early work with staticconnectiity, a few
recentmethodschangethe connectity adaptvely anddy-
namicallyto improve thequality for eachsimpli ed meshof
the simpli ed deformingmeshesThesemethodsstartwith
the meshof the rst frame, and incrementallyupdatethe
connectiity sothatthe meshin the next frameis well ap-
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(a) originalmesh (b) independenQEM (c) rst-frame QEM

(d)yDSD (e)KircherandGarland (f) Ourmethod

Figure 1: Thelastframeof a simpli ed 3D morphingsequencga) Theoriginal model.(b) Theresultof anindependenQEM
approad. (c) Theresultof a static connectivityapproacd fromthe r st frame (d) Theresultof DSD.(e) Theresultof Kircher
and Garland's method[KGO05. (f) Our result. AlthoughindependenQEM is the bestappmoad to preservethe featues, it
haspoppingartifactsin animation.Theresultof our methodpreservesnore detailsthan perviousmethodswhile maintaining

tempoal coheencyof meshconnectivity

proximated.n orderto generategoodsimpli ed deforming
meshesa greatamountof updatess often inevitable, and
henceresultingin poppingartifacts.On the other hand, if
consisteng constrainton the connectity of meshedrom
frameto frameareimposedtheresultshave bettertemposl
coheence However, geometricerrors may be propagated
and accumulatedvith theseapproachesThe fundamental
problemis thatthemodelin eitherthe rst or arbitraryframe
doesnot necessarilyepresent good compromisebetween
the individual meshdistortionand connectiity updatesfor
in-betweermeshes.

Our goal is to minimizemeshdistortion while maximiz-
ing temporl coheencefor deformingmeshdecimation.n
other words, our method attemptsto nd a sequenceof
mesheswhich well approximatethe original meshesand
the amountof frame-to-frameconnectiity updatess min-
imized. We rst introducea deformationorienteddecima-
tion (DOD) metricto improve staticconnectity approaches
(Section3.1). In additionto thegeometricerrormetric,DOD
metricusesthe rst orderderivativesof the edgelengthegso
measurghe deformationdegreeof deformingmeshesThis
DOD schemas usedto obtaintheinitial progressie deform-
ing meshesvith staticconnectiity. Next, weintroduceady-
namicconnectiity updating(DCU) methodwhich utilizes
vertex treesto furtherreducegeometridistortionby altering
connectiity of meshegSection3.2). Temporakoherencef
connectiity betweerframesis achiezed by penalizinglarge
deviationsfrom areferenceconnectiity. ResultySection4)
shavsthattheproposednethodhasbetterperformancehan
previous methoddor deformingmeshsimpli cation.

2. Relatedwork

In this sectionwe review relatedwork in threegroups:mul-
tiresolutionmeshessimpli cation of deformingmeshesnd
compressionf deformingmeshes.

2.1. Multir esolutionmeshes

Thereareaplethoraof papersngeneratingnulti-resolution
meshesnotablythroughre-meshingandsimpli cation. Re-
meshingapproache§CSAD04 EDD 95] attemptto obtain
a good re-samplingover the original meshsurface. These
methodscan not be directly applied to time-varying sur
faces,sincethey do not take the temporalcoherenceanto
accountSimpli cation techniqguesshoosea primitive caus-
ing theleastdistortionmeasuredy somemetrics,andcon-
ductprimitive eliminationoperationsuchasvertex-removal
[SZL97, vertex-clusteringlCVM 96], andedge-collapsing
[GH97,Hop96 LT98]. For edge-collapsingrchitecturethe
sequenceof simpli cation processforms a tree structure,
calledvertex tree.A vertex treecanbeusedfor selectve re-
nement or coarsenindor arbitraryview-dependenmulti-
resolutionmodel [XV96, Hop97 LE97]. Traditional mesh
simpli cation algorithmswork ne onasinglestaticmodel.
However, asre-meshingjt doesnot considertemporalco-
herenceand hencecan not be directly usedfor deforming
meshes.

2.2. Simpli cation of deforming meshes

Recently somemeshsimpli cation methodshave beenpro-
posedfor deformingmeshesMohr and Gleicher[MGO03]
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proposeadeformatiorsensitve decimationDSD) method,
which adaptsthe QEM [GH97] algorithm, to constructa
meta-mestby summingthe quadricerrorsincurredby all
frames. The meta-meshusesthe aggreyated error as the
guide to nd an optimal primitive elimination sequence
to simplify itself. DeCoroand Rusinkievicz [DROY pro-
poseda methodof weightingpossiblecon gurationof poses
with probabilities.With articulatedmeshesskeletontrans-
formationis incorporatednto standardQEM algorithm,and
usersmustspecifythe probabilitydistribution for eachjoint.
ShamirandPascucc[SP0] alsousedhe QEM algorithmas
a basesimpli cation module.By extractinghigh frequeng
transformation simpli cation is appliedto the basemesh
andtheresultsareacquiredby aninversetransformatioron
thesimpli ed basemesh.

Keepingstaticconnectvity for all framesproduces mod-
erateapproximationWith thisadaptationaverysimpledata
structures usedfor therepresentatioandthe quality of the
simpli ed animationis satishctoryin generalHowever, be-
causethis approachmakesa compromiseamongall frames,
it maypreferto presere alessprominentieatureoveramore
importantfeaturein someframebecause¢he lessprominent
featureis moreimportantin otherframes.Thisis especially
commonin 3D metamorphosignimations.Hence,impor-
tant featuresat certain framescould be sacri ced by this
compromiseThephenomenaanbeseenin Figurel.

Sincemethodswith static connectity cannot presere
all featuresvhenmoreprimitivesareremoved,analternatve
way is to changethe connectvity dynamicallyduring the
animation.Shamiret al. [SBP0OQ SP0] designeda scheme
for simplifying deformingmesheswhile changingthe con-
nectity dynamically In their method,Time-dependenbi-
rected Acyclic Graph (TDAG) is introducedby memging
eachindividual simpli ed modelof eachframeinto a uni-
ed graph.TDAG is a datastructurethatstoresthelife time
of avertex, whichis queriedfor the connectiity updating.

Kircher and Garland [KG05] used edge-s\ap opera-
tionsto dynamicallyupdatethe connectiity. Thesimpli ed
modelfor thenext frameis obtainedby a sequencef edge-
swap operationsfrom the simpli ed model of the current
frame.Inadequateerror propagatiorfound in Shamirs ap-
proachSBPO0Q is overcomeby applyingonly valid andben-
e cial edge-swp operationsHowever, for extremely sim-
plied deformingmeshestheremight be a hugeamountof
connectiity updateavhich causepoppingartifacts.

2.3. Compressionof deforming meshes

Anotherway to reducethe size of the sequencef deform-
ing meshess throughdatacompressionLengyel [Len99
proposeda compressiormethodfor deformingmeshedy
decomposinghe time-varying geometriesto SVG matri-
ces. Alexa and Mller [AMOO0] used Singular Value De-
composition(SVD) to nd the principle component®f de-
forming meshes.Then, the losslessor lossy compression
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of the deformingmeshescan be controlled by either pre-
servingall componentr discardingsomelessimportant
componentslbarria and RossignadIR03] shaved how to
use predictors,ELP and Replica, to compressdeforming
meshesAs an extensionof the geometryimage[GGHO0Z,

Briceno et al. [BSM 03] usedthe RGB channelsas the
XYZ coordinateso compresghe time-varying deforming
meshesscompressingvideosequence-dencemary tech-
niquesfor video compressiorcould be applied.Jamesand
Twigg [JT0] developeda methodto automaticallynd the
bonesandvertex weightswhich areusedfor ef cient hard-
warerenderingandexcellentmeshdatacompression.

3. Algorithm

Our algorithm consistsof two components:Deformation
OrientedDecimation(DOD) andDynamicConnectivityUp-
dating (DCU). In this section,we rst describeour DOD
methodfor deformingmeshdecimatiorwith astaticconnec-
tivity. Next, we useDCU algorithmto reduceerrorsby al-
lowing adaptve connectity while maintainingemporalko-
herenceFinally, someimplementatiordetailsarediscussed.

3.1. Deformation oriented decimation

Our DOD algorithm is basedon Garlandand Heckberts

QSlim algorithm which hasbeenproven efcient and ef-

fective for static meshdecimation.QSlim iteratively se-
lectsan edge(vj; vj) with the minimum contractioncostto

collapseand replacethis edgewith a nev vertex u which

minimizesthe contractioncost. To measurehe contraction
costfor an edge,Qslim utilizes the quadraticerror metric

(QEM) [GH97, which measureshe total squareddistance
of avertex to thetwo setsof planesP(v;) andP(v;j) adjacent
to vj andvj respectiely. A planecanberepresentedith a

4D vectorp, consistingof the planenormalandthe distance
to the origin. Hence the squaredistanceof a vertex v to a

planep equaIwT(ppT)v. The QEM errorfunctionD;j for a

vertex v to replacetheedge(vi; vj) is

Div= & Vvi(pp)v+ A V'(pp")v
p2 P(vi) p2 P(vj)
— . IA. TA .\,
=V Qv+ Vv Qjv: @

Garlandalsosuggestsisingan area-weightedjuadricerror
metricfor betterresults|Gar99 andde nesthe QEM error
functionas:

Dij(v) = VI (WiQi + wjQj)v=v'Qijv; (2)

wherew; is the total areaof trianglesadjacento v; andw;
is de ned similarly. Hence,the QEM costQEM,;; for con-
tractingan edge(vi; vj) is de ned asDjj(ujj), in which u;j
is the vertex minimizing Djj(v). QSlim simpli es a mesh
by iteratively nding the edge(vj;vj) with the minimum
QEM;j, performingan edge-collapseperationto replace
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(vi;vj) with a new vertex uj; and updatingthe edgecon-
tractioncostsrelatedto ujj until the desiredvertex countm
is reached.

To extendQEM to handledeformingmeshesa naive way
is to useQEM to obtainan edge-collapssequencdor the
rst frame,andthenapplythis sequencéo all frames.Since
all framesusethe sameedge-collapssequencethey have
the sameconnectiity. The disadwantageof this approactis
obvious. Feature®f otherframesmight be removedif they
are not featuresin the rst frame. The deformationsensi-
tive decimation(DSD) algorithmaddressethis problemby
summingQEM costsacrossall frames[MGO03]. The DSD
contractioncostfor anedge(vi,v;) is de nedas
f L
DSDij = & QEM{; = § u; Qljulj; (3
t=1 t=1
where uf; minimizesthe QEM cost QEM; for the edge
(vi;vj) atframet. Hence DSD tendsto presere edgeshat
aregeometrideaturesnoreoftenin theanimation.

The QEM errormetricsusedby DSD only concernswith
featuref geometryin thespatialdomainbut notfeaturesof
deformationin thetemporaldomain. As aresult,geometric
featuresareoftenwell preseredbut regionswith highdefor
mationmaynot. To addres®SD'signorancdo deformation
information,we proposea deformationorienteddecimation
(DOD) metric which incorporatesa deformationcostinto
the DSD metric.

We designour deformationcostx;; sothatanedgeis less
likely to be contractedf it haslarger deformationand be-
longsto deformationareasmoreoften. We measurehe de-
formationof anedgeby its averageedgelengthchangeThe
averageedgelengthchangeor anedge(vi;vj) is de ned as

I
Dij= a Dij; (4)
t=1

where DIf; = jIf* 1fjj is the edgelength changefrom

framet tot + 1and|itj is theedgelengthfor theedge(vi; vj)
atframet. An edgewith largerDl;; impliesthatthis edgede-
formsmoreoftenin theanimation.Thereforejf we contract
it, thenthe deformationperformedby this edgewill belost.
Hence we shouldpreferto contractedgeswith smallerDlj;
rst.

To be consistentwith area-weightedQEM, we assign
higher weightsto the edgesbelongingto the trianglesof
larger areas.Hence,we use the averageareaA;j as the
weight,

f
Aj= & Aj (5)
t=1

WhereA} j is the sumof areasof the two trianglessharing

edge(vi; vj) atframet. Thus,wede ne thedeformationcost

Figure2: Thesimpli ed walkingdog animation.Thetoprow
showsthe simpli ed meshwith our DOD method.Thebot-
tomrowis theresultusingthe DSD method Thehighlighted
areademonstatesthatour DOD methodpreservesnore tri-

angleson the area havingmore deformationarounddog's
ned.

xjj for anedge(vj;vj) asfollows:
xij=wij Aj (D)) (6)

wherew;j is anothemweightde ned as
max D|EI- ﬁij

W= g :
g L 1 of lut_ ﬁ 2
_f_j_at:]_( i |])

(@)

Thedenominatoof theabore equationis the standardievi-
ation of lengthchangesThis weightrepresentthe normal-
ized maximumdeformationand helpsto presere the edge
with irregular and suddenlarge deformation.The introduc-
tion of this weightis to re ect the factthat we usually pay
moreattentionto unexpectedandsudderdeformation.

Finally, We de ne the DOD error metric for contracting
anedge(vj;vj) asthe sumof its DSD costDSD;j andits
associatedeformationcostx;;:

DOD;j = DSDjj + xij: (8)

The decimationprocesss similar to DSD algorithmexcept
that DOD metricsare usedinstead.Oncethe edge(vi; vj)

has beenselectedto be contractedthe new vertex u}j is
found using the sameapproachas QEM to minimize geo-
metricerrorfor every framet.

QEM measuresarea-weighted geometric distortions
while the deformationcost measurearea-weightedlefor
mationamountin theanimation Hence QEM preseresge-
ometric features(DSD;j) while the deformationcost (x;;)
preseres highly deformedareas,and the combinationof
thetwo termsgivessimpli cation thatpreseresbothspatial
andtemporalfeaturessimultaneouslyNote that our defor
mation cost (Equation6) hasa consistenform with QEM
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cost.Hence.both costshave similar scalesandthe relative
weightbetweerthemis setto 1 asshovn in Equation8.

Figures2 shav comparison®f our DOD methodandthe
DSD methodfor awalking doganimationn thisanimation,
theareaarounddog's neckhasmoredeformationandneeds
moretrianglesto represenit faithfully. Our DOD method
doespresere more necessaryconnectity thanthe DSD
method.

3.2. Dynamic connectvity updating

The DOD algorithmin the previous sectionsimpli es a de-
forming meshwith staticconnectyity. Hence,only thever
tex positionscanbe changedacrossframesbut not connec-
tivity. For skinning animationsiit is typically sufcient to
usea x edstaticconnectvity. However, for animationswith
extremely non-rigid deformation,suchas 3D metamorpho-
sisanimationsdecimationusingstaticconnectvity is often
inappropriate.In 3D metamorphosisa sourcemeshis trans-
formedinto atargetmesh Both meshesreusuallyvery dif-
ferentandthefeaturef thesewo meshesreoftenlocated
atdifferentplaces Hence a staticconnectiity oftenfailsto
capturefeaturesacrossframes.For this situation,adaptve
connechity is preferred However, atthe sametime, we do
not wantto have frequentconnectvity changewhich might
incur poppingartifacts.To copewith the problem,the idea
is to minimizethegeometricerrorwhile maintainingsmooth
temporalconnectvity changes.

The edge-collapseperationdn the previous sectionim-
plicitly form abinarytreestructuresinceeachedge-collapse
operationmeigestwo verticesv;, vj into a new vertex uij.
Hencewe canrecordthesequencef edgecollapsego con-
structatreecalledvertex tree Figure3 givesanexampleof
vertex tree.ln avertex tree,all leafnodegogetherepresents
thefull-resolutionmodel.Any cut throughthe intermediate
nodesforms a meshat a speci c resolution.We call sucha
cut vertex front, asillustratedin Figure 3. Hence,a vertex
front F is a setof nodesn of the vertex tree.For the static
meshdecimationproblem,we wantto nd a vertex front
of sizemwith the minimumgeometricerror Hence we can
formulatethemeshdecimatiorproblemasthefollowing op-
timization problem:

min & h(n); 9)
"n2 F
whereF n, is the setof all possiblevertex frontswhosesize
aremandh(n) is the costassociatedvith thenoden, i.e.,,
the contractioncostfor the edgecollapseto form the vertex
correspondingo n.

To extend the abore optimizationproblemto handlean
animationsequenceindependenQEM approactsolvesthe
optimizationfor eachframeindividually without consider
ing the temporalcoherencein connectity. This stratey
however causepoppingartifactsandmary connectiity up-
dates.As statedearliet our goalis to minimize geometric
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Base Mesh

Figure 3: lllustration of the vertex treeadoptfrom Hoppes

paper [Hop97. The roots of the vertex forest collectively
representa basemesh.Any cut through the intermediate
nodesformsa decimatednesh.

Cost Minimized .
Vertex Front Non-Changing
Connectivity

Initial Vertex Front

VAN

/@ﬁ W\
| /
Framet Framet+1 Updating Records

Figure 4: Vertex front transformedfrom framet to frame
t+ 1. Becauseour methodseekdor a differentvertex front
for eacdh frame the correspondencenustbe built sud that
we can updatethe connectivity On the right most,two por-

tions are computed:non-dhanging connectivityand neces-
saryupdatingrecods.

distortionwhile maintainingthe temporalcoherenceThus,
given a distancefunction D(F1; F») that measuregonnec-
tivity discrepang betweertwo frames,we attemptto nd a
sequencef meshewvith low geometriadistortionaswell as
low connectiity discrepang betweenconsecutie frames.
This problem can then be formulated as an optimization
problem:
f f1 !
mn & & h(m+k3 DFELFYY ;o (10)
FLusF2Fm 4Zinppe t=1

wherek is a userspeci ed constanto control the degreeof
connectiity smoothnesbetweerconsecutie frames.

The distancefunction D(F1;F,) is de ned aswhat up-
datingis necessaryo transformfrom the vertex front F4 to
thevertex front F». Updatingis composedf edgecollapses
andvertex splits, asillustratedin Figure4. We rst de ne
thedistanceD(n; F2) from anoden of F; to thevertex front
F, asthe quadraticheightdifferencein the vertex treefrom
nton ; here,n isanodeof Fy, canreachn by edgecol-
lapseor vertex splits,andhasthemaximalheightdifference
to nin thevertex tree. The quadratiderm preventsthe solu-
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Figure 5: A 50-framewave animationspreadingout fromthe centerto the boundary Top: Theoriginal sequencevith 10,210
verticesand 20,000faces.Bottom:2,040-verticesand 3,982-facespproximation.

tion from beingoverly coarsenedr re ned at a certainlo-
cationof themesh Finally, thedistanceD(F1; F») is de ned
asan g, D(N;F2).

However, the optimizationde ned in Equation10 is a
hugecombinatoriabptimizationproblem We hadattempted
to solve it by a geneticalgorithmbut did not have satisfc-
tory results.lt is becausesolutionsoften get stuckin local
minimums.Hence,we simplify Equation10 and optimize
the approximatecrobleminstead Theideaisto rst nd a
referenceconnectiity representetly avertex front F asthe
initial connectiity for all frames.Eachframeis thenopti-
mized separatelhby alteringF to further reducegeometric
error However, to maintaintemporalcoherencewe do not
like a vertex front too far away from F. Thus,we formulate

theapproximatedninimizationproblemas:
|

min & h(n)+k D(F;F) : (11)
2Fm n2F

For this reducedoptimization,we rst performDOD algo-
rithm to obtainthe optimalvertex front F andsetup a vertex

tree structure.For eachframet, we generatea vertex tree
with thetreestructurethatDOD algorithmbuilds. However,

the costassociatedvith eachnodeof the treeis calculated
usingQEM. Thatis, thecollapsesequencés universallyde-
terminedby DOD, but the costsare calculatedndividually

for eachframe’s own vertex tree using QEM. After build-

ing the vertex treefor eachframe,the optimal vertex front

is found usinga greedymethod.Although our algorithmis

only suboptimaljt worksverywell in practiceandgivesbet-
ter resultsthanprevious methods.

An alternatve approximatesolutionto Equationl0would
be to solwe for the rst frame by minimize geometriccost
andto usethe resultasthe referenceconnectity to opti-
mize for the next frame.Hence,for eachframe, we mini-
mize the geometricdistortionandthe connectity discrep-
ang from the previous frame. Similar to Kircher and Gar

Number of Updates

g & B

Number of Updates

3

o

k=0 k=015 k=025 k=05 k=1 k
Choice of k

Figure 6: The effectsof differentk for the spreadingwave
animationusingthe DOD+DCU appmoad. Top: Thenum-
ber of updatesn ead frameat differentk. Middle: Theav-
erage numberof updatedor every doublingk. Bottom:The
illustration of the connectivitychangesfromframeto frame

land's method[KGO035], this stratgly doesnot usethe infor-
mationof theentiresequencandhassimilar disadwantages.

The coefcient k in Equation11 controlsthe degree of
temporal smoothnesslarger k gives a solution closer to
DOD and smallerk gives a solution closerto QEM (not
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Figure 7: A horse-gallomnimationwith 48 framesTop: Theoriginal animationwith 8,431verticesand 16,843faces.Bottom:

800-verticesand 1,588-facespproximation.

—*—independent QEM fir st-frame QEM —&—DSD —*— DOD
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0.0008

Frame

Figure 8: Comparisonsof independenQEM, r st-frame
QEM, DSD, and DOD for an extremesimpli cation for the
horse-gallopanimation.

the sameQEM becausehe structureof the vertex treeis

from DOD but the nodecostsare from QEM). We usethe
wave spreadingexamplein Figure5 to illustratetheimpact
of k. Figure6 shaws the relationshipbetweerthe choiceof

k andthe numberof averageconnectity updatesThere-
sult shaws thatthe relationshipis approximatelylinearwith

halving or doublingk. This propertyholdsfor all examples
we have tested.

3.3. Implementation
Our algorithmcanbe summarizednto thefollowing steps:

1. UseDOD to generata sequencef edge-collapsepera-
tions, build the structureof thevertex treesandcreatethe
initial vertex front.

2. For eachframe,build thevertex treesusingDOD's struc-
tureand Il in the costfor eachnodeusingQEM's edge
contractioncost.

3. Modify theinitial vertex front for eachframeto minimize
Equationll

For Stepl, we modify QSlim 2.1to incorporatehe DOD
metric andbuild the vertex trees.For eachedge,we record
its lengthandthe areasf thetwo trianglessharingit. Then,
we performthefollowing procedure:

Computethe DOD costfor every edge,andinsertthese
edgednto a priority queue.

¢ TheEurographic#ssociation2006.

(a) original mesh

(b) simpli ed meshusingDOD

(c) simpli ed meshusingDSD

Figure 9: Thetail part of the simpli ed horse animationin
Figure 7, in which thetail keepsswingingup anddown.Our
DOD methodgivesbettertriangulation on the tail thanthe
DSDmethod.

Iteratively selectand contractan edgewith the least
DOD cost,updateevery frame, evaluatethe new DOD
cost, and insert thesenew edgesback to the priority
queue.

Goto the previous stepuntil reachingthe basemesh.

At this point, we have a sequencef edge-collapsewhich
canbe usedto build the vertex treeand computethe initial
vertex front.

For Step 2, conceptuallywe have to calculatethe geo-
metric costfor every nodeof the vertex treefor eachframe.
However, every edge-collapseperationin Stepl hasactu-
ally alreadyrecordedsuchinformation.

For Step3, we wantto modify the vertex front for each
frameto minimize Equation11. Similar to Hoppe$ solu-
tion [Hop94, we usea priority queueto minimize the cost
of vertex front modi cation. It dramaticallyspeedsup our
optimization.
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Figure 10: A horse-to-mamorphinganimationwith 200framesTop: Theoriginal sequenceMiddle: 3,200-verticeapproxi-

mation.Bottom:800-verticesapproximation.

===independent QEM DSD Kircher & Garland == *DOD DOD+DCU‘

0.0004

oEMSerror,
g

:
\

0.0001

1 16 31 46 61 76 91 106 121 136 151 166 181 196
Frame

Figure 11: Comparison®f geometricerrors for the horse-
to-man morphing sequenceThe avelage geometricerror
is 2.610for Kircher and Garland,2.626for DSD,2.617for
DOD, and2.433for DOD+DCU, all in 10 .

4. Results

We rst compareour DOD methodto rst-frame QEM and
DSD methodsin termsof geometricerrorsfor simplifying
the horse-galloppnimationsequencdrom 8,431verticesto
800vertices(Figure7). Thegeometricerrorswereevaluated
usingMetro [CRS98. Figure8 shaws theresults.As aref-

erencethered curve shavs the resultof applyingthe QEM
methodindependentlyo every frame.The rst-frame QEM
approachgreencurwe) performsworst. Our result(magenta
curwe) aremuch betterthanthe rst-frame QEM approach
but slightly worsethanthe DSD method(blue curwe). It is
becausehat the DSD methodsolely focuseson minimiz-
ing geometriccostswhile our DOD methodalsopaysatten-
tion to deformationthatis not re ected in this experiment.
Hencepurelyin termsof geometricerrors,ourDOD method
canbe outperformedby the DSD method.However, DOD
preseres more deformationand provides bettertriangula-
tion. Note that, thoughthe independenQEM hasthe best
performancen termsof geometricerror, theresultedanima-
tion hasseverepoppingartifacts.

Figure 9 shavs that our DOD algorithm provides better
triangulationfor horses tail sinceit hasmore deformation.
In practice,our DOD methodalsoavoidssliver trianglesbe-
causeheintroduceddeformationcostpenalizegshechanges
on long edgesand more weightsare assignedo non-slver
triangles.

Next, we compareDOD, DOD+DCU, DSD andKircher
andGarlands method[KGO05] for a 3D metamorphosisx-
ample, horse-to-man(Figure 10). Figure 11 shaws the re-
sults. Again, the independentQEM provides a reference

¢ TheEurographic#ssociation2006.
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Figure 12: Comparisonsof DOD+DCU (top row) and

Kircher and Garland's method(bottomrow). In this gure,

weillustratethedetailsfor thelastframeofthehorse-to-man
animation.

Figure 13: Comparison®f DOD+DCU (left) and Kircher
andGarland's methodright). Thisis thefootpart of thelast
frameof the horse-to-maranimation,in which our method
successfullpreservesnore details.

(redcurwe). Comparedo the DSD method(blue curve), our
DOD method(magentacurwe) hasalmostidentical perfor

mancewith the DSD (blue curve) methodin this example.
However, the DOD+DCU approachgreencurve) generally
hasa lower error thanthe DSD method.It shavs that the
DCU methoddoesimprove the geometricerror sinceit al-

lows theconnectiity to adaptto featuresetter Kircherand
Garlands methodgiveslessdistortionat the beginning, but

the distortion graduallygrows up (orangecurwe). It is be-
causethat it usesthe rst frame asthe initial connectvity

andrepeatedlywarpsthe connectyity of the currentframe
to thenext frame.

Figuresl2and13shaw thedifferenceof thelastframefor
the horse-to-mananimationusing our methodand Kircher
andGarlands method.Our methodobviously adjustso fea-
turesbetterthantheir method.This is, however, partly be-

causeour methodusesinformation of the entire sequence.

Onetheotherhand KircherandGarlands methodonly uses
informationfrom thenext frame.Hence theirmethodis bet-
ter suitedfor the situationswhenthe deformationis updated

¢ TheEurographic#ssociation2006.

incrementallysuch as interactve poseediting or physical
simulation.However, whenthewhole sequencés known in
adwance,our methodhasbetterperformance.

Figures14 and 15 shav more exampleson variousani-
mations.Figure 14 demonstratean exampleof simplifying
a facial expressionanimation.Even after remaving 95% of
vertices,the simpli ed meshesan still be renderedfaith-
fully to the renderingof original ones.Figure15 shavs an-
otherexamplefor skinninganimation.

The experimentswere performedon a computerwith an
AMDG64 2.0GHzCPUand12GBmemory The computation
time of calculatingthe edgecostis 54.31 seconddor the
horse-to-maranimation,which has200 framesand 52,461
edgedor eachframe.Constructinghe completevertex tree
takes445.07seconddor the 200 meshesn the animation.
Theminimizationof Equationl1 takes47.60seconds.

5. Conclusionsand futur e work

In this paper we proposea methodfor progressie deform-
ing meshesusing the DOD and DCU methods.The DOD
methodextendsthe DSD formulationby augmentinganad-
ditional deformationcost.Theresultsshav abettersimpli -
cationandtriangulationthanDSD. The DCU framework is
proposedor adaptingconnectiity of thedeformingmeshes
by utilizing the vertex tree originally designedfor view-
dependenmulti-resolutionmesh Our methodis easyto im-
plementandgenerallyhaslower geometryerrorthanprevi-
ousmethods.

Thereareseveralinterestingresearctdirectionswe want
to explore. First, the position of the newly generatedrer
tex after edge-collapsings not the optimal. For the cases
which have nearplanarsurfacesduring the animation,the
vertex position may be drifted. Second,our DCU method
is not an optimal one.We expectto nd away to optimize
Equation 10. Third, we expectto extend the DOD algo-
rithm to anincrementalalgorithm. Whenlittle information
is known in adwanceaboutthe deformation,we canincre-
mentally changeconnectiity while still preservingthe de-
forming areawell. Finally, compressiorand hardware ac-
celerationfor progressie deformingmeshesareinteresting
topicsaswell.
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Figure 14: A facial expressionanimationwith 192 frames.
Top: Theoriginal sequencevith 23,725verticesand 46,853

faces.Middle: 3,201-verticesand 5,825-facesappoxima-

tion using DOD+DCU appmad. Bottom: 1,200-vertices
and1,874-facespproximation.

Figure 15: A doganimationwith 111framesTop: Theorig-
inal animationwith 4,070verticesand 8,136faces.Bottom:
800-verticesand 1,596-facespproximation.
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