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ABSTRACT

Recentadvancesin 3D scanninghave madeit feasibleto generate
highly detailedmodelscontaininghundredsof millions of triangles.
Onepopularapproachfor renderingcomplex modelsis to usevary-
ing levelsof detail(LOD). In particular, theprogressivemesh(PM)
hasprovento beaneffectivedatastructurefor representingmeshes
with LOD control. However, progressive meshescanbetime con-
sumingto generate,andthemodelbeingprocessedmustfit entirely
into mainmemoryduringsimplificationandrendering.Whenmod-
elscontainhundredsof millions of faces,theseissuescanmake it
unreasonableto usePMs.

We describea systemfor generatingandrenderingprogressive
meshesfor large modelsof arbitrary topology. By using hierar-
chical simplification and various optimizations(when creatinga
PM), and by usingpartial array loading (when renderinga PM),
we areableto createandview progressive meshrepresentationsof
large models. In additionto describingthe detailsof our system,
we presentthe limitations of our currentimplementation,andwe
demonstratesomepromisingresults.

1 INTRODUCTION

A continuingtrendin computergraphicsis thegrowing complexity
of the scenesandmodelsbeingrendered.This is understandable;
increasinglycomplex modelsarebothdesirableandfeasible.Com-
plex sceneshelpuscomecloserto theelusive goalof realism,and
improved modelingtools and3D scanningtechniquesmake these
largemodelseasyto produce.

Onecommonapproachto dealingwith thesecomplex modelsis
to usevarying“levelsof detail” (LOD). A popularmethodof imple-
mentingLOD is to useadatastructureknown asaprogressivemesh
(PM). The progressive mesh,which was introducedin [Hop96],
consistsof a coarsebasemeshanda setof refinementinformation
that can be usedto increasethe mesh’s complexity. Progressive
mesheshaveseveralusefulfeatures,suchastheability to adddetail
to themeshbasedon viewer-dependentcriteria,only addingdetail
whereit is neededand therebydecreasingrenderingtime. They
alsoallow for smoothvariationbetweendifferent levels of detail,
andthey areefficient in practice.

However, progressive mesheshave someimportantlimitations.
For example,themodelfrom which thePM is createdmustfit en-
tirely into main memory, as must the resultingprogressive mesh
whenit is beingrendered.Although somework hasbeendoneto
overcometheselimitations,theproblemhasnot beensolvedin the
generalcase.

This requirementthatmeshesfit in memoryis morethana sim-
ply academicissue.Becauseof advancesin 3D scanning,it is now
possibleto generatedetailedmeshescontaininghundredsof mil-
lions of triangles,which requireseveralgigabytesof storage.As a
result,thesemesheswill not fit in themainmemoryof mostmod-
ernmachines.Thustherequirementthatprogressive meshesfit in
memoryhasbecomea verypracticallimitation.

Anotherproblemis that the algorithmfor creatingprogressive
meshesis not terribly fast. Largemodelsonly serve to exacerbate

theproblem.So for usability reasons,it is desirableto have a PM
creationalgorithmthat runsquickly. However, the quality of the
outputshouldnotbesacrificedfor thesake of speed.

In this paper, we presentextensionsto progressive meshesthat
allow usto moreeasilyhandlelargemodels.We addresstheprob-
lemsregardingmemoryusageandrunningtime. Specifically, we
demonstrateimprovementsin thefollowing areas:

� PM Creation: Creatinga progressive meshrequiressimpli-
fying an input mesh. We presentdetailsof a techniqueto
do this simplificationhierarchically, reducingthememoryre-
quirementsof the PM creationprocess.In addition,we de-
scribesomeoptimizationsthatimprove thespeedof simplifi-
cationwithoutnoticeablyaffectingthequality of theoutput.

� PM Rendering: We describea systemfor renderinga pro-
gressivemeshwithout loadingthewholemodelinto memory.
By only loadingtheareasof detail thatarecurrentlyneeded,
we significantlyreducethememoryrequirementsfor render-
ing largemeshes.

The remainderof this paperis organizedas follows. We first
give anoverview of relatedwork, pointingout similaritiesanddif-
ferencescomparedto our own. We thendiscussthe detailsof our
simplificationalgorithm.After that,we describeour renderingsys-
tem.Following thatis a summaryof our results.We concludewith
somepossibleextensionsto our work.

2 BACKGROUND AND RELATED WORK

In this section,we describethemotivationsfor our work andgive
somebackgroundinformation regardingprogressive meshes.We
alsoshow how our researchcomparesto work in relatedareas.

2.1 3D SCANNING

Ourwork onprogressivemeshesfor largemodelswasmotivatedby
recentadvancesin 3D scanningtechniques.Thesetechniquescan
generatevastamountsof data,makingit possibleto createhighly
detailedmeshescontaininghundredsof millions of triangles. Al-
thoughsuchdetailcanbeuseful,beingableto processtheselarge
amountsof datahasalwaysbeenanissue.

A goodoverview of 3D scanningandrangeimagingsensorscan
be found in [Bes88]. Someof the mostcomplex andmostaccu-
ratemodelsyet producedusingrangescanningmethodsarethose
createdaspart of the Digital MichelangeloProject[LPC

�
00]. A

portion of sucha model,which hasbeensimplified andrendered
usingour techniques,is shown in Figure8.

2.2 PROGRESSIVE MESHES

Progressive mesheswereintroducedby Hoppein [Hop96]. A pro-
gressive meshconsistsof two parts: (a) a coarsebasemesh,and
(b) a sequenceof vertex splits thatgraduallyadddetail to themesh
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Figure1: A progressive meshconsistsof a coarsebasemeshand
a sequenceof vertex splits that, when appliedto the basemesh,
producea moredetailedmesh.
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Figure2: Edgecollapsesandvertex splits are inverseoperations
thatcanbeusedto coarsenor refinea mesh,respectively.

(seeFigure1). A progressivemeshis createdby startingwith anin-
putmeshandapplyingaseriesof edge collapses. Becausea vertex
split andanedgecollapseareinverseoperations(asshown in Fig-
ure2), onecanapplya seriesof edgecollapses,andthenapplythe
correspondingvertex splits(in reverseorder)to recover theoriginal
mesh.

The original work on progressive mesheshas beenextended
in several ways, most notably to allow view-dependentrefine-
ment[Hop97], to improve efficiency [Hop98a], andto handlelarge
terrains[Hop98b]. Theterrain-relatedwork introduceda technique
to simplify terrainshierarchically(thatis, by processingtheterrain
in small piecesand slowly merging thosepiecesback together).
Althoughthis techniquereducedmemoryrequirementswhensim-
plifying largeterrainmodels,it madeassumptionsaboutthelayout
of the input mesh,andit wasnever generalizedto handlearbitrary
(non-terrain)meshes.Our hierarchicalsimplificationtechniqueis
similar, but it workswith meshesof arbitrarytopology.

In addition,thecodefor renderingprogressive meshesassumes
thattheentiremeshwill fit into mainmemory. In [Hop98b], Hoppe
mentionsthepossibilityof doingsparsememoryallocationof mesh
datastructuresduringrendering,but thatschemewasnever imple-
mented.Wepresentthedetailsnecessaryto implementthisscheme.

Finally, El-SanaandVarshney have presenteda schemefor pro-
cessinglarge datasetsusing parallel processing[ESV99]. They
mentiona data-merging schemethatappearssimilar to our hierar-
chicalsimplificationscheme.However, their algorithmusesa sim-
pleedgecollapseheuristicbasedonedgelength,andthusthey only
needto mergepriority queuesof edgesduringsimplification. Our
work handlesthemoredifficult problemof hierarchicallymerging
the trianglemeshesthataremorecommonlyusedduringprogres-
sive meshprocessing.

2.3 RENDERING LARGE MODELS

The generalproblemof renderinglarge modelsis not a new one.
Thenumberof techniquesthathave beendevelopedto rendersuch
modelsinteractively is too largeto list. However, to give asenseof
thescopeof the topic we shalldescribetwo contexts in which the
problemof renderinglargemodelshasbeenaddressed.

ARCHITECTURAL WALKTHROUGHS. The basic goal of
many architecturalwalkthroughsis similar to ours: to allow inter-
active viewing of a model that will not fit entirely in main mem-
ory. Two notableexamplesof suchprojectsarethe UC Berkeley
Walkthruproject[FST92,FS93],andthe Massive Model Render-
ing projectat UNC [ACW

�
99]. In both cases,their solutionsfor

managinglarge modelswhen renderingare similar to ours; they
placetheir datain a hierarchy, performcarefulmemorymanage-
ment,andpre-fetchdataatappropriatetimes.

However, architecturalwalkthroughsdiffer from our work in
several importantways. Sincethey arefocusedon handlinginte-
riors of buildings, their modelsusuallyconsistof many small dis-
creteobjectsinsteadof onelargeone.Also, becausethey typically
representobjectsusingstaticlevelsof detail(asopposedto ouruse
of continuouslyvarying LOD), memorymanagementis an easier
problemthat hasa moreobvious solution. Finally, they canrely
heavily onvisibility culling, usingtricksbasedon thefactthatthey
aredealingwith interiors.Wemake nosuchassumptionsaboutour
models.

POINT RENDERING. A quite different techniquefor render-
ing large modelsinvolvespoint rendering[LW85, GD98]. As its
nameimplies, point renderingusespoints insteadof polygonsas
the basicrenderingprimitive. Recently, Rusinkiewicz andLevoy
showed that this techniquecan be successfullyapplied to large
models[RL00], including the Digital Michelangelodatasetsthat
we useto demonstrateour results.Althoughtheirsis aninteresting
technique,theimagequality is slightly differentfrom thatobtained
usingpolygons,andit maynotbesuitablefor all purposes.Further-
more,while moderngraphicsaccelerators(andtheirdevicedrivers)
areoptimizedfor polygonrendering,they arenotaslikely to beop-
timizedfor point rendering.

3 HIERARCHICAL SIMPLIFICATION

In this section,we discussour algorithmfor creatinga progressive
meshusinghierarchicalsimplification. Our schemefor rendering
theresultingprogressive meshwill becoveredin thenext section.

Our objective is asfollows. We wish to convert anarbitrarytri-
anglemeshto a PM representation.Becausewe want to dealwith
largemodelswhich maycontainhundredsof millions of faces,we
would like to do two things: (a) keeptherunningtime of our pro-
cedureas low aspossible(without seriouslyaffecting the quality
of our output),and(b) keepour memoryrequirementsto a mini-
mum(without drasticallyhurtingour runningtime). Thelower the
runningtime andmemoryrequirementsare,themorepracticalour
algorithmwill be.

Beforedelving into thedetailsof our hierarchicalsimplification
process,we shallgive a brief overview of theprocedure.Thepro-
cessis summarizedgraphicallyin Figure3. At a high level, our
simplificationprocedureconsistsof thefollowing steps:

1. Spatiallysubdivide the input meshinto smallerblocks. (Ide-
ally, eachof theseblocksshouldbesmallenoughto fit entirely
into memory).

2. Simplify eachblock of datauntil someuser-specifiedthresh-
old is reached.(Theresultis progressive meshconsistingof a
coarserbasemeshandasequenceof vertex splits.)
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Figure3: Overview of theprocedurefor hierarchicallysimplifying a progressive mesh.

3. “Stitch” together(i.e.,merge)neighboringblocksof themesh,
forming largerblocks.(Importantnote:sincetheblockswere
simplified before they were stitchedtogether, the resulting
basemeshshouldcontainonly a fraction of the total mesh
information;therestwill bestoredasvertex splits.)

4. Repeatsteps2 and 3 in a hierarchicalfashion,until all the
piecesof theoriginalmeshhave beenstitchedbacktogether.

5. Simplify theresultingtop-level mesh.

We will now discussthe detailsof eachof thesestepsin our
hierarchicalsimplificationprocedure.

3.1 SPATIAL SUBDIVISION

Our first stepis to spatiallysubdivide the input meshinto smaller
blocksof data. The purposeof this stepis to breakthe input into
piecessmallenoughthateachonewill fit entirelyin mainmemory
duringlaterstagesof our simplificationprocess.By doingthis,we
reducethememoryfootprintof ourprocedure.A nicesideeffect is
that it alsoreducesour relianceon virtual memoryandtemporary
files,whichwill in generalimprovetherunningtimeof ourprocess.

To actually subdivide the mesh,any schemewould suffice as
long as it associatedeachfacewith oneandonly onesubdivided
block. Wechooseto subdividebasedonauniform3D grid because
of its simplicity. Specifically, wesimplycalculatethecenterof each
triangularfacein themeshandusethispoint to determinetheblock
in which to placethatface.

Themainvariablein thisstepis thechoiceof blocksize.Smaller
blocks,which take up lessmemory, will help reducethe memory
footprint of our simplificationprocedure.In addition,oneadvan-
tageof smaller, morenumerousblocksis thatwhenwe arerender-
ing ourfinal mesh,we will beableto loadandunloadpiecesof the
meshat a finer granularity.

However, thereexistsa point at which decreasingtheblock size
is no longer advantageous.This is becausewe cannotcollapse
edgeson a block’s boundarywhenwe aresimplifying that block
(aswe will describelater). So oncethe blocksaresmall enough
thatasignificantpercentageof theiredgeslie ontheblock’sbound-
ary, thereis little gain to be hadby usingsmallerblocks. In fact,
any gainat thatpointwill likely beoffsetby theslightoverheadin-
curredby dealingwith smaller, morenumerousblocks(bothwhen

simplifying andwhenviewing themesh).Thoughin practice,we
have not foundthis overheadto bea significantconcern.

3.2 FAST SIMPLIFICATION

Oncethe input meshhasbeenspatiallysubdivided, we areready
to startsimplifying the datablocks. Our simplificationalgorithm
is very similar to theonesHoppehasdescribedfor processingpro-
gressive meshes.However, someimportantchangesarenecessary
becausewe areprocessingthe input hierarchically. We will first
outline thebasicsimplificationprocess.We will thendescribethe
changeswe have madeto supporthierarchicalsimplificationand
themodificationswehavemadeto keeptherunningtimeandmem-
ory usagereasonable.

In general,simplification whengeneratinga progressive mesh
proceedsasfollows:

1. A cost is associatedwith eachpossibleedgecollapse,and
thesecostvaluesareinsertedinto a priority queue.

2. The edgecollapsewith minimum cost is removed from the
priority queueandappliedto themesh(assumingthatthecol-
lapseis “legal” by somemeasure,asdefinedby thealgorithm
beingused).

3. Informationregardingthecorresponding(i.e., inverse)vertex
split is recorded,along with a residualerror value that ap-
proximatestheerrorbetweenthe resulting(simplified)mesh
andtheoriginal mesh,in theareanearthevertex split. (This
valuegetsusedduring renderingto determinewhich vertex
splitsmustbeappliedto meetsomedesiredlevel of quality.)

4. Becausethe meshhaschanged,the costsof edgecollapses
neartherecentlycollapsededgemustberecomputed,andthe
priority queuemustbeupdatedappropriately.

5. Steps2 through4 arerepeateduntil someuser-definedstop-
ping point hasbeenreached(suchasa maximumresidualer-
ror or a givennumberof meshfacesin thebasemesh).

In our particularimplementation,thebasicsequenceof stepsis
the same. But as we have mentioned,thereare someimportant
differencesbetweenour schemeandothersimplificationschemes
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becauseoursproceedshierarchically. Thesedifferences,alongwith
thekel y aspectsof ourscheme,areasfollows.

EDGE COLLAPSE COST METRIC. We useHoppe’s memory-
lessquadricerror metric (QEM) to computethe costof edgecol-
lapses[Hop99]. We take into accountgeometryandfacenormals
whencomputingtheQEM.WechosethememorylessQEM for our
edgecollapsecostmetricbecauseit hasbeenshown toproducevery
accurateresults,andbecauseit is computationallyefficient. Fur-
thermore,amemorylessschemeis importantto usbecauseit means
wedon’t needto storeextravalueswith eachfaceof themesh.Thus
usingHoppe’sQEMsatisfiesourgoalsof keepingdown therunning
time andmemoryusageof ouralgorithm.

BOUNDARY SIMPLIFICATION. Whensimplifying our mesh,
we do an extra check (comparedto many other simplification
schemes)whendeterminingthe legality of edgecollapses.In par-
ticular, we disallow edgecollapsesthatareneara boundaryof the
currentblock. By doing this check,we ensurethat neighboring
blocksof datacanbesuccessfullystitchedtogetherafterthey have
beensimplified. If wedidn’t performthischeck,thenwecouldend
upwith neighboringblocksthatdidn’t “line up” aftersimplification
andthuscouldnot bestitchedtogether. To implementthis legality
check,we simplysaythatall four “neighborfaces”aroundanedge
(denotedas mon in Figure2) mustexist for thatedgecollapseto be
consideredlegal.

As Hoppeshowed for the caseof terrainmeshes,the overhead
imposedby not simplifying boundariesis very low (lessthana 1%
increasein thenumberof facesrequiredwhenrendering).This is
becauseboundariesthatarenot simplifiedat onelevel of thehier-
archywill usuallybe simplified at the next level of the hierarchy,
when they have beenstitchedtogetherwith their neighbors. (At
thatpoint, many of the edgesthat wereformerly on block bound-
ariesarenow in thestitchedblock’s interior.)

NEW RESIDUAL CALCULATION. As mentionedearlier, the
residualerror term is an estimationof the error betweena region
of a simplified surfaceand the correspondingareaon the origi-
nal mesh. We calculatea residualfor eachedgecollapsecarried
out. Residualerrortermsareusedfor determining,whenrendering
themesh,whethereachvertex split needsto beappliedin orderto
achieve somedesiredlevel of visualquality.

Calculatinga residualerroris typically somewhatcostly. Hoppe
usesdensepoint samplingto estimatethe error [Hop97]. This re-
quiresaccessto theoriginalmesh(whichwe wish to avoid loading
becauseof memoryconsiderations)andis computationallyexpen-
sive. Otherschemeshavebeenproposedthatdon’t requiretheorig-
inal mesh,andwhich still provide someguaranteedboundon the
residualerror [CVM

�
96, CMO97]. However, theseschemesstill

requiresomeamountof datato be carriedthroughwith the mesh
assimplificationproceeds,thus increasingmemoryrequirements.
Furthermore,they too requirenon-trivial amountsof calculation.

To help avoid high memoryusageand running time, we have
chosento usea muchsimplerapproximationof theresidualerror.
In ourscheme,wesimplymeasuretheresidualerror(for eachedge
collapse)as the minimum distancefrom the pre-collapsedvertexprq

(seeFigure2) to thepost-collapsefacesin theresultingmesh1

Intuitively, it seemsreasonablethat this shouldbe a decentap-
proximationof the “real” residualerror. And while our technique
doesn’t provideany guaranteedboundsontheerror, wehave found
thatit workssufficiently well in practice.

However, for this schemeto work well, thereis oneextra step
wemustcarryout,andit involvesthepropagationof residualterms.

1Note that this operationis well defined,becausewe only allow half-
edgecollapses,in which sut musttake thepositionof swv or s q , andcannot
lie anywherein-between.
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Figure4: Thevertex split operationimpliesa dependency between
verticesin a progressive mesh,andsowe canthink of thevertices
as forming a hierarchy. Before a “child” vertex can be created,
its “parent” andall its ancestorsmustexist. Notice that the root
nodesin thishierarchymakeupthebasemesh,while theleafnodes
representthefully refinedmesh.

Recallfrom Figure2 thatsplittingavertex
p t (the“parent”)creates

two new vertices,
p v and

p q
(the “children”). A vertex split can

only beappliedif theparentvertex exists,whichimpliesthatall the
parent’sancestorsmusthavebeensplit. SeeFigure4 for agraphical
representationof this hierarchyamongvertex splits. Whenrender-
ing, we traversethe verticesin this hierarchy, using the residual
errorstoredwith eachvertex split to determinewhetherit mustbe
appliedto themesh.

Normally, residualerrorvalueshave an importantproperty: the
residualataparentis alwaysgreaterthanor equalto theresidualat
its children.Intuitively, this is becauseapplyingeachedgecollapse
resultsin a slightly worseapproximationof theoriginal mesh.We
happento make useof this propertywhenrenderingthemesh.

But if one usesour estimationto calculateresidualerror, this
importantpropertymaynothold. Soafterwehavecompletelysim-
plified ourmesh,wemustpropagateresidualerrorsupward,sothat
parentsalwayshaveresidualsat leastashighastheir children.For-
tunately, doing this propagationonly requiresdepth-firstaccessto
thevertices,andbecauseof this thememoryrequiredfor residual
propagationcanbekept low.2

OTHER OPTIMIZATIONS. There are several other optimiza-
tions that we make in our simplificationcode. But the most im-
portant(andmostinteresting)aretheonesthatexist becausehierar-
chicalsimplificationallows usto dealwith smallerblocksof data.

More concretely, theamountof memoryrequiredwhensimpli-
fying a block is directly proportionalto the sizeof the basemesh
in thatblock(sinceweonly needto simplify thebasemeshandnot
thevertex split partof a progressive mesh).By simplifying hierar-
chically, wecanboundthesizeof thebasemeshateachlevel. And
asa resultof this, we canencodevariouspartsof the meshvery
efficiently.

For example,we encodeedgesusinga32-bit value,threebits of
which aretakenup by variousflags.Althoughthis limits usto ¥§¦©¨
possibleedges,it is not a problem. Even thoughour entiremesh
might exceedthis numberof edges,we canensurethat no single
basemeshin thehierarchywill doso.

Anotheradvantageof onlyhaving todealwith smallbasemeshes

2Currently, our codedoesnot make useof this fact. In the interestof
simplicity weloadall vertex splitsatoncewhendoingresidualpropagation.
This causeslarge spikes in memoryusageduring simplification, and we
have found it to bea significantproblemfor very largemodels.Thusit is
importantto implementtheaforementionedschemeto keepmemoryusage
low, andweplanondoingsoin thenearfuture.
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is thatouroverallmemoryusageis reduced.As aresult,it becomes
feasibleª to storevertex splits in memoryduring simplification,as
opposedto writing themout to a temporaryfile, reversingtheorder
of lines in the file, andre-loadingthe file (asHoppedid). Avoid-
ing this useof a temporaryfile improves the runningtime of our
algorithmsignificantly.

3.3 GENERALIZED STITCHING

Recallthat in our hierarchicalsimplificationalgorithm,we startby
spatiallysubdividing the input mesh.While this allows us to pro-
cessthemeshin smallerpieceswhensimplifying, it alsorequires
thatwehavesomewayof puttingtheseblocksbacktogether, form-
ing largerblocks.Hencewe needa “stitching” algorithmto merge
neighboringblocksin our hierarchy.

In [Hop98b], Hoppesolveda specialcaseof thestitchingprob-
lem. However, his scheme(which was used for large terrain
datasets)madeassumptionsregardingthe topologyof the datain
the blocks being stitched. It also madeassumptionsabouthow
theverticesat theedgesof eachblock werenumbered.To handle
thecaseof arbitrary(non-terrain)meshes,Hoppeproposedusinga
Voronoiconstructionto partitiontheoriginalmeshinto a hierarchy
of patches.Besidesbeingoverly complicated,thatschemedoesnot
fit in with our (simpler)techniqueof subdividing theoriginal mesh
usinga uniform 3D grid. Thuswe have developeda new, general-
izedstitchingalgorithmthatmakesno suchassumptionsaboutthe
topologyof thedatain theblocksbeingstitched.

Our schemeworks asfollows. We aregiven a list of blocksto
be stitched. We processtheseinput blocksoneat a time, andfor
eachvertex encountered,we attemptto enterit into a hashtable,
basedon its position. If thepoint alreadyexists in the table,then
we know that we’re dealingwith a duplicatevertex. (Either it is
usedby two faceswithin thesameblock,or it is onaboundaryand
is sharedby multiple input blocks.) If a vertex is not a duplicate,
we assigna new ID to it. But if a vertex is a duplicate,we use
the ID that was previously assignedto that vertex. In this way,
we constructa stitchedmeshin which verticesthatwerethesame
in the original mesh(but which happenedto be duplicatedduring
thespatialsubdivision step)aresuccessfullyre-combinedandonce
againtreatedasa singlevertex.

We mentionedearlier that we could not simplify block bound-
ariesbecauseof how our stitchingschemeworked. It shouldnow
beclearwhy that restrictionwasin place. If we hadallowedsim-
plification of boundaryedges,the topologyat block edgeswould
have changed,andour simplificationalgorithmwould have failed
becauseverticesandfaceswould nothave “lined up” correctly.

As a final note,we point out thatour stitchingschemeis fairly
efficient, both in termsof running time andmemoryusage. The
hashtablewe usefor detectingequivalentverticeshasa low look-
uptime. In addition,ourmemoryfootprint is minimal (for themost
part)becauseweonly needto haveonebasemeshloadedata time.
Currently, themostmemoryintensive partof theprocessoccursat
theend,whenwe have to processall thevertex splits to renumber
values(suchasfaceIDs) thathavechangedasaresultof thestitch-
ing. However, by beingmorecarefulabouthow facesarerenum-
beredin the first place,we feel we could eliminatethesebloated
renumberingtables.We plan on doingexactly that in thenearfu-
ture.

3.4 AUTOMATED PROCESSING

Eventhoughwe have attemptedto optimizethesimplificationpro-
cedure,processingvery large modelscan still take a significant
amountof time. Fortunately, our schemeis easilyautomated.We
usePerl to script our meshgeneration,usinghashtablesto con-
ciselydescribeour block hierarchy. Having anautomatedprocess

is importantbecause,for usability reasons,large modelsrequire
toolsthatmake it easyto processsuchmodels.

4 RENDERING

Whendealingwith largemodels,generatingtheprogressive mesh
representationis only half of theproblem.Renderingsucha large
meshis theotherproblem,sincecurrentschemesfor renderingPMs
assumethat the entire meshwill fit in main memory. When the
meshcanbeseveralgigabytesin sizethisbecomesaveryrealprob-
lem,becauseanoperatingsystem’s virtual memorymanageris not
effective for managingthis data. We now discussour solutionto
theproblemof viewing largeprogressive meshesinteractively.

Although our progressive meshmay be too large to fit entirely
into main memory, we shouldnever needto have the entiremesh
loadedat once,becausethe meshwill likely containmore detail
thanwecanpossiblyrequireatonetime. For example,if theviewer
is far away from the mesh,the basemeshmight be sufficient to
accuratelyrepresentthemodel. If theviewer is zoomedin on one
smallportion of the mesh,thenwe might only needto load detail
informationfor the areabeingviewed. So by taking into account
the view frustum and screen-spaceerror, we can load just those
partsof the progressive meshthat are needed,given a particular
view positionanddirection.This cangreatlyreducetheamountof
memoryrequiredfor viewing largeprogressive meshes.

Giventhis basicplan,thequestionsthatcometo mindare:

1. How do we determinewhat parts of the meshneedto be
loaded,andhow do wedo this quickly?

2. How dowegoaboutloadingandunloadingpartsof themesh,
andhow do we preventour codefrom accessingpartsof the
meshthatarenotcurrentlyloaded?

4.1 DETERMINING WHAT TO LOAD

In theidealcase,mainmemoryshouldcontainonly thosefacesand
verticesthatarerequiredfor accuratelyrenderingour mesh,given
the currentviewpoint. However, loadingandunloadingpiecesof
the meshon a faceby facebasiswould be extremely inefficient.
It would requiretoo muchprocessingpower to determineexactly
which facesshouldbeloaded,andtheoverheadof loadingandun-
loadingonefaceat a time would quickly becomeunreasonable.In
addition,maintainingconsistentdatastructurescouldbecomevery
complicated.

Soinsteadof consideringtheproblemat thegranularityof faces,
we handleloadingandunloadingat thegranularityof block refine-
ments. A block refinementis simply theseriesof vertex splits we
outputwhensimplifying asingleblock in ourblockhierarchy. (See
Figure5 for a graphicalrepresentationof this.)

Specifically, we proceedasfollows. We know thecurrentposi-
tion andorientationof theviewer. We want to determinewhether
or not eachof our mesh’s block refinementsneedsto be loaded.
A block refinementshouldbe loadedif andonly if two thingsare
true. First, theblock shouldbevisible. Second,thedetail informa-
tion storedin theblockshouldbesomethingthatwerequire(based
onourallowedscreen-spaceerrortolerance,themaximumresidual
insidetheblock,andtheminimumdistancebetweentheblock and
the viewer). The purposeof the visibility checkshouldbe obvi-
ous; the purposeof the “max-error-min-distance”checkis to pre-
vent loading of detail information that the viewer will be too far
away to notice.

However, to avoid visualartifacts,it is notquiteenoughto know
whethera block refinementshouldcurrentlybe loaded.We would
also like to know whethera block refinementmight needto be
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Figure5: Relationshipbetweenthe arraysof faces,vertices,and
vertex splits in a progressive mesh.Notice thateachblock refine-
mentis simplystoredasa setof rangesof elementsin thesearrays.

loadedin thenearfuture(basedonsomemaximumpossiblechange
in the viewer’s positionanddirection). In this way, we pre-fetch
block refinementssothatthey will beloadedwhenweneedthem.

Preciselydeterminingvisibility andmax-error-min-distancein-
formation would requirenon-trivial computations,if we were to
takeinto accountall possibleviewerpositionanddirectionchanges.
Sincesuchprecisionis notcritical (it only affectshow soonwepre-
fetchdata),we simplify our problemslightly. By placinga bound-
ing spherearoundeachblock refinement(a decentapproximation,
sinceeachblock is a cube),andby thinking aboutthe problemin
a slightly differentframeof reference,we cangreatlysimplify our
calculations,in theendrequiringlittle morethana sphere-conein-
tersectiontest.Theresultingtestis efficient,is conservative,andal-
lowsusto quickly determinewhethereachblockrefinementshould
beloaded.

Given this simpletest,our techniqueis to loop throughall the
mesh’s block refinementsbeforeeachframeis rendered,determin-
ing whichblocksshouldbeloadedandwhichcanbeunloaded.The
amountof work hereis proportionalto thenumberof block refine-
ments,andthoughthis couldbeimproved,we have foundthatour
currentschemeseemsto work well in practice.

4.2 LOADING AND UNLOADING DATA

Onceweknow whichblock refinementsshouldbepresentin mem-
ory, thechallengeis to actuallycarryouttheloadingandunloading.
Two challengesarekeepingourdatastructuresin aconsistentstate,
andpreventingourcodefrom accessingpartsof themeshthataren’t
loaded.

Thedatastructuresof a progressive meshareroughlyorganized
asshown in Figure5. We have parallelarraysof faces,vertices,
and vertex splits. Thereare two faceindicesand two vertex in-
dicesassociatedwith eachvertex split. Block refinements,which
arestoredoneafteranother, canbethoughtof simply asrangesof
elementswithin thesearrays. Thusthe loadingandunloadingof
blockrefinementscanbeseenasaproblemof partialarrayloading.

To implementpartialarrayloading,wemakeuseof theVirtu-
alAlloc() andVirtualFree() systemcallsin theMicrosoft
Win32 API. Thesefunctionsallow us to reserve rangesof virtual
addressspacefor our entirearrays,and then to allocateand free
chunksof memorywithin this addressspaceaswe please.Usinga
contiguousregionof virtual addressspaceis muchbetterthanusing
malloc() andfree() for individualblock refinementsbecause
(a) it helpsreducesthechanceof memoryfragmentation(sincewe
havemoreexplicit controlovertheaddressspace),and(b) whenwe
wantto accessaparticularelementof anarray(whichhappensvery
often),we cando so without going througha level of indirection,
whichcouldbecomeverycostly.

For thesake of completeness,let uslist thestepsrequiredto loada
block refinement.They areasfollows.

1. UseVirtualAlloc() to allocatememoryfor thedesired
rangesin ourarrays.

2. Seekto thestartof theblock refinementon disk (theoffset is
storedwhenthemeshfile is first loaded),andreadtheneces-
sarydata,filling in the(partial)arrays.

3. For eachvertex loaded,updatethe“parent” vertex to indicate
that it cannow be split (i.e., becauseits childrenareloaded
into memory). This works becausethe ID for the parentof
eachvertex is storedin thefile on disk.

Unloadinga block refinementis similar, thoughslightly simpler;it
proceedsasfollows.

1. Foreachvertex beingunloaded,updatetheparentvertex to in-
dicatethatit cannotbesplit (sincethenecessarychild vertices
andfaceswill notbeloaded).

2. UseVirtualFree() to deallocatememoryfor thedesired
rangesin ourarrays.

Onefinal note: sincewe reserve virtual addressspacefor our
entirearrays,the sizeof the entiremeshis limited by the amount
of addressspaceavailableto our program.Thusundermost32-bit
operatingsystems,our meshcannotbe larger thanroughly 2 GB.
Althoughthis is currentlya very practicallimitation, we donot see
it asa seriousproblem.That’s because64-bit architectures,which
will do away with the2 GB limitation, will beavailablevery soon.
Thuswe felt that developing techniquesto get aroundthe current
limitation would beof limited value.

5 RESULTS

We will now presentsomeresultsof our work. We discussresults
for bothourhierarchicalsimplificationschemeandfor ourrenderer.
Weanalyzeourwork in termsof runningtime,memoryusage,and
visualquality.

All testswereconductedona550MHz PentiumIII runningMi-
crosoftWindows 2000. Our systemhad512 MB of RAM anda
graphicsacceleratorbasedon theNVIDIA GeForce256chip.

Wepresentresultsbasedon threedatasets:(1) a small“f andisk”
mesh,(2) a moderatelysizedmeshcontainingGrandCanyon el-
evation data,and (3) a large meshcontaininga subsetof the St.
Matthew model from the Digital Michelangeloproject. Informa-
tion regardingthesizesof thesedatasetscanbefoundin Table1.

5.1 SIMPLIFICATION RESULTS

Wesimplifiedall threemodelsusingourtools;theresultsareshown
in Table1. Themostimportantaspectsof thesimplificationprocess
to analyzearetherunningtime,visualquality, andmemoryusage.

RUNNING TIME. By optimizingour code,andby takingadvan-
tageof thefactthatwe only needto storebasemeshesin memory,
wewereableto achievesignificantspeedimprovementsin oursim-
plificationalgorithm.Thesimplificationtimesshown in Table1 are
roughlyfive timesaswhat’s achievedby Hoppe’s coderunningon
thesamemachinewith thesamedatasets.

Furthermore,we noticedthat roughly 80% of our time is spent
updating,after eachedgecollapse,the cost of nearbyedgecol-
lapses.It turnsout thatmostof thetime, this work is unnecessary.
We expectthatby usinga “stale” flag to lazily updatethecostsof
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Table1: Simplificationresultsfor variousdatasets.

Input Input Size, Simplification Faces Hier. OutputSize, PeakMem.
Model Faces onDisk (MB) Time (minutes) persec. Depth onDisk (MB) Usage(MB)
Fandisk 12,946 0.3 0.25 863 1 0.5 3
GrandCanyon 2,000,000 72.5 40 833 2 67.3 87
St. Matthew 11,400,000 205.1 186 1021 4 364.1 õ 512
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Figure6: Although memoryusageduring hierarchicalsimplifica-
tion is typically low, therecanbelargespikes.

edgecollapses(asdescribedin [CMO97]), we could dramatically
speedupouralgorithmevenfurther.

VISUAL QUALITY. Our fastersimplificationalgorithmwouldbe
of little valueif it producedpoorresults.Thusit is importantto ver-
ify thequality of thesimplificationsproduced.Figure7 compares
theresultsof our simplificationalgorithmto thoseproducedusing
Hoppe’s standardtechnique.

As thepicturesshow, thereis notanoticeabledifferencein qual-
ity betweenthe two algorithms.This is expected,becausemostof
our speedimprovementsaredueto thefactthatwe alwaysprocess
small basemeshes,even when dealingwith large models. Thus
we cando all our simplificationin memory, asopposedto theold
schemewhich useda large temporaryfile to storesimplification
information.

MEMORY USAGE. Recallthatwith non-hierarchicalsimplifica-
tion schemes,theamountof memoryrequiredis determinedby the
sizeof theentiremesh.But sincewesimplify hierarchically, wecan
(ideally)boundtheamountof memoryrequiredduringthesimplifi-
cation,becausetheamountof memorywerequireis proportionalto
thesizeof thebasemeshesweareprocessingandnotthesizeof the
vertex split recordsalsostoredin theprogressive mesh.By varying
thesizeof thesubdividedinputblocksandby adjustingourcriteria
for how far to simplify at eachlevel, we cancontrol theamountof
memoryrequired.

Table1 show thepeakmemoryusageduringsimplificationof the
variousdatasets.Although thesenumbersmight seemdiscourag-
ing, they aresomewhatmisleading.During mostof thesimplifica-
tion process,ourmemoryusageis farbelow thesepeakvalues.But
thereareshortstagesduring simplificationthat causehugespikes
in memoryusage,asshown in Figure6. Having investigatedthe
problem,we feel confidentthat thesespikescanbe eliminatedby
beingmorecarefulabouthow we processourdata.

As a resultof ourchanges,we areverycloseto having a simpli-

fication tool thatcanbe run on a standarddesktopmachine.Once
theproblemswith spikingmemoryusagearesolved,we will have
finishedmakingit practicalto usesuchmachinesto convert large
modelsinto progressive meshes.

5.2 RENDERING RESULTS

It is difficult to characterizetheperformanceof our rendererusing
a singlenumber. We know that memoryusageshouldalwaysbe
lower thanany rendererthat loadsthe entiremesh. But the exact
performancecan vary widely basedon the path the viewer takes
whenviewing amodel,aswell asthechoiceof blocksizeandsim-
plificationparametersusedwhencreatingthemesh.

However, examiningoneparticularviewing sessionrevealssome
generaltrends. In Figure8, we show picturestaken asthe viewer
zoomedin on the statue. Along with eachpicture, we list the
amountof memoryallocatedby the rendererand the numberof
facesbeingdrawn. Thisexampleshows thatouruseof partialarray
loadinghasthe desiredeffect. Portionsof the modelnot required
for renderingareunloaded,reducingmemoryusage.

In termsof renderingspeed,theonly noticeableeffect of partial
array loading is a very brief pausewheneachblock needsto be
loaded. This pauseis usually short (lessthan 1 second)because
thesizeof eachblock refinementis typically small. However, we
couldeliminatethepauseby implementinganasynchronousblock
loadingscheme.

Though theseresultsare positive, it is important to note that
choicesmadeduringthesimplificationpre-processcansignificantly
affect renderingperformance.Carefulchoicesregardingtheblock
size and other parametersare necessary. Otherwiseit is easyto
endup with a very largebasemesh,too muchor too little datain
eachblock refinement,or someotherpropertythatcanslow down
renderingspeeds.

6 FUTURE WORK

We have demonstratedtechniquesfor creatingand viewing large
progressive meshes.However, therearemany areasin which our
work couldbeimproved.Possibleideasfor futurework include:

Improvementsto hierarchical simplification. The shortspikes in
memoryusagethat we experiencearea significantproblem. This
problemshouldbe fixed so that memoryusageis low during the
entiresimplificationprocess.

In addition,it would be convenientto know, a priori , how ver-
tex informationwill be spreadthroughoutthe block hierarchyof
the outputmesh. The currentlack of suchknowledgemeansthat
gettingdesiredresultsrequiresahighdegreeof experimentation.If
the issuewereanalyzedmorecarefully, thenperhapsthe amount
of simplificationdoneat eachlevel of theblock hierarchycouldbe
dynamicallyadjusted,automatically, to meetsomeuser-specified
goal.

Improvementsto the renderer. Our renderercould be improved
in severalareas.Thereis currentlyno way to placehardlimits on
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theamountof memoryusedduring rendering;theability to do so
wouldö be convenient. Onepossiblesolutionwould be to dynami-
cally adjusttheallowedscreen-spaceerror, increasingit whenavail-
ablememorygetslow sothatfewer block refinementsareloaded.

Furthermore,our block loadingandunloadingschemecouldbe
improvedby takinginto accountthevelocityandaccelerationof the
viewer. Doingsowouldmakemoreefficientuseof systemmemory,
becausetherendererwould bemorelikely to only pre-fetchblocks
thatwill beneeded.

New applications. An extensionof our techniquescouldenablea
classof next-generationmultimediaapplications.For example,one
might usetechniquessimilar to ours to streammeshinformation
off a CD or DVD. This would make interestingdatasets,suchas
thosefrom theDigital MichelangeloProject,accessibleto a larger
population.
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(a) Fully refined(12946faces) (b) Simplified(2004faces) (c) Simplifiedfurther(504faces)

Figure7: Comparisonof visualquality betweenHoppe’s standardprocedurefor creatingprogressive meshes(top row) andour fasteralgo-
rithm (bottomrow). Althoughouralgorithmrunsfaster, thereis nonoticeablelossof quality.

(a)49,800faces; 39.8MB (b) 117,710faces; 79.2MB (c) 252,096faces; 86.9MB (d) 111,260faces; 44.9MB

Figure8: Demonstrationof partialarrayloadingandunloadingduringrendering.Below eachpictureis thenumberof facesbeingdrawn and
theamountof memoryallocatedby therenderer. Noticethatwe avoid loadingdetailsthataretoo far away, asdemonstratedin (a). We also
avoid loadingpartsof themeshthatareoutsidetheview frustum,whichcanbeseenin (d).
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