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Abstract

Recently, several externalmemorytechniqueshave beendevelopedfor a wide variety of graphics
andvisualizationproblems,including surfacesimpli�cation, volumerendering,isosurfacegeneration,

ray tracing,surfacereconstruction,andso on. This work hashadsigni�cant impactgiven that in re-
centyearstherehasbeena rapid increasein the raw sizeof datasets.Several technologicaltrendsare

contributing to this, suchasthedevelopmentof high-resolution3D scanners,andtheneedto visualize

ASCI-size(AcceleratedStrategic ComputingInitiative)datasets.Anotherimportantpushfor thiskind of
technologyis thegrowing speedgapbetweenmainmemoryandcaches,whichpenalizesalgorithmsthat

donot optimizefor coherenceof access.Becauseof thesereasons,muchresearchin computergraphics
focusesondevelopingout-of-core(andoftencache-friendly)techniques.

This papersurveys fundamentalissues,currentproblems,and unresolved questions,and aims to
provide graphicsresearchersandprofessionalswith an effective knowledgeof currenttechniques,as

well asthefoundationto developnovel techniqueson their own.

Keywords: Out-of-corealgorithms,scienti�c visualization,computergraphics,interactive rendering,vol-

umerendering,surfacesimpli�cation.

1 INTRODUCTION

Input/Output(I/O) communicationbetweenfast internalmemoryandslower externalmemoryis a major

bottleneckin many large-scaleapplications.Algorithmsspeci�cally designedto reducetheI/O bottleneck

arecalledexternal-memoryalgorithms.

Thispaperfocusesondescribingtechniquesfor handlingdatasetslargerthanmainmemoryin scienti�c

visualizationandcomputergraphics.Recently, severalexternalmemorytechniqueshavebeendevelopedfor

a wide varietyof graphicsandvisualizationproblems,includingsurfacesimpli�cation, volumerendering,
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isosurfacegeneration,ray tracing,surfacereconstruction,andsoon. This work hashadsigni�cant impact

giventhat in recentyearstherehasbeena rapid increasein theraw sizeof datasets.Several technological

trendsarecontributing to this, suchas the developmentof high-resolution3D scanners,and the needto

visualizeASCI-size(AcceleratedStrategic ComputingInitiative) datasets.Anotherimportantpushfor this

kind of technologyis thegrowing speedgapbetweenmainmemoryandcaches,whichpenalizesalgorithms

thatdonotoptimizefor coherenceof access.Becauseof thesereasons,muchresearchin computergraphics

focuseson developingout-of-core(andoftencache-friendly)techniques.

The paperreviews fundamentalissues,currentproblems,and unresolved solutions,and presentsan

in-depthstudyof externalmemoryalgorithmsdevelopedin recentyears. Its goal is to provide graphics

professionalswith aneffective knowledgeof currenttechniques,aswell asthefoundationto developnovel

techniqueson their own.

The paperstartswith the basicsof externalmemoryalgorithmsin Section2. Then,in the remaining

sections,it reviews thecurrentliteraturein speci�c areas.Section3 coverswork in scienti�c visualization,

includingisosurfacecomputation,volumerendering,andstreamlinecomputation.Section4 coverssurface

simpli�cation algorithms. Section5 reviews renderingapproachesfor large datasets.Finally, Section6

discussesmethodsfor computinghigh-qualityimagesusingglobalillumination techniques.

2 EXTERNAL MEMOR Y ALGORITHMS

The �eld of external-memoryalgorithmsstartedquite early in the computeralgorithmscommunity, es-

sentiallyby thepaperof Aggarwal andVitter [3] in 1988,which proposedtheexternal-memorycomputa-

tionalmodel(seebelow) thathasbeenextensively usedtoday. (Externalsortingalgorithmsweredeveloped

evenearlier—thoughnot explicitly describedandanalyzedunderthemodelof [3]; seetheclassicbookof

Knuth [57] in 1973.) Early work on external-memoryalgorithms,including Aggarwal andVitter [3] and

otherfollow-up results,concentratedlargely on problemssuchassorting,matrix multiplication,andFFT.

Later, Goodrichet al. [47] developedI/O-ef�cient algorithmsfor a collectionof problemsin computational

geometry, andChiangetal. [17] gaveI/O-ef�cient techniquesfor awiderangeof computationalgraphprob-

lems.Thesepapersalsoproposedsomefundamentalparadigmsfor external-memorygeometricandgraph

algorithms.Sincethen,developingexternal-memoryalgorithmshasbeenanintensive focusof research,and

considerableresultshave beenobtainedin computationalgeometry, graphproblems,text stringprocessing,

andsoon. Wereferto Vitter [84] for anextensiveandexcellentsurvey ontheseresults.Also, thevolume[1]

is entirelydevotedto external-memoryalgorithmsandvisualization.

Here,we review somefundamentalandgeneralexternal-memorytechniquesthat have beendemon-

stratedto beveryusefulin scienti�c visualizationandcomputergraphics.Webegin with thecomputational

modelof Aggarwal andVitter [3], followedby two majorcomputationalparadigms:

(1) Batchedcomputations, in which no preprocessingis doneandtheentiredataitemsmustbeprocessed.

A commonthemeis to streamthe datathroughmain memoryin one or more passes,while only



keepinga relatively small portionof thedatarelatedto thecurrentcomputationin mainmemoryat

any time.

(2) On-linecomputations, in whichcomputationis performedfor aseriesof queryoperations.A common

techniqueis to performapreprocessingstepin advanceto organizethedatainto adatastructurestored

in diskthatis indexedto facilitateef�cient searches,sothateachquerycanbeperformedby searching

in the datastructurethatexaminesonly a very small portionof thedata. Typically an even smaller

portionof thedataneedsto bekeptin mainmemoryatany timeduringeachquery. This is in asimilar

spirit of performingqueriesin database.

Weremarkthatthepreprocessingstepmentionedin (2) is actuallyabatchedcomputation.Othergeneral

techniquessuchascaching andprefetching maybecombinedwith theabove computationalparadigmsto

obtainfurtherspeed-ups(e.g.,by reducingthenecessaryI/O's for blocksalreadyin mainmemoryand/orby

overlappingI/O operationswith main-memorycomputations),againvia exploiting theparticularcomputa-

tionalpropertiesof eachindividual problemaspartof thealgorithmdesign.

In Sec.2.1, we presentthe computationalmodel of [3]. In Sec.2.2, we review threetechniquesin

batchedcomputationsthat are fundamentalfor out-of-corescienti�c visualizationandgraphics:external

mergesort[3], out-of-corepointerde-referencing[14,17,18], andthemeta-celltechnique[20]. In Sec.2.3,

wereview someimportantdatastructuresfor on-linecomputations,namelytheB-tree[9,26] andB-tree-like

datastructures,andshow ageneralmethodof convertingamain-memory, binary-treestructureinto aB-tree-

like datastructure.In particular, we review theBBIO tree[19,20], which is anexternal-memoryversionof

themain-memoryinterval tree[33] andis essentialfor isosurfaceextraction,asanon-trivial example.

2.1 Computational Model

In contrastto random-accessmainmemory, diskshave extremelylong accesstimes. In orderto amortize

this accesstime over a largeamountof data,a typical disk readsor writesa largeblock of contiguousdata

atonce.To modelthebehavior of I/O systems,Aggarwal andVitter [3] proposedthefollowing parameters:

N = # of itemsin theprobleminstance

M = # of itemsthatcan�t into mainmemory

B = # of itemsperdiskblock

whereM < N and 1 � B � M=21. EachI/O operationreadsor writes one disk block, i.e., B items of

data.SinceI/O operationsaremuchslower (typically two to threeordersof magnitude)thanmain-memory

accessesor CPUcomputations,themeasureof performancefor external-memoryalgorithmsis thenumber

1An additionalparameter, D, denotingthenumberof disks,wasalsointroducedin [3] to modelparalleldisks.Hereweconsider
thestandardsinglediskmodel,i.e.,D = 1, andignoretheparameterD. It is commonto do soin theliteratureof external-memory
algorithms.



of I/O operationsperformed;this is thestandardnotionof I/O complexity [3]. For example,readingall of the

input datarequiresN=B I/O's. Dependingon thesizeof thedataitems,typical valuesfor workstationsand

�le serversin productiontodayareontheorderof M = 106 to M = 108 andB = 102 to B = 103. Large-scale

probleminstancescanbein therangeN = 1010 to N = 1012.

We remarkthatsequentiallyscanningthroughtheentiredatatakesQ( N
B ) I/O's, which is consideredas

thelinear bound,andexternalsortingtakesQ( N
B logM

B

N
B ) I/O's [3] (seealsoSec.2.2.1),which is considered

asthesortingbound.It is very importantto observe that randomlyaccessingtheentiredata,oneitem at a

time, takesQ(N) I/O's in theworstcaseandis muchmoreinef�cient thananexternalsortingin practice.

To seethis, considerthesortingbound:sinceM=B is large,thetermlog M
B

N
B is muchsmallerthantheterm

B, andhencethesortingboundis muchsmallerthanQ(N) in practice.In Sec.2.2.2,we review a technique

for aproblemthatgreatlyimprovestheI/O boundfrom W(N) to thesortingbound.

2.2 BatchedComputations

2.2.1 External MergeSort

Sorting is a fundamentalprocedurethat is necessaryfor a wide rangeof computationaltasks. Herewe

review theexternalmergesort[3] underthecomputationalmodel[3] presentedin Sec.2.1.

Theexternalmergesort is a k-way mergesort,wherek is chosento beM=B, themaximumnumberof

disk blocksthatcan�t in mainmemory. It will beclearlater for this choice.Theinput is a list of N items

storedin contiguousplacesin disk,andtheoutputwill beasortedlist of N items,againin contiguousplaces

in disk.

The algorithmis a recursive procedureasfollows. In eachrecursion,if the currentlist L of itemsis

smallenoughto �t in mainmemory, thenwereadthisentirelist into mainmemory, sortit, andwrite it back

to disk in contiguousplaces.If thelist L is too largeto �t in mainmemory, thenwe split L into k sub-lists

of equalsize,sorteachsub-listrecursively, andthenmergeall sortedsub-listsinto a singlesortedlist. The

major portion of the algorithmis how to merge the k sortedsub-listsin an I/O-optimal way. Notice that

eachsub-listmayalsobetoo largeto �t in mainmemory. Ratherthanreadingoneitem from eachsub-list

for merging, we readoneblock of itemsfrom eachsub-listinto mainmemoryeachtime. We usek blocks

of mainmemory, eachasa 1-block buffer for a sub-list,to hold eachblock readfrom thesub-lists.Initially

the �rst block of eachsub-list is readinto its buffer. We thenperformmerging on itemsin the k buffers,

whereeachbuffer is alreadysorted,andoutputsorteditems,asresultsof merging, to disk, written in units

of blocks. Whensomebuffer is exhausted,the next block of the correspondingsub-listis readinto main

memoryto �ll up thatbuffer. Thisprocesscontinuesuntil all k sub-listsarecompletelymerged.It is easyto

seethatmerging k sub-listsof total sizejLj takesO(jLj=B) I/O's,which is optimal—thesameI/O boundas

readingandwriting all sub-listsonce.

To analyzetheoverall I/O complexity, we notethat therecursive procedurecorrespondsto a k-ary tree

(ratherthana binary treeasin the two-way merge sort). In eachlevel of recursion,the total sizeof list(s)

involved is N items,andhencethe total numberof I/O's usedper level is O(N=B). Moreover, thereare



O(logk
N
B ) levels,sincetheinitial list hasN=B blocksandgoingdown eachlevel reducesthe(sub-)listsize

by a factor of 1=k. Therefore,the overall complexity is O( N
B logk

N
B ) I/O's. We want to maximizek to

optimizetheI/O bound,andthemaximumnumberof 1-blockbuffers in mainmemoryis M=B. By taking

k = M=B, wegettheboundof O( N
B logM

B

N
B ) I/O's,which is optimal2 [3].

Note the techniqueof using a 1-block buffer in main memory for eachsub-list that is larger than

main memoryin the above merging step. This hasleadto the distribution sweepalgorithmdevelopedin

Goodrichet al. [47] andimplementedandexperimentedin Chiang[15] for the2D orthogonalsegmentin-

tersectionproblem,aswell asthegeneralscananddistributeparadigmdevelopedby ChiangandSilva [18]

andChianget al. [20] to build theI/O interval tree[6] usedin [18] andthebinary-blocked I/O interval tree

(theBBIO treefor short)developedandusedin [20], for out-of-coreisosurfaceextraction. This scanand

distribute paradigmenablesthemto performpreprocessingto build thesetrees(aswell as the metablock

tree[54]) in anI/O-optimalway; seeChiangandSilva [19] for a completereview of thesedatastructures

andtechniques.

2.2.2 Out-of-Core Pointer De-Referencing

Typical inputdatasetsin scienti�c visualizationandcomputergraphicsaregivenin compactindexedforms.

For example,scalar-�eld irregular-grid volumedatasetsareusuallyrepresentedastetrahedrameshes.The

input hasa list of vertices,whereeachvertex appearsexactly onceandeachvertex entry containsits x-,

y-, z- andscalarvalues,anda list of tetrahedralcells,whereeachcell entrycontainspointers/indicesto its

verticesin thevertex list. Wereferto thisastheindex cell set(ICS)format.Similarly, in anindexedtriangle

mesh, the input hasa list of verticescontainingthe vertex coordinatesand a list of trianglescontaining

pointers/indicesto thecorrespondingvertex entriesin thevertex list.

Thevery basicoperationin many tasksof processingthedatasetsis to beableto traverseall thetetra-

hedralor triangularcells andobtainthe vertex informationof eachcell. While this is trivial if the entire

vertex list �ts in mainmemory—wecanjust follow thevertex pointersandperformpointerde-referencing,

it is far from straightforward to carryout thetaskef�ciently in theout-of-coresettingwherethevertex list

or bothlistsdonot �t. Observe thatfollowing thepointersresultsin randomaccessesin disk,which is very

inef�cient: sinceeachI/O operationreads/writesanentiredisk block, we have to readanentiredisk block

of B itemsinto mainmemoryin orderto just accessa singleitem in thatblock, whereB is usuallyin the

orderof hundreds.Supposethe vertex andcell lists have N itemsin total, thenthis would requireW(N)

I/O's in theworstcase,which is highly inef�cient.

An I/O-ef�cient techniqueto perform pointer de-referencingis to replace(or augment)eachvertex

pointer/index of eachcell with the correspondingdirect vertex information (coordinates,plus the scalar

value in caseof volumetricdata); this is the normalizationprocessdevelopedin ChiangandSilva [18],

carriedout I/O-ef�ciently in [18] by applyingthetechniqueof Chiang[14, Chapter4] andChiangetal. [17]

asfollows. In the �rst pass,we externally sort the cells in the cell list, usingasthe key for eachcell the

2A matchinglower boundis shown in [3].



index (pointer)to the �rst vertex of thecell, so that thecellswhose�rst verticesarethesamearegrouped

together, with the�rst grouphaving vertex 1 asthe�rst vertex, thesecondgrouphaving vertex 2 asthe�rst

vertex, andsoon. Thenby scanningthroughthevertex list (alreadyin theorderof vertex 1, vertex 2, etc.

from input) andthe cell list simultaneously, we caneasily �ll in the direct informationof the �rst vertex

of eachcell in the cell list in a sequentialmanner. In the secondpass,we sort the cell list by the indices

to thesecondvertices,and�ll in thedirect informationof thesecondvertex of eachcell in thesameway.

By repeatingtheprocessfor eachvertex of thecells,weobtainthedirectvertex informationfor all vertices

of eachcell. Actually, eachpassis a join operation(commonlyusedin database),usingthe vertex ID' s

(the vertex indices)asthe key on both the cell list andthe vertex list. In eachpass,we useO( N
B logM

B

N
B )

I/O's for sortingplusO(N=B) I/O's for scanningand�lling in theinformation,andweperformthreeor four

passesdependingon thenumberof verticespercell (a triangleor tetrahedron).Theoverall I/O complexity

is O( N
B logM

B

N
B ), which is farmoreef�cient thanW(N) I/O's.

The above out-of-corepointerde-referencinghasbeenusedin [18,20] in the context of out-of-core

isosurfaceextraction,aswell asin [34,62] in thecontext of out-of-coresimpli�cation of polygonalmodels.

We believe that this is a very fundamentalandpowerful techniquethat will be essentialfor many other

problemsin out-of-corescienti�c visualizationandcomputergraphics.

2.2.3 The Meta-Cell Technique

While theabove normalizationprocess(replacingvertex indiceswith directvertex information)enablesus

to processindexed input format I/O-ef�ciently, it is mostsuitablefor intermediatecomputations, andnot

for a �nal databaseor �nal datarepresentationstoredin disk for on-linecomputations,sincethediskspace

overheadis large—thedirectvertex informationis duplicatedmany times,oncepercell sharingthevertex.

Aiming atoptimizingbothdisk-accesscostanddisk-spacerequirement,Chiangetal. [20] developedthe

meta-celltechnique,which is essentiallyanI/O-ef�cient partitionschemefor irregular-grid volumedatasets

(partitioningregulargrids is a muchsimplertask,andcanbeeasilycarriedout by a greatlysimpli�ed ver-

sionof themeta-celltechnique).Theresultingpartitionis similar to theoneinducedby a k-d-tree[10], but

thereis noneedto computethemultiple levels.Themeta-celltechniquehasbeenusedin Chianget al. [20]

for out-of-coreisosurfaceextraction,in FariasandSilva [40] for out-of-corevolumerendering,andin Chi-

angetal. [16] for auni�ed infrastructurefor parallelout-of-coreisosurfaceextractionandvolumerendering

of unstructuredgrids.

Now we review the meta-celltechnique.Assumethe input datasetis a tetrahedralmeshgiven in the

index cell set(ICS) formatconsistingof a vertex list anda cell list asdescribedin Sec.2.2.2. We cluster

spatiallyneighboringcellstogetherto form ameta-cell.Eachmeta-cellis roughlyof thesamestoragesize,

usuallyin amultipleof diskblocksandalwaysableto �t in mainmemory. Eachmeta-cellhasself-contained

informationandis alwaysreadasa wholefrom disk to mainmemory. Therefore,we canusethecompact

ICSrepresentationfor eachmeta-cell,namelya localvertex list anda localcell list whichcontainspointers

to the local vertex list. In this way, a vertex sharedby many cells in thesamemeta-cellis storedjust once



in thatmeta-cell.Theonly duplicationsof vertex informationoccurwhena vertex belongsto two cells in

differentmeta-cells;in this casewe let bothmeta-cellsincludethatvertex in their vertex lists to make each

meta-cellself-contained.

Themeta-cellsareconstructedasfollows. First, we useanexternalsortingto sortall verticesby their

x-values,andpartition themevenly into k chunks,wherek is a parameterthat canbe adjusted.Then,for

eachof thek chunks,we externallysort theverticesby they-valuesandagainpartitionthemevenly into k

chunks.Finally, we repeatfor thez-values.We now have k3 chunks,eachhaving aboutthesamenumber

of vertices.Each�nal chunkcorrespondsto a meta-cell,whoseverticesaretheverticesof thechunk(plus

someadditionalverticesduplicatedfrom otherchunks;seebelow). A cell with all verticesin thesamemeta-

cell is assignedto thatmeta-cell;if theverticesof acell belongto differentmeta-cells,thenavotingscheme

is usedto assignthecell to asinglemeta-cell,andthemissingverticesareduplicatedinto themeta-cellthat

ownsthis cell. We thenconstructthelocal vertex list andthelocal cell list for eachmeta-cell.Recallthatk

is a parameterandwe have k3 meta-cellsin theend. Whenk is larger, we have moremeta-cellboundaries

andthenumberof duplicatedverticesis larger(dueto morecellscrossingthemeta-cellboundaries).Onthe

otherhand,having a largerk meanseachmeta-cellis morere�ned andcontainslessinformation,andthus

disk readof a meta-cellis faster(fewer numberof disk blocksto read).Therefore,themeta-celltechnique

usuallyleadsto a trade-off betweenquerytime anddiskspace.

Theout-of-corepointerde-referencingtechnique(or thejoin operation)describedin Sec.2.2.2is essen-

tial in variousstepsof themeta-celltechnique.For example,to performthevoting schemeto assigncells

to meta-cells,we needto know, for eachcell, the destinationmeta-cellsof its vertices. Recall that in the

input cell list, eachcell only hasthe indices(vertex ID' s) to thevertex list. Whenwe obtaink3 chunksof

vertices,we assigntheverticesto thesek3 meta-cellsby generatinga list of tuples(vid ;mid), meaningthat

vertex vid is assignedto meta-cellmid. Thena join operationusingvertex ID' sasthekey on this list andthe

cell list completesthetaskby replacingeachvertex ID in eachcell with thedestinationmeta-cellID of the

vertex. Thereareotherstepsinvolving thejoin operation;we referto [20] for a completedescriptionof the

meta-celltechnique.Overall,meta-cellscanbeconstructedby performinga few externalsortingsanda few

join operations,andhencethetotal I/O complexity is O( N
B logM

B

N
B ) I/O's.

2.3 On-Line Computations: B-Treesand B-Tree-Like Data Structures

Tree-baseddatastructuresarisenaturallyin theon-linesetting,sincedataitemsarestoredsortedandqueries

cantypically beperformedby ef�cient searcheson thetrees.Thewell-known balancedmultiway B-tree[9,

26] (seealso[27, Chapter18]) is themostwidely useddatastructurein externalmemory. Eachtreenode

correspondsto onedisk block, capableof holdingup to B items. Thebranching factor, Bf, de�ned asthe

numberof childrenof eachinternalnode,is Q(B) (exceptfor theroot); thisguaranteesthattheheightof aB-

treestoringN itemsis O(logBN) andhencesearchinganitemtakesoptimalO(logBN) I/O's. Otherdynamic

dictionaryoperations,suchasinsertionanddeletionof anitem,canbeperformedin optimalO(logBN) I/O's

each,andthespacerequirementis optimalO(N=B) disk blocks.



Typical treesin mainmemoryhave branchingfactor2 (binarytree)or somesmallconstant(e.g.,8 for

an octree),andeachnodestoresa small constantnumberof dataitems. If we directly mapsucha treeto

externalmemory, thenwegetasub-optimaldisk layoutfor thetree:accessingeachtreenodetakesoneI/O,

in which we readan entireblock of B itemsjust to accessa constantnumberof itemsof the nodein the

block. Therefore,it is desirableto externalizethedatastructure,converting thetreeinto a B-tree-like data

structure,namely, to increasethebranchingfactorfrom 2 (or asmallconstant)to Q(B) sothattheheightof

a balancedtreeis reducedfrom O(logN) to O(logBN), andalsoto increasethenumberof itemsstoredin

eachnodefrom O(1) to Q(B).

A simpleandgeneralmethodto externalizea treeof constantbranchingfactoris asfollows. We block

a subtreeof Q(logB) levels of the original treeinto onenodeof the new tree(seeFig. 1 on page10), so

that thebranchingfactoris increasedto Q(B) andeachnew treenodestoresQ(B) items,whereeachnew

treenodecorrespondsto onedisk block. This is the basicideaof theBBIO treeof Chianget al. [19,20]

to externalizethe interval tree[33] for out-of-coreisosurfaceextraction,andof themeta-block treeof El-

SanaandChiang[34] to externalizethe view-dependencetree[37] for externalmemoryview-dependent

simpli�cation andrendering.Webelieve thatthisexternalizationmethodis generalandpowerful enoughto

beapplicableto awide rangeof otherproblemsin out-of-corescienti�c visualizationandgraphics.

Weremarkthattheinterval tree[33] is moredif�cult to externalizethantheview-dependencetree[37].

Whenwevisit anodeof theview-dependencetree,weaccessall informationstoredin thatnode.In contrast,

eachinternalnodein the interval treehassecondarylists assecondarysearchstructures,andthe optimal

queryperformancerelieson the fact that searchingon the secondarylists canbe performedin an output-

sensitiveway—thesecondarylists shouldnot bevisitedentirely if not all itemsarereportedasanswersto

thequery. In therestof thissection,wereview theBBIO treeasanon-trivial exampleof theexternalization

method.

2.3.1 The Binary-Blocked I/O Inter val Tree(BBIO Tree)

Thebinary-blockedI/O intervaltree(BBIOtree) of Chiangetal. [19,20] is anexternal-memoryextensionof

the(main-memory)binaryinterval tree[33]. As will beseenin Sec.3, theprocessof �nding activecellsin

isosurfaceextractioncanbereducedto thefollowing problemof intervalstabbingqueries[22]: givenasetof

N intervalsin 1D,build adatastructuresothatfor agivenquerypointq wecanef�ciently reportall intervals

containingq. Suchinterval stabbingqueriescanbe optimally solved in main memoryusingthe interval

tree[33], with O(N) space,O(NlogN) preprocessingtime (thesameboundassorting)andO(logN + K)

querytime, whereK is thenumberof intervals reported;all boundsareoptimal in termsof main-memory

computation.TheBBIO treeachievestheoptimalperformancein external-memorycomputation:O(N=B)

blocksof diskspace,O(logBN+ K
B ) I/O'sfor eachquery, andO( N

B logM
B

N
B ) I/O's(thesameboundasexternal

sorting)for preprocessing.In addition, insertionanddeletionof intervals canbe supportedin O(logBN)

I/O's each.All theseboundsareI/O-optimal.

We remark that the I/O interval tree of Arge and Vitter [6] is the �rst external-memoryversionof



the main-memoryinterval tree [33] achieving the above optimal I/O-bounds,and is usedin Chiangand

Silva [18] for the �rst work on out-of-coreisosurfaceextraction. Comparingthe BBIO treewith the I/O

interval tree,theBBIO treehasonly two kindsof secondarylists (thesameastheoriginal interval tree[33])

ratherthanthreekinds,andhencethediskspaceis reducedby afactorof 2/3in practice.Also, thebranching

factoris Q(B) ratherthanQ(
p

B) andhencethetreeheightis halved.Thetreestructureis simpler;it is easier

to implement,alsofor handlingdegeneratecases.

Herewe only review thedatastructureandthequeryalgorithmof theBBIO tree;thepreprocessingis

performedby thescananddistributeparadigmmentionedattheendof Sec.2.2.1andis describedin [19,20].

Thealgorithmsfor insertionsanddeletionsof intervalsaredetailedin [19].

2.3.1.1 Review: the Binary Inter val Tree

We �rst review themain-memorybinary interval tree[33]. Givena setof N intervals,suchinterval treeT

is de�ned recursively asfollows. If thereis only oneinterval, thenthecurrentnoder is a leaf containing

thatinterval. Otherwise,r storesasa key themedianvaluem thatpartitionstheinterval endpointsinto two

slabs,eachhaving thesamenumberof endpointsthataresmaller(resp.larger) thanm. The intervals that

containm areassignedto thenoder. Theintervalswith bothendpointssmallerthanm areassignedto the

left slab;similarly, the intervals with both endpointslarger thanm areassignedto the right slab. The left

andright subtreesof r arerecursively de�ned astheinterval treeson theintervalsin theleft andright slabs,

respectively. In addition,eachinternalnodeu of T hastwo secondarylists: the left list, which storesthe

intervalsassignedto u, sortedin increasingleft endpointvalues, andtheright list, whichstoresthesameset

of intervals, sortedin decreasingright endpointvalues. It is easyto seethat the treeheightis O(log2 N).

Also, eachinterval is assignedto exactly onenode,andis storedeithertwice (whenassignedto aninternal

node)or once(whenassignedto a leaf),andthustheoverall spaceis O(N).

To performa queryfor a querypoint q, we applythefollowing recursive processstartingfrom theroot

of T. For thecurrentnodeu, if q lies in theleft slabof u, we checktheleft list of u, reportingtheintervals

sequentiallyfrom thelist until the�rst interval is reachedwhoseleft endpointvalueis largerthanq. At this

point we stopcheckingtheleft list sincetheremainingintervalsareall to theright of q andcannotcontain

q. We thenvisit theleft child of u andperformthesameprocessrecursively. If q lies in theright slabof u

thenwe checktheright list in a similar way andthenvisit theright child of u recursively. It is easyto see

thatthequerytime is optimalO(log2N + K), whereK is thenumberof intervalsreported.

2.3.1.2 Data Structure

Now wereview theBBIO tree,denotedby T , andrecallthatthebinaryinterval treeis denotedby T. Each

nodein T is onedisk block, capableof holdingB items. We want to increasethebranchingfactorBf so

that the treeheight is O(logBN). The intuition is very simple—weblock a subtreeof the binary interval

treeT into onenodeof T (seeFig. 1), asdescribedin thegeneralexternalizationmethodpresentedin the

beginningof Sec.2.3. In thefollowing, we refer to thenodesof T assmallnodes. We take thebranching

factorBf to beQ(B). In aninternalnodeof T , thereareBf� 1 smallnodes,eachhaving akey, a pointerto



Figure1: Intuition of a binary-blocked I/O interval tree(BBIO tree)T : eachcircle is a nodein thebinary
interval treeT, andeachrectangle,whichblocksasubtreeof T, is anodeof T .

its left list anda pointerto its right list, whereall left andright listsarestoredin disk.

Now we give a moreformal de�nition of thetreeT . First,we sortall left endpointsof theN intervals

in increasingorderfrom left to right, into a setE. We useinterval ID' s to breakties. ThesetE is usedto

de�ne thekeys in smallnodes.TheBBIO treeT is recursively de�nedasfollows. If therearenomorethan

B intervals,thenthecurrentnodeu is a leafnodestoringall intervals. Otherwise,u is aninternalnode.We

takeBf� 1 medianvaluesfrom E, whichpartitionE into Bf slabs,eachwith thesamenumberof endpoints.

Westoresorted,in non-decreasingorder, theseBf� 1 medianvaluesin thenodeu, which serve asthekeys

of theBf� 1 smallnodesin u. We implicitly build a subtreeof T on theseBf� 1 smallnodes,by a binary-

search schemeasfollows. Therootkey is themedianof theBf� 1 sortedkeys,thekey of theleft child of the

root is themedianof thelowerhalf keys,andtheright-childkey is themedianof theupperhalf keys,andso

on. Now considertheintervals. Theintervals thatcontainoneor morekeys of u areassignedto u. In fact,

eachsuchinterval I is assignedto thehighestsmallnode(in thesubtreeof T in u) whosekey is containedin

I ; westoreI in thecorrespondingleft andright listsof thatsmallnodein u. For theremainingintervalsthat

arenot assignedto u, eachhasbothendpointsin thesameslabandis assignedto thatslab;recallthatthere

areBf slabsinducedby theBf� 1 keysstoredin u. Werecursively de�ne theBf subtreesof thenodeu asthe

BBIO treeson the intervals in theBf slabs.Noticethatwith theabove binary-searchschemefor implicitly

building a (sub)treeof smallnodeson thekeys storedin aninternalnodeu of T , Bf doesnot needto bea

power of 2—wecanmake Bf aslarge aspossible,aslong astheBf� 1 keys, the2(Bf� 1) pointersto the

left andright lists,andtheBf pointersto thechildren,etc.,canall �t into onedisk block.

It is easyto seethatT hasheightO(logBN): T is de�ned on thesetE with N left endpoints,andis

perfectlybalancedwith Bf = Q(B). To analyzethespacecomplexity, observe that thereareno morethan

N=B leavesandthusO(N=B) disk blocksfor thetreenodesof T . For thesecondarylists, asin thebinary

interval treeT, eachinterval is storedeitheronceor twice. Theonly issueis thata left (right) list mayhave

very few (<< B) intervalsbut still needsonediskblock for storage.Weobserve thataninternalnodeu has

2(Bf� 1) left plusright lists, i.e., at mostO(Bf) suchunderfullblocks.But u alsohasBf children,andthus

thenumberof underfullblocksis no morethana constantfactorof thenumberof child blocks—counting

only thenumberof treenodessuf�ces to take into accountalsothenumberof underfullblocks,up to some

constantfactor. Thereforetheoverall spacecomplexity is optimalO(N=B) diskblocks.

As weshallseein Sec.2.3.1.3,theabovedatastructuresupportsqueriesin non-optimalO(log2
N
B + K=B)



I/O's (whereK is the numberof intervals reported),andwe canusethecorner structures [54] to achieve

optimalO(logBN + K=B) I/O's while keepingthespacecomplexity optimal.

2.3.1.3 Query Algorithm

The queryalgorithmfor the BBIO treeT is very simpleandmimics the queryalgorithmfor the binary

interval treeT. Givena querypoint q, we performthefollowing recursive processstartingfrom theroot of

T . For thecurrentnodeu, we readu from disk. Now considerthesubtreeTu implicitly built on thesmall

nodesin u by the binary-searchscheme.Using the samebinary-searchscheme,we follow a root-to-leaf

pathin Tu. Let r be thecurrentsmallnodeof Tu beingvisited,with key valuem. If q = m, thenwe report

all intervalsin theleft (or equivalently, right) list of r andstop.(Wecanstopherefor thefollowing reasons.

(1) Evensomedescendentof r hasthesamekey valuem, suchdescendentmusthave emptyleft andright

lists, sinceif thereareintervals containingm, they mustbeassignedto r (or somesmallnodehigherthan

r) beforebeingassignedto that descendent.(2) For any non-emptydescendentof r, the storedintervals

areeitherentirely to the left or entirely to the right of m = q, andthuscannotcontainq.) If q < m, we

scanandreporttheintervals in theleft list of r, until the�rst interval with theleft endpointlargerthanq is

encountered.Recallthat the left lists aresortedby increasingleft endpointvalues.After that,we proceed

to the left child of r in Tu. Similarly, if q > m, we scanandreportthe intervals in the right list of r, until

the�rst interval with theright endpointsmallerthanq is encountered.Thenweproceedto theright child of

r in Tu. At theend,if q is not equalto any key in Tu, thebinarysearchon theBf� 1 keys locatesq in one

of theBf slabs.We thenvisit thechild nodeof u in T which correspondsto thatslab,andapply thesame

processrecursively. Finally, whenwe reacha leaf nodeof T , we checktheO(B) intervalsstoredto report

thosethatcontainq, andstop.

Sincethe heightof the treeT is O(logBN), we only visit O(logBN) nodesof T . We alsovisit the

left andright lists for reportingintervals. Sincewe alwaysreportthe intervals in anoutput-sensitiveway,

this reportingcostis roughlyO(K=B), whereK is thenumberof intervals reported.However, it is possible

that we spendone I/O to readthe �rst block of a left/right list but only very few (<< B) intervals are

reported.In the worst case,all left/right lists visited result in suchunderfull reportedblocks andthis I/O

costis O(log2
N
B ), becausewe visit oneleft or right list persmallnodeandthetotal numberof smallnodes

visited is O(log2
N
B ) (this is the heightof the balancedbinary interval treeT obtainedby “concatenating”

the small-nodesubtreesTu's in all internalnodesu's of T ). Thereforethe overall worst-caseI/O cost is

O(log2
N
B + K=B).

Wecanimprovetheworst-caseI/O querybound.Theideais to checkaleft/right list of asmallnodefrom

disk only whenit is guaranteedthatat leastonefull block is reportedfrom that list; theunderfull reported

blocksof anodeu of T arecollectively takencareof by anadditionalcornerstructure [54] associatedwith

u. A cornerstructurecanstoret intervalsin optimalspaceof O(t=B) diskblocks,wheret is restrictedto be

at mostO(B2), sothataninterval stabbingquerycanbeansweredin optimalO(k=B+ 1) I/O's, wherek is

thenumberof intervalsreportedfrom thecornerstructure.Assumingall t intervalscan�t in mainmemory

duringpreprocessing,acornerstructurecanbebuilt in optimalO(t=B) I/O's. Wereferto [54] for acomplete



descriptionof thecornerstructure.

Weincorporatethecornerstructureinto theBBIO treeT asfollows. For eachinternalnodeu of T , we

remove the �rst block from eachleft andright lists of eachsmallnodein u, andcollectall theseremoved

intervals (with duplicationseliminated)into a singlecornerstructureassociatedwith u; if a left/right list

hasno morethanB intervals thenthe list becomesempty. We alsostorein u a “guardingvalue” for each

left/right list of u. For a left list, thisguardingvalueis thesmallestleft endpointvalueamongtheremaining

intervalsstill keptin theleft list (i.e., the(B+ 1)-stsmallestleft endpointvaluein theoriginal left list); for a

right list, thisvalueis thelargestright endpointvalueamongtheremainingintervalskept(i.e., the(B+ 1)-st

largestright endpointvaluein theoriginal right list). Recall that eachleft list is sortedby increasingleft

endpointvaluesandsymmetricallyfor eachright list. Observe thatu has2(Bf � 1) left andright lists and

Bf = Q(B), so thereareQ(B) lists in total, eachcontributing at mosta block of B intervals to the corner

structureof u. Therefore,the cornerstructureof u hasO(B2) intervals, satisfyingthe restrictionof the

cornerstructure.Also, theoverall spaceneededis still optimalO(N=B) disk blocks.

Thequeryalgorithmis basicallythesameasbefore,with thefollowing modi�cation. If thecurrentnode

u of T is an internalnode,thenwe �rst querythe cornerstructureof u. A left list of u is checked from

disk only whenthequeryvalueq is larger thanor equalto theguardingvalueof that list; similarly for the

right list. In this way, althougha left/right list might bechecked usingoneI/O to reportvery few (<< B)

intervals, it is ensuredthat in this casetheoriginal �r st block of that list is alsoreported,from thecorner

structureof u. Thereforewe cancharge this oneunderfull I/O cost to the oneI/O costneededto report

such�rst full block (i.e., reportingthe �rst full block needsoneI/O; we canmultiply this oneI/O costby

2, sothattheadditionaloneI/O canbeusedto payfor theoneI/O costof theunderfullblock). This means

thattheoverall underfullI/O costcanbechargedto theK=B termof thereportingcost(with someconstant

factor),sothattheoverall querycostis optimalO(logBN + K=B) I/O's.

3 SCIENTIFIC VISUALIZA TION

Here,we review out-of-corework donein theareaof scienti�c visualization.In particular, wecover recent

work in I/O-ef�cient volumerendering,isosurfacecomputation,andstreamlinecomputation.Since1997,

this areaof researchhasadvancedconsiderably, althoughit is still anactive researcharea.Thetechniques

describedbelow makeit possibleto performbasicvisualizationtechniquesonlargedatasets.Unfortunately,

someof thetechniqueshavesubstantialdiskandtimeoverhead.Also,oftentheoriginalformatof thedatais

not suitedfor visualizationtasks,leadingto expensive pre-processingsteps,whichoftenrequiresomeform

of datareplication.Few of thetechniquesdescribedbelow aresuitedfor interactiveuse,andthedevelopment

of multi-resolutionapproachesthatwouldallow for scalablevisualizationtechniquesis still anelusive goal.

Cox andEllsworth [29] proposea framework for out-of-corescienti�c visualizationsystemsbasedon

application-controlled demandpaging.Thepaperbuilds on thefactthatmany importantvisualizationtasks

(includingcomputingstreamlines,streaklines,particletraces,andcuttingplanes)only needtoucha small

portionof largedatasetsatatime. Thus,theauthorsrealizethatit shouldbepossibleto pagein thenecessary



dataondemand.Unfortunately, asthepapershows, theoperatingsystempagingsub-systemis noteffective

for suchvisualizationtasks,andleadsto inferior performance.Basedon thesepremisesandobservations,

theauthorsproposea setof I/O optimizationsthat leadto substantialimprovementsin computationtimes.

Theauthorsmodi�ed theI/O subsystemof thevisualizationapplicationsto explicitly take into accountthe

readandcachingoperations.Cox andEllsworth reporton severaleffective optimizations.First, they show

thatcontrollingthepagesize,in particularusingpagesizessmallerthanthoseusedby theoperatingsystem,

leadsto improved performancesinceusinglarger pagesizesleadsto wastedspacein mainmemory. The

secondmainoptimizationis to loaddatain alternativestorageformat(i.e.,3-dimensionaldatastoredin sub-

cubes),which morenaturallycapturesthe naturalshapeof underlyingscienti�c data. Furthermore,their

experimentsshow thatthesametechniquesareeffective for remotevisualization,sincelessdataneedsto be

transmittedover thenetwork andcachedat theclientmachine.

Uengetal. [82] presentarelatedapproach.In theirwork Uengetal. focussedoncomputingstreamlines

of large unstructuredgrids, andthey usean approachsomewhat similar to Cox andEllsworth in that the

idea is to perform on-demandloading of the datanecessaryto computea given streamline. Insteadof

changingtheway theoperatingsystemhandlestheI/O, theseauthorsdecideto modify theorganizationof

theactualdataondisk,andto comeupwith optimizedcodefor thetaskathand.They useanoctreepartition

to restructureunstructuredgrids to optimize the computationof streamlines.Their approachinvolves a

preprocessingstep,which builds an octreethat is usedto partition the unstructuredcells in disk, andan

interactive step,whichcomputesthestreamlinesby loadingtheoctreecellson demand.In their work, they

proposea top-down out-of-corepreprocessingalgorithmfor building theoctree.Their algorithmis based

on propagatingthecell (tetrahedra)insertionson theoctreefrom the root to the leavesin phases.In each

phase(recursively), octreenodesthat needto be subdivided createtheir childrenanddistribute the cells

amongthembasedon thefact thatcellsarecontainedinsidetheoctreenode.Eachcell is replicatedon the

octreenodesthat it would potentiallyintersect.For theactualstreamlinecomputation,their systemallows

for theconcurrentcomputationof multiplestreamlinesat thesametimebasedonuserinput. It usesamulti-

threadedarchitecturewith a setof streamlineobjects,threeschedulingqueue(wait, ready, and�nished),

freememorypoolanda tableof loadedoctants.

LeuteneggerandMa [59] proposeto useR-trees[48] to optimizesearchingoperationson largeunstruc-

tureddatasets.They arge that octrees(suchasthoseusedby Uenget al. [82]) arenot suitedfor storing

unstructureddatabecauseof imbalancein thestructureof suchdatamakingit hardto ef�ciently packthe

octreein disk. Furthermore,they alsoarguethatthelow fan-outof octreesleadsto a largenumberof inter-

nal nodes,which forceapplicationsinto many unnecessaryI/O fetches.LeuteneggerandMa useanR-tree

for storing tetrahedraldata,andpresentexperimentalresultsof their methodon the implementationof a

multi-resolutionsplatting-basedvolumerenderer.

PascucciandFrank[67] describeaschemefor de�ning hierarchicalindicesoververy largeregulargrids

thatleadsto ef�cient diskdatalayout.Theirapproachis basedontheuseof aspace-�llingcurvefor de�ning

thedatalayoutandindexing. In particular, they proposeanindexing schemefor theLebesgueCurve which

canbesimplyandef�cient computedby usingbit masking,shifting,andaddition.They show theusefulness



of their approachin a progressive (real-time)slicing applicationwhich exploits their indexing framework

for themulti-resolutioncomputationof arbitraryslicesof very largedatasets(oneexamplein thepaperhas

approximatelyonehalf teranodes).

Bruckschenet al. [13] describesa techniquefor real-timeparticletracesof largetime-varyingdatasets.

They arguethatit is notpossibleto performthiscomputationin real-timeondemand,andproposeasolution

wherethe basicidea is to pre-computethe tracesfrom �x ed positionslocatedon a regular grid, and to

save the resultsfor ef�cient disk accessin a way similar to PascucciandFrank [67]. Their systemhas

two main components,a particle tracerandencoder, which runsasa preprocessingstep,anda renderer,

which interactively readstheprecomputedparticletraces.Theirparticletracercomputestracesfor a whole

sequenceof timestepsby consideringthedatain blocks.It worksby injectingparticlesatgrid locationsand

computingtheirnew positionsuntil theparticleshave left thecurrentblock.

Chiangand Silva [18,20] proposedalgorithmsfor out-of-coreisosurfacegenerationof unstructured

grids. Isosurfacegenerationcanbeseenasaninterval stabbingproblem[22] asfollows: �rst, for eachcell,

producean interval I = [min;max] wheremin andmaxaretheminimumandmaximumamongthescalar

valuesof theverticesof thecell. Thenacell is active if andonly if its interval containstheisovalueq. This

reducesthe active-cell searchingproblemto that of interval search: given a setof intervals in 1D, build

a datastructureto ef�ciently reportall intervals containinga querypoint q. Secondly, the interval search

problemis solved optimally by usingthemain-memoryinterval tree[33]. The �rst out-of-core isosurface

techniquewasgivenby ChiangandSilva [18]. They follow theideasof Cignonietal. [22], but usetheI/O-

optimalinterval tree[6] to solve theinterval searchproblem.An interestingaspectof thework is thateven

thepreprocessingis assumedto be performedcompletelyon a machinewith limited mainmemory. With

this technique,datasetsmuchlargerthanmainmemorycanbevisualizedef�ciently. Thoughthis technique

is quitefastin termsof actuallycomputingtheisosurfaces,theassociateddisk andpreprocessingoverhead

is substantial.Later, Chianget al. [20] further improved (i.e., reduced)the disk spaceoverheadandthe

preprocessingtime of ChiangandSilva [18], at thecostof slightly increasingtheisosurfacequerytime,by

developinga two-level indexing scheme,themeta-celltechnique,andtheBBIO treewhich is usedto index

themeta-cells.A meta-cellis simply a collectionof contiguouscells,which is saved togetherfor fastdisk

access.

Along the samelines, Sulatycke andGhose[77] describean extensionof Cignoni et al. [22] for out-

of-core isosurfaceextraction. Their work doesnot proposean optimal extension,but insteadproposesa

schemethat simply adaptsthe in-coredatastructureto an out-of-coresetting. The authorsalsodescribe

a multi-threadedimplementationthataimsto hidethedisk I/O overheadby overlappingcomputationwith

I/O. Basically, the authorshave an I/O threadthat readsthe active cells from disk, andseveral isosurface

computationthreads.Experimentalresultson relatively smallregulargridsaregivenin thepaper.

Bajaj et al. [8] alsoproposesa techniquefor out-of-coreisosurfaceextraction. Their techniqueis an

extensionof their seed-basedtechniquefor ef�cient isosurfaceextraction [7]. The seed-basedapproach

works by saving a small setof seedcells,which canbe usedasstartingpointsfor an arbitraryisosurface

by simplecontourpropagation.In the out-of-coreadaptation,thebasicideais to separatethe cells along



the functionalvalue,storingrangesof contiguousrangestogetherin disk. In their paper, the authorsalso

describehow to parallelizetheiralgorithm,andshow theperformanceof their techniquesusinglargeregular

grids.

Suttonand Hansen[78] proposethe T-BON (TemporalBranch-On-NeedOctree)techniquefor fast

extraction of isosurfacesof time-varying datasets.The preprocessingphaseof their techniquebuilds a

branch-on-needoctree[87] for eachtime stepand storesit to disk in two parts. One part containsthe

structureof theoctreeanddoesnot dependat all on thespeci�c time step.Time-stepspeci�c datais saved

separately(including the extremevalues). During querying,the tree is recursively traversed,taking into

accountthequerytimestepandisovalue,andbroughtinto memoryuntil all the information(includingall

the cell data)hasbeenread. Then,a secondpassis performedto actuallycomputethe isosurface. Their

techniquealsousesmeta-cells(or databricking) [20] to optimizetheI/O transfers.

Shenet al. [75] proposesa differentencodingfor time-varying datasets.Their TSP(Time-SpacePar-

tioning) treeencodesin a singledatastructurethechangesfrom onetime-stepto another. Eachnodeof the

octreehasnot only a spatialextend,but alsoa time interval. If thedatachangesin time, a nodeis re�ned

by its children,which re�ne thechangeson thedata,andis annotatedwith its valid time range.They use

theTSPtreeto performout-of-corevolumerenderingof large volumes.Oneof thenicepropertiesis that

becauseof its encoding,it is possibleto very ef�ciently pagethe datain from disk whenrenderingtime

sequences.

FariasandSilva [40] presentsa setof techniquesfor the direct volumerenderingof arbitrarily large

unstructuredgrids on machineswith limited memory. Oneof the techniquesdescribedin the paperis a

memory-insensitive approachwhichworksby traversingeachcell in thedataset,oneata time,samplingits

ray span(in generala raywould intersecta convex cell twice) andsaving two fragmententriespercell and

pixel covered.Thealgorithmthenperformsanexternalsortusingthepixel astheprimarykey, andthedepth

of thefragmentasthesecondarykey, which leadsto thecorrectraystabbingorderthatexactlycapturesthe

informationnecessaryto performtherendering.Theothertechniquedescribedis moreinvolved (but more

ef�cient) andinvolvesextendingtheZSWEEPalgorithm[39] to anout-of-coresetting.

The main ideaof the (in-core)ZSWEEPalgorithmis to sweepthe datawith a planeparallel to the

viewing planein orderof increasingz, projecting the facesof cells that are incident to verticesas they

are encounteredby the sweepplane. ZSWEEP's faceprojectionconsistsof computingthe intersection

of the ray emanatingfrom eachpixel, andstoretheir z-value,andotherauxiliary information, in sorted

order in a list of intersectionsfor the given pixel. The actuallighting calculationsaredeferredto a later

phase.Compositingis performedasthe “target Z” planeis reached.This algorithmexploits the implicit

(approximate)global orderingthat the z-orderingof the verticesinduceson the cells that areincidenton

them,thusleadingto only a very small numberof ray intersectionaredoneout of order; andthe useof

earlycompositingwhich makesthememoryfootprint of thealgorithmquitesmall. Therearetwo sources

of main memoryusagein ZSWEEP:the pixel intersectionlists, andthe actualdataset.The basicideain

theout-of-coretechniqueis to breakthedatasetinto chunksof �x edsize(usingideasof themeta-cellwork

describedin Chianget al. [20]), which canberenderedindependentlywithout usingmorethana constant



amountof memory. To furtherlimit theamountof memorynecessary, theiralgorithmsubdividesthescreen

into tiles, andfor eachtile, which arerenderedin chunksthatprojectinto it in a front-to-backorder, thus

enablingtheexactsameoptimizationswhichcanbeusedwith thein-coreZSWEEPalgorithm.

Chianget al. [16] proposea uni�ed infrastructurefor parallel out-of-coreisosurface extraction and

volumerenderingof unstructuredgrids which exploits a combinationof the work of Chiang,Silva, and

Schroeder[20] and Fariasand Silva [40]. Their work is basedon building a uni�ed datastructurethat

bothalgorithmscanuse,andthenusea simpleround-robinschemefor parallelization.Sincethe relevant

algorithmsareoutputsensitive andonly fetch thedatathey needto producetheir output,this approachis

shown to beeffective onasmallclusterof PCs.

4 SURFACE SIMPLIFICA TION

In this sectionwe review recentwork onout-of-coresimpli�cation. In particular, wewill focuson methods

for simplifying large triangle meshes, asthesearethe mostcommonsurfacerepresentationfor computer

graphics. As datasetshave grown rapidly in recentyears,out-of-coresimpli�cation hasbecomean in-

creasinglyimportanttool for dealingwith large data. Indeed,many conventionalin-corealgorithmsfor

visualization,dataanalysis,geometricprocessing,etc.,cannotoperateon today's massive datasets,andare

furthermoredif�cult to extendto work outof core.Thus,simpli�cation is neededto reducethe(oftenover-

sampled)datasetsothatit �ts in mainmemory. As wehave alreadyseenin previoussections,eventhough

somemethodshave beendevelopedfor out-of-corevisualizationandprocessing,handlingbillion-triangle

meshes,suchasthoseproducedby highresolutionrangescanning[60] andscienti�c simulations[66], is still

challenging.Thereforemany methodsbene�t from having eithera reduced(albeitstill largeandaccurate)

versionof a surface,or having amultiresolutionrepresentationproducedusingout-of-coresimpli�cation.

It is somewhat ironic that,whereassimpli�cation hasfor a long time beenrelieduponfor dealingwith

complex meshes,for largeenoughdatasetssimpli�cation itself becomesimpractical,if notimpossible.Typ-

ical in-coresimpli�cation techniques,whichrequirestoringtheentirefull-resolutionmeshin mainmemory,

canhandlemesheson the orderof a few million triangleson currentworkstations;two to threeordersof

magnitudesmallerthanmany datasetsavailabletoday. To addressthisproblem,severaltechniquesfor out-

of-coresimpli�cation have beenproposedrecently, andwe will herecover mostof themethodspublished

to date.

Onereasonwhy few algorithmsexist for out-of-coresimpli�cation is thatthemajorityof previousmeth-

odsfor in-coresimpli�cation areill-suited to work in the out-of-coresetting. The prevailing approachto

in-coresimpli�cation is to iteratively performa sequenceof local meshcoarseningoperations,e.g.,edge

collapse,vertex removal, faceclustering,etc., that locally simplify the mesh,e.g.,by removing a single

vertex. The orderof operationsperformedis typically determinedby their impacton the quality of the

mesh,asmeasuredusingsomeerrormetric,andsimpli�cation thenproceedsin agreedyfashionby always

performingthe operationthat incurs the lowesterror. Typical error metricsarebasedon quantitiessuch

asmesh-to-meshdistance,local curvature,triangleshape,valence,anso on. In orderto evaluate(andre-



atomic vertex clust ering

iterative vertex pa ir contraction

Figure2: Vertex clusteringona2D uniformgrid asasingleatomicoperation(top)andasmultiplepaircon-
tractions(bottom). Thedashedlinesrepresentthespace-partitioninggrid, while vertex pairsareindicated
usingdottedlines.Notethatspatialclusteringcanleadto signi�cant topologicalsimpli�cation.

evaluate)themetricandto keeptrackof whichsimplices(i.e.,vertices,edges,andtriangles)to eliminatein

eachcoarseningoperation,virtually all in-coresimpli�cation methodsrely on directaccessto information

abouttheconnectivity (i.e., adjacency information)andgeometryin a neighborhoodaroundeachsimplex.

As a result,thesemethodsrequireexplicit datastructuresfor maintainingconnectivity, aswell asa priority

queueof coarseningoperations,which amountsto O(n) in-corestoragefor a meshof sizen. Clearly this

limits thesizeof modelsthatcanbesimpli�ed in core.Simplyof�oading themeshto diskandusingvirtual

memorytechniquesfor transparentaccessis seldomarealisticoption,asthepoorlocality of greedysimpli-

�cation resultsin scatteredaccessesto themeshandexcessive thrashing.For out-of-coresimpli�cation to

beviable,suchrandomaccessesmustbeavoidedat all costs.As a result,many out-of-coremethodsmake

useof a triangle soupmeshrepresentation,whereeachtriangleis representedindependentlyasa triplet of

vertex coordinates.In contrast,mostin-coremethodsusesomeform of indexedmeshrepresentation,where

trianglesarespeci�edasindicesinto anon-redundantlist of vertices.

Therearemany differentwaysto simplify surfaces.Popularcoarseningoperationsfor trianglemeshes

includevertex removal [73], edgecollapse[53], half-edgecollapse[58], trianglecollapse[49], vertex pair

contraction[44], andvertex clustering[71]. While theseoperationsvary in complexity andgenerality, they

all have onething in common,in that they partition the setof verticesfrom the input meshby grouping



(a) Spatialclusteringpartitions (b) Edgecollapsepartitions

Figure3: Vertex setpartitionsbasedon (a) spatialclusteringon a rectilineargrid and(b) error-drivenedge
collapse.

theminto clusters(Figure2).3 Thesimpli�ed meshis formedby choosingasinglevertex to representeach

cluster(eitherby selectingonefrom theinputmeshor by computinganew, optimalposition).For example,

the edgecollapsealgorithmconceptuallyforms a forestof binary trees(the clusters)in which eachedge

collapsecorrespondsto merging two childreninto a singleparent.Heretheclusterrepresentativesarethe

rootsof thebinarytrees.In theend,it matterslittle whatcoarseningoperationis usedsincethesetpartition

uniquelyde�nestheresultingconnectivity, i.e.,only thosetriangleswhoseverticesbelongto threedifferent

clusters“survive” thesimpli�cation. In this sense,meshsimpli�cation canbe reducedto a setpartioning

problem,togetherwith rulesfor choosingthepositionof eachcluster's representative vertex, andwe will

examinehow differentout-of-coremethodsperformthis partitioning. Ideally the partitioning is doneso

asto minimize the given errormeasure,althoughbecauseof the complexity of this optimizationproblem

heuristicsareoftenused.Therearecurrentlytwo distinctapproachesto out-of-coresimpli�cation, basedon

spatialclusteringandsurfacesegmentation. Within thesetwo generalcategories,we will alsodistinguish

betweenuniformandadaptivepartitioning.We describedifferentmethodswithin theseframeworksbelow,

andconcludewith acomparisonof thesegeneraltechniques.

4.1 Spatial Clustering

Clusteringdecisionscanbebasedon eithertheconnectivity or thegeometryof themesh,or both. Because

computingandmaintainingtheconnectivity of a largemeshout of corecanoftenbea dif�cult taskin and

of itself, perhapsthe simplestapproachto clusteringverticesis basedsolely on spatial partitioning. The

mainideabehindthis techniqueis to partitionthespacethatthesurfaceis embeddedin, i.e.,R3, into simple

3Technicallyvertex removal is ageneralizationof half-edgecollapsewith optionaledge�ipping. Dueto its ability to arbitrarily
modify theconnectivity, vertex removal doesnotproducea canonicalpartitionof thesetof vertices.



convex 3D regions,andto mergetheverticesof theinputmeshthatfall in thesameregion. Becausethemesh

geometryis oftenspeci�ed in a Cartesiancoordinatesystem,themoststraightforwardspacepartitioningis

givenby a rectilineargrid (Figure2). RossignacandBorrel [71] usedsucha grid to clusterverticesin an

in-corealgorithm. However, the metricsusedin their algorithmrely on full connectivity information. In

addition,a rankingphaseis neededin which themost“important” vertex in eachclusteris identi�ed, and

their method,asstated,is thereforenot well suitedfor theout-of-coresetting.Nevertheless,Rossignacand

Borrel's original clusteringalgorithmis thebasisfor many of theout-of-coremethodsdiscussedbelow. We

notethat their algorithmmakesuseof a uniform grid to partition space,andwe will discussout-of-core

methodsfor uniformclustering�rst.

4.1.1 Uniform Spatial Clustering

To extendtheclusteringalgorithmin [71] to theout-of-coresetting,Lindstrom[61] proposedusingGarland

andHeckbert's quadric error metric [44] to measureerror. Lindstrom's method,calledOoCS, works by

scanninga trianglesouprepresentationof themesh,onetriangleat a time,andcomputingaquadricmatrix

Qt for eachtrianglet. Using an in-coresparsegrid representation(e.g.,a dynamichashtable),the three

verticesof a trianglearequickly mappedto their respective grid cells, andQt is thendistributedto these

cells. This depositingof quadricmatricesis donefor eachof the triangle's verticeswhetherthey belong

to one,two, or threedifferentclusters.However, asmentionedearlier, only thosetrianglesthatspanthree

differentclusterssurvive thesimpli�cation, andtheremainingdegenerateonesarenot output. After each

input trianglehasbeenread,what remainsis a list of simpli�ed triangles(speci�ed asvertex indices)and

a list of quadricmatricesfor theoccupiedgrid cells. For eachquadricmatrix,anoptimalvertex positionis

computedthatminimizesthequadricerror[44], andtheresultingindexedmeshis thenoutput.

Lindstrom's algorithmrunsin lineartime in thesizeof theinputandexpectedlineartime in theoutput.

As such,themethodis ef�cient bothin theoryandpractice,andis ableto processon theorderof a quarter

million trianglespersecondon a typical PC.While thealgorithmcansimplify arbitrarily large meshes,it

requiresenoughcorememoryto storethesimpli�ed mesh,which limits theaccuracy of theoutputmesh.

To overcomethis limitation, LindstromandSilva [62] proposedan extensionof OoCSthat performsall

computationson disk, andthat requiresonly a constant,small amountof memory. Their approachis to

replaceall in-corerandomaccessesto grid cells(i.e.,hashlookupsandquadricmatrixupdates)with coher-

entsequentialdisk accesses,by storingall informationassociatedwith a grid cell togetheron disk. This is

accomplishedby �rst mappingverticesto grid cells(asbefore)andwriting partialper-clusterquadricinfor-

mationin the form of planeequationsto disk. This stepis followed by a fastexternalsort (Section2.2.1)

on grid cell ID of thequadricinformation,afterwhich thesorted�le is traversedsequentiallyandquadric

matricesareaccumulatedandconvertedto optimalvertex coordinates.Finally, threesequentialscan-and-

replacesteps,eachinvolving anexternalsort,areperformedon thelist of outputtriangles,in which cluster

IDs arereplacedwith indicesinto thelist of vertices.

Becauseof the useof spatialpartitioningand quadricerrors,no explicit connectivity information is



(a) Uniform spatialclustering (b) Adaptive spatialclustering

Figure4: Vertex setpartitionsandsimpli�cations basedon (a) uniform and(b) adaptive spatialclustering.
Noticethelongplanarcutsmadeby thetop-level BSPplanesin (b).

neededin [61,62]. In spiteof this, theendresultis identicalto whatGarlandandHeckbert's edgecollapse

algorithm[44] would produceif thesamevertex setpartitioningwereused.On thedownside,however, is

that topologicalfeaturessuchassurfaceboundariesandnonmanifoldedges,aswell asgeometricfeatures

suchassharpedgesarenot accountedfor. To addressthis, LindstromandSilva [62] suggestedcomputing

tangentialerrorsin additionto errorsnormal to the surface. Thesetangentialerrorscancelout for man-

ifold edgesin �at areas,but penalizedeviation from sharpedgesandboundaries.As a result,boundary,

nonmanifold,andsharpedgescanbeaccountedfor withoutrequiringexplicit connectivity information.An-

otherpotentialdrawbackof connectivity oblivioussimpli�cation—andmostnon-iterative vertex clustering

algorithmsin general—isthat the topologyof the surfaceis not necessarilypreserved, andnonmanifold

simplicesmayevenbe introduced.On theotherhand,for very large andcomplex surfaces,modesttopol-

ogysimpli�cation maybedesirableor evennecessaryto remove noiseandunimportantfeaturesthatwould

otherwiseconsumeprecioustriangles.

4.1.2 AdaptiveSpatial Clustering

Thegeneralspatialclusteringalgorithmdiscussedabovedoesnot requirearectilinearpartitioningof space.

In fact, the 3D space-partitioningmeshdoesnot even have to be conforming(i.e., without cracksor T-

junctions),nor do thecells themselveshave to beconvex or evenconnected(althoughthatmaybeprefer-

able). Becausetheamountof detailoftenvariesover a surface,it maybedesirableto adaptthegrid cells

to thesurfaceshape,suchthatmany smallcellsareusedto partitiondetailedregionsof thesurface,while

relatively largercellscanbeusedto clusterverticesin �at regions.

Theadvantageof producinganadaptivepartition was�rst demonstratedby Shaffer andGarland[74].

Their methodmakestwo passesinsteadof oneover the input mesh.The �rst passis similar to theOoCS

algorithm[61], but in which a uniform grid is usedto accumulatebothprimal (distance-to-face)anddual

(distance-to-vertex) quadricinformation.Basedonthisquadricinformation,aprincipalcomponentanalysis



(a)Original (b) Edgecollapse[63] (c) Uniform clustering[61]

Figure5: Baseof Happy Buddhamodel,simpli�ed from 1.1 million to 16 thousandtriangles.Notice the
jaggededgesandnotchesin (c) causedby aliasingfrom usingacoarseuniformgrid. Mostof theseartifacts
aredueto thegeometryandconnectivity “�ltering” beingdecoupled,andcanberemediedby �ipping edges.

(PCA) is performedthatintroducessplit planesthatbetterpartitionthevertex clustersthantheuniformgrid.

Thesesplit planes,which areorganizedhierarchicallyin a binary spacepartitioning(BSP)tree,arethen

usedto clusterverticesin asecondpassover theinputdata(seeFigure4). In additionto superiorqualitative

resultsover [61], Shaffer andGarlandreporta 20%averagereductionin error. Theseimprovementscome

at theexpenseof highermemoryrequirementsandslower simpli�cation speed.

In additionto storingtheBSP-tree,apriority queue,andbothprimalanddualquadrics,Shaffer andGar-

land'smethodalsorequiresadenseruniformgrid (than[61]) in orderto capturedetailedenoughinformation

to constructgoodsplit planes.Thismemoryoverheadcanlargelybeavoidedby re�ning thegrid adaptively

via multiplepassesover theinput,assuggestedby Feietal. [41]. They proposeuniformclusteringasa �rst

step,afterwhich theresultingquadricmatricesareanalyzedto determinethelocationsof sharpcreasesand

othersurfacedetails. This stepis similar to the PCA stepin [74]. In eachcell wherehigherresolutionis

needed,anadditionalsplit planeis inserted,andanotherpassover theinput is made(processingonly trian-

glesin re�ned cells).Finally, anedgecollapsepassis madeto furthercoarsensmoothregionsby makinguse

of thealreadycomputedquadricmatrices.A similar two-phasehybridclusteringandedgecollapsemethod

hasrecentlybeenproposedby GarlandandShaffer [45], whocoupleaninitial spatialclusteringphasewith

a �nal in-coreedgecollapsephase.They show that,by passingper-vertex quadricmatricesbetweenthetwo

phasesratherthanrecomputingthemfrom thepartiallysimpli�ed mesh,themeshquality is improved.This

approachallows tradingoff simpli�cation speedandquality by varying theswitch-over point betweenthe

two phases,with therequirementthatthe�rst out-of-corephasehasto coarsenthemeshsuf�ciently sothat

it canbesimpli�ed in-corein thesecondphase.

Theuniform grid partitioningschemeis somewhatsensitive to translationandrotationof thegrid, and

for coarsegridsaliasingartifactsarecommon(seeFigure5). Inspiredby work in imageanddigital signal

processing,Fei et al. [42] proposeusingtwo interleaved grids,offset by half a grid cell in eachdirection,

to combatsuchaliasing. They point out that detailedsurfaceregionsarerelatively moresensitive to grid

translation,andby clusteringtheinputon bothgridsandmeasuringthelocalsimilarity of thetwo resulting

meshes(againusingquadricerrors)they estimatetheamountof detail in eachcell. Wherethereis a large



(a) Coarsespatialpartitions (b) Re�ned error-drivenpartitions (c) Simpli�ed mesh

Figure6: Vertex setpartitionsandsimpli�cation basedon (a) initial spatialand(b) ensuingerror-driven
partitioning.Thesurfacepatchesin (a)aresmallenoughto besimpli�ed in coreoneby one.

amountof detail,simpli�ed partsfrom bothmeshesaremergedin a retriangulationstep.Contraryto [41,

45,74], thissemi-adaptive techniquerequiresonly asinglepassover theinput.

4.2 SurfaceSegmentation

Spatialclusteringfundamentallyworksby �nely partitioningthespacethatthesurfacelies in. Themethod

of surfacesegmentation, ontheotherhand,partitionsthesurfaceitself into piecessmallenoughthatthey can

befurtherprocessedindependentlyin core.Eachsurfacepatchcanthusbesimpli�ed in coreto agivenlevel

of errorusinga high quality simpli�cation technique,suchasedgecollapse,andthecoarsenedpatchesare

then“stitched”backtogether. Fromavertex setpartitionstandpoint,surfacesegmentationprovidesacoarse

division of the verticesinto smallersets,which are thenfurther re�ned in coreandultimately collapsed

(Figure6). As in spatialclustering,surfacesegmentationcanbeuniform, e.g.,by partitioningthesurface

over a uniform grid, or adaptive, e.g.,by cutting the surfacealongfeaturelines. We begin by discussing

uniformsegmentationtechniques.

4.2.1 Uniform SurfaceSegmentation

Hoppe[52] describedoneof the �rst out-of-coresimpli�cation techniquesbasedon surfacesegmentation

for thespecialcaseof height�elds. His methodperformsa2D spatialdivisionof a regularlygriddedterrain

into severalrectangularblocks,which aresimpli�ed in coreoneat a time usingedgecollapseuntil a given

errortoleranceis exceeded.By disallowing any modi�cationsto blockboundaries,adjacentblockscanthen

bequicklystitchedtogetherin ahierarchicalfashionto form largerblocks,whicharethenconsideredfor fur-

thersimpli�cation. This allows seamsbetweensiblingblocksto becoarsenedhigherup in in thehierarchy,

andby increasingtheerrortoleranceonsubsequentlevelsaprogressively coarserapproximationis obtained
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Figure7: Height�eld simpli�cation basedonhierarchical,uniformsurfacesegmentationandedgecollapse
(�gure courtesyof HuguesHoppe).

(seeFigure7). Hoppe's methodwaslater extendedto generaltrianglemeshesby Prince[69], who uses

a 3D uniform grid to partition spaceandsegmentthesurface. Both of thesemethodshave the advantage

of producingnot a single staticapproximationbut a multiresolutionrepresentationof the mesh—apro-

gressivemesh[50]—which supportsadaptive re�nement,e.g.,for view-dependentrendering.While being

signi�cantly slower (by abouttwo ordersof magnitude)andrequiringmore(althoughpossiblycontrollable)

memorythanmostspatialclusteringtechniques,the improvementin quality affordedby error-driven edge

collapsecanbesubstantial.

Bernardinietal. [11] developedastrategy similar to [52,69]. Ratherthanconstructingamultiresolution

hierarchy, however, asinglelevel of detailis produced.Seamsbetweenpatchesarecoarsenedby shiftingthe

single-resolutiongrid (somewhatakin to theapproachin [42]) afterall patchesin thecurrentgrid havebeen

simpli�ed. In betweenthe �ne granularityprovided by a progressive mesh[69] andthe single-resolution

meshescreatedin [11], Eriksonet al. [38] proposedusinga static,discretelevel of detail for eachnodein

thespatialhierarchy. As in [11,52,69], a rectilineargrid is usedfor segmentationin Erikson's method.

Oneof the downsidesof the surfacesegmentationtechniquesdescribedabove is the requirementthat

patchboundariesbe left intact, which necessitatesadditionalpassesto coarsenthe patchseams.This re-

quirementcanbeavoidedusingtheOEMMmeshdatastructureproposedby Cignonietal. [23]. As in [69],

an octreesubdivision of spaceis made. However, whenprocessingthe surfacepatchfor a nodein this

tree,adjacentnodesareloadedaswell, allowing edgesto becollapsedacrossnodeboundaries.Someextra

bookkeepingis doneto determinewhichverticesareavailablefor considerationof anedgecollapse,aswell

aswhich verticescanbe modi�ed or removed. This generaldatastructuresupportsnot only out-of-core

simpli�cation but alsoediting,visualization,andothertypesof processing.Otherimprovementsover [69]

includetheability to adapttheoctreehierarchy, suchthat child nodesarecollapsedonly whentheparent

cell containsasuf�ciently smallnumberof triangles.



Figure8: Submeshfor a setof spanningedges(shown asthick lines)usedin El-SanaandChiang's simpli-
�cation method.

4.2.2 AdaptiveSurfaceSegmentation

Someof thesurfacesegmentationmethodsdiscussedsofaralreadysupportadaptingthevertex setpartition

to the shapeof the surface(recall that this partitioning is the goal of trianglemeshsimpli�cation). For

example,simpli�cation within a patchis generallyadaptive, andin [23] the octreespacepartition adapts

to the local complexity of thesurface. Still, usingthemethodsabove, thesurfaceis alwayssegmentedby

a small setof prede�nedcut planes,typically de�ned by an axis-alignedrectilineargrid. In contrast,the

out-of-corealgorithmdescribedby El-SanaandChiang[34] segmentsthesurfacesolelybasedon its shape.

Their techniqueis a true out-of-coreimplementationof the generalerror-driven edgecollapsealgorithm.

Like in othermethodsbasedon surfacesegmentation,edgecollapsesaredonein batchesby coarsening

patches,calledsub-meshes, up to a speci�ed error tolerance,while makingsurepatchboundariesareleft

intact.In contrastto previousmethods,however, thepatchboundariesarenotde�nedviaspatialpartitioning,

but by a setof edgeswhosecollapsecostsexceeda given error threshold.Thuspatchboundariesarenot

arti�cially constrainedfrom beingcoarsened,but ratherdelineateimportantfeaturesin themeshthatareto

bepreserved.Ratherthan�nding suchboundariesexplicitly, El-SanaandChiangsortall edgesby errorand

loadasmany of thelowest-costedges,calledspanningedges, andtheir incidenttrianglesascan�t in main

memory. The highest-costspanningedgethensetsthe error thresholdfor the currentiterationof in-core

simpli�cation. In thisprocess,patchesof trianglesaroundspanningedgesareloadedandmergedwhenever

possible,creatingsub-meshesthatcanbesimpli�ed independentlyby collapsingall edgeswhoseerrorsare

below thethreshold.Whenthesub-mesheshavebeensimpli�ed, theiredgesarere-insertedinto thepriority

queue,andanotheriterationof sub-meshconstructionandsimpli�cation is performed.As in [69], the�nal

outputof thealgorithmis amultiresolutionmesh.

While El-SanaandChianguseedgelengthastheir errormetric, their methodcanbeadaptedto work

with othermetrics,with onecaveat. Note that interior spanningedgesconnectedto a sub-meshboundary

maybecollapsedonly if theboundarygeometryis notaffected,i.e.,by forcingthereplacementvertex to lie

ontheboundary. For errormetricsthatdependonthepositionof thecollapsed-tovertex, suchasthequadric



error metric [44], enforcingboundaryconstraintsgenerallyimplies elevatededgecostsandconsequently

out-of-orderedgecollapses(asin theprevioussurfacesegmentationmethods).Of course,disallowing such

edgecollapsesaltogetheralsoleadsto an incorrectcollapseorder, andmay in additionconsiderablylimit

the setof possiblecoarseningoperations,particularlywhenthe sub-meshesaresmall andscattered,asis

oftenthecasewhentheinputmeshis muchlargerthanavailablememory.

To supportincidencequeriesandanon-diskpriority queue,El-SanaandChiangmake useof ef�cient

searchdatastructuressuchasB-trees(seealsoSection2). Their methodis surprisinglyfastandworks

well whensuf�cient memoryis availableto constructlargesub-meshesandkeepI/O traf�c to a minimum,

andwhenenoughdisk spaceexistsfor storingconnectivity informationandanedgecollapsequeuefor the

entireinput mesh.Unfortunatelytheir publishedresultsdo not includeexamplesof simplifying very large

surfaces(thelargestexampleis justoveronemillion triangles,simpli�ed onacomputerwith 32MB of free

RAM), andmorestudiesarenecessaryto determinehow thesuperlinearrunningtimeof themethodaffects

its scalability.

Iterative simpli�cation of extremelylarge meshescanbe a time consumingtask,especiallywhenthe

desiredapproximationis very coarse. This is becausethe numberof coarseningoperationsrequiredis

roughlyproportionalto thesizeof theinput. In suchsituations,it maybepreferableto performtheinverseof

simpli�cation, re�nement, by startingfrom acoarserepresentationandaddingonly amodestamountdetail,

in which casethenumberof re�nementoperationsis determinedby thesizeof theoutput. Choudhuryand

Watson[21] describeanout-of-coreversionof theRSimpre�nementmethod[12] that they call VMRSimp

(for Virtual MemoryRSimp). Ratherthanusingsophisticatedout-of-coredatastructures,VMRSimp relies

onthevirtual memorymechanismof theoperatingsystemto handledatapaging.As in theoriginalmethod,

VMRSimp worksby incrementallyre�ning a partitionof thesetof input triangles.Thesetrianglesetsare

connectedandconstitutean adaptive segmentationof the surface. The choiceof which trianglepatchto

re�ne is basedontheamountof normalvariationwithin it (essentiallyameasureof curvaturede�nedovera

region of thesurface).VMRSimp improvesuponRSimpby storingtheverticesandtrianglesin eachpatch

contiguouslyin virtual memory. Whena patchis split in two, its constituentprimitivesarereorganizedto

preserve this locality. As patchesarere�ned andbecomesmaller, the locality of referenceis effectively

increased,which makesthevirtual memoryapproachviable. Finally, whenthedesiredlevel of complexity

is reached,a representative vertex is computedfor eachpatchby minimizingaquadricerrorfunction.Even

thoughthe simpli�cation happensin “reverse,” this method,like all othersdiscussedhere,is yet another

instanceof vertex setpartitioningandcollapse.

4.3 Summary of Simpli�cation Techniques

In this sectionwe have seena variety of different out-of-coresurfacesimpli�cation techniques,and we

discussedhow thesemethodspartitionandlatercollapsethesetof meshvertices.All of thesemethodshave

shown to be effective for simplifying surfacesthat aretoo large to �t in main memory. The methodsdo

have their own strengthsandweaknesses,however, andwe would like to concludewith somesuggestions



category method
peakmem.usage (MB) peakdiskusage (GB) speed
theoretical example theoretical example (Ktri/s)

spatialclustering

[61] 144Vout 257 0 0 100–250a

[41] ' 200Vout ' 356 0 0 65–150
[74] � 464Vout � 827 0 0 45–90
[62] O(1) 8 120–370Vin 21–64 30–70

surfacesegmentation

[23] O(1) 80 ' 68Vin 12 6–13b

[34] O(1) 128 W(Vin) ? 5–7
[21] O(1)c 1024 � 86Vin � 15 4–5
[69] O(1) 512 W(Vin) ? 0.8–1

aSpeedof author's currentimplementationon an800MHz PentiumIII.
bWhentheone-timeOEMM constructionstepis includedin thesimpli�cation time, theeffective speeddropsto 4–6Ktri/s.
cThis methodis basedon virtual memory. Thusall availablememoryis generallyusedduringsimpli�cation.

Table 1: Simpli�cation resultsfor variousmethods. Theseresultswereobtainedor estimatedfrom the
originalpublications,andareonly approximate.Whenestimatingmemoryusage,hereexpressedin number
of input (Vin) andoutput(Vout) vertices,weassumethatthemesheshave twiceasmany trianglesasvertices.
The resultsin the “example” columnscorrespondto simplifying theSt. Matthew dataset[60], consisting
of 186,810,938vertices,to 1% of its original size. For methodswith constant(O(1)) memoryusage,we
list the memorycon�guation from the original publication. The disk usagecorrespondsto the amount
of temporary spaceused,anddoesnot includethe spaceneededfor the input andoutputmesh. For the
clusteringtechniques,thespeedis measuredasthesizeof the input over thesimpli�cation time. Because
thesurfacesegmentationmethodswork incrementally, thesizeof theoutputgreatlyaffectsthespeed.Thus,
for thesemethodsthespeedis measuredin termsof thechangein trianglecount.

for whento acertaintechniquemaybepreferableover another.

Whereasspatialclusteringisgenerallythefastestmethodfor simpli�cation, it oftenproduceslowerqual-

ity approximationsthanthemethodsbasedon surfacesegmentation.This is becausesurfacesegmentation

allows partitioningthe vertex setbaseddirectly on error (exceptpossiblyalongseams)usingan iterative

selectionof �ne-grained coarseningoperations.Spatialclustering,on the otherhand,typically groupsa

large numberof vertices,basedon little or no error information,in a singleatomicoperation.The incre-

mentalnatureof surfacesegmentationalsoallows constructingamultiresolutionrepresentationof themesh

that supports�ne-grainedadaptive re�nement,which is importantfor view-dependentrendering.Indeed,

severalof thesurfacesegmentationmethodsdiscussedabove, including[23,34,38,52,69], weredesigned

explicitly for view-dependentrendering.Finally, becausesurfacesegmentationmethodsgenerallymaintain

connectivity, they supporttopology-preserving simpli�cation.

Basedon the observationsabove, it may seemthat surfacesegmentationis alwaysto be favoredover

spatialclustering.However, thepriceto payfor higherqualityand�e xibility is longersimpli�cation times,

often higherresourcerequirements,andlessstraightforward implementations.To get a betterideaof the

resourceusage(RAM, disk, CPU) for the variousmethods,we have compileda table(Table1) basedon

numericaldatafrom theauthors'own publishedresults.Note that thepurposeof this tableis not to allow

accuratequantitative comparisonsbetweenthemethods;clearly factorssuchasquality of implementation,



hardwarecharacteristics,amountof resourcecontention,assumptionsmade,datasetsused,and,mostim-

portant,whatpreciselyis beingmeasuredhavealargeimpactontheresults.However, with this in mind,the

tablegivesat leasta roughideaof how themethodscompare.For example,Table1 indicatesthat thespa-

tial clusteringmethodsareon averageoneto two ordersof magnitudefasterthanthesurfacesegmentation

methods.Usingthe372-million-triangleSt.Matthew modelfrom theDigital MichelangeloProject[60] as

a runningexample,thetablesuggestsa differencebetweena simpli�cation time of half anhourusing[61]

andabouta weekusing[69]. For semi-interactive tasksthat requireperiodicuserfeedback,suchaslarge-

isosurfacevisualizationwhereon-demandsurfaceextractionandsimpli�cation areneeded,a week's worth

of simpli�cation time clearlyis notpractical.

In termsof resourceusage,mostsurfacesegmentationmethodsmakeuseof asmuchRAM aspossible,

while requiringa large amountof disk spacefor storingthe partially simpli�ed mesh,possiblyincluding

full connectivity informationandapriority queue.For example,all surfacesegmentationmethodsdiscussed

above have input-sensitive disk requirements.Finally, certaintypesof datasets,suchasisosurfacesfrom

scienti�c simulations[66] andmedicaldata[2], canhaveaverycomplicatedtopologicalstructure,resulting

eitherfrom noiseor intrinsic �ne-scalefeaturesin thedata.In suchcases,simpli�cation of thetopologyis

not only desirablebut is necessaryin orderto reducethecomplexity of thedatasetto anacceptablelevel.

By their very nature,spatialclusteringbasedmethodsareideally suitedfor removing suchsmall features

andjoining spatiallyclosepiecesof asurface.

To conclude,we suggestusingspatialclusteringfor very large surfaceswhentime andspaceareat a

premium.If quality is theprimeconcern,surfacesegmentationmethodsperformfavorably, andshouldbe

chosenif thegoalis to produceamultiresolutionor topology-equivalentmesh.For thebestof bothworlds,

we envision thathybrid techniques,suchas[41,45], thatcombinefastspatialclusteringwith high-quality

iterative simpli�cation, will playanincreasinglyimportantrole for practicalout-of-coresimpli�cation.

5 INTERA CTIVE RENDERING

Theadvancesin thetoolsfor 3D modeling,simulation,andshapeacquisitionhave led to thegenerationof

very large 3D models. Renderingthesemodelsat interactive framerateshasapplicationsin many areas,

includingentertainment,computer-aideddesign(CAD), training,simulation,andurbanplanning.

In this section,we review the out-of-coretechniquesto renderlarge modelsat interactive framerates

usingmachineswith smallmemory. Thebasicideais to keepthemodelon disk, loadon demandtheparts

of themodelthattheusersees,andisplayeachvisiblepartata level of detailproportionalto its contribution

to the imagebeingrendered.The following subsectionsdescribethe algorithmsto ef�ciently implement

this idea.



5.1 General Issues

Building an Out-Of-Core Representationfor a Model At preprocessingtime,anout-of-corerendering

systembuilds a representationfor the model on disk. The most commonrepresentationsare bounding

volumehierarchies(suchasboundingspheres[72]) andspacepartitioninghierarchies(suchask-D trees[43,

80], BSPtrees[85], andoctrees[4,23,28,82,83]).

Someapproachesassumethatthispreprocessingstepis performedonamachinewith enoughmemoryto

hold theentiremodel[43,83]. Othersmakesurethatthepreprocessingstepcanbeperformedonamachine

with smallmemory[23,28,85].

PrecomputingVisibility Inf ormation Oneof thekey computationsat runtimeis determiningthevisible

set— thepartsof themodeltheusersees.Somesystemsprecomputefrom-region visibility, i.e., they split

the model into cells, and for eachcell they precomputewhat the userwould seefrom any point within

the cell [4, 43,80]. This approachallows the systemto reusethe samevisible set for several viewpoints,

but it requireslong preprocessingtimes,andmay causeburstsof disk activity whenthe usercrossescell

boundaries.

Othersystemsusefrom-pointvisibility, i.e.,they determineon-the-�y whattheuserseesfromthecurrent

viewpoint [28,83,85]. Typically, theonly preprocessingrequiredby this approachis theconstructionof a

hierarchicalspatialdecompositionfor themodel. Althoughthis approachneedsto computethevisible set

for every frame, it requiresvery little preprocessingtime, andreducesthe risk of burstsof disk activity,

becausethechangesin visibility from viewpoint to viewpoint tendto bemuchsmallerthanthechangesin

visibility from cell to cell.

View-Frustum Culling Sincetheusertypically hasa limited �eld of view, a very simpletechnique,that

perhapsall renderingsystemsuse,is to cull away thepartsof themodeloutsidetheuser's view frustum.If

a hierarchicalspatialdecompositionor a hierarchyof boundingvolumesis available,view-frustumculling

canbeoptimizedby recursively traversingthehierarchyfrom therootdown to theleaves,andculling away

entiresubtreesthatareoutsidetheuser's view frustum[24].

Occlusion Culling Anothertechniqueto minimize the geometrythat needsto be loadedfrom disk and

sentto thegraphicshardwareis to cull away geometrythat is occludedby othergeometry. This is a hard

problemto solve exactly [56,80,85], but fastandaccurateapproximationsexist [35,55].

Level-of-Detail Management(or Contribution Culling) Theamountof geometrythat�ts in mainmem-

ory typicallyexceedstheinteractiverenderingcapabilityof thegraphicshardware.Oneapproachtoalleviate

this problemis to reducethecomplexity of thegeometrysentto thegraphicshardware. Theideais to dis-

play a certainpartof themodelusinga level of detail (LOD) that is proportionalto thepart's contribution

to theimagebeingrendered.Thus,LOD managementis sometimesreferredto ascontribution culling.



Several level of detail approacheshave beenusedin thevariouswalkthroughsystems.Somesystems

useseveral staticlevelsof detail,usually3-10,which areconstructedoff-line usingvarioussimpli�cation

techniques[25,36,44,70,81]. Thenat real-time,anappropriatelevel of detail is selectedbasedon various

criteriasuchasdistancefrom theuser's viewpoint andscreenspaceprojection.Othersystemsusea multi-

resolutionhierarchy, whichencodesall thelevelsof detail,andis constructedoff-line [31,37,50,51,64,89].

Thenat real-time,themeshadaptsto theappropriatelevel of detail in a continuous,coherentmanner.

Overlapping Concurrent Tasks Anothertechniqueto improve the frameratesat runtimeis to perform

independentoperationsin parallel. Many systemsusemulti-processormachinesto overlapvisibility com-

putation,rendering,anddisk operations[4,43,46,83,88]. Corr̂eaet al. [28] show thattheseoperationscan

alsobeperformedin parallelon single-processormachinesby usingmultiple threads.

Geometry Caching Theviewing parameterstendto changesmoothlyfrom frameto frame,speciallyin

walkthroughapplications.Thus,the changesin the visible set from frameto frametendto be small. To

exploit this coherence,most systemskeepin main memorya geometrycache,and updatethe cacheas

theviewing parameterschange[4,28,43,83,85]. Typically thesesystemsusea leastrecentlyused(LRU)

replacementpolicy, keepingin memorythepartsof themodelmostrecentlyseen.

Speculative Prefetching Althoughchangesin thevisible setfrom frameto frametendto besmall, they

are occasionallylarge, becauseeven small changesin the viewing parameterscan causelarge visibility

changes.Thus,althoughmostframesrequireto performfew or no disk operations,a commonbehavior of

out-of-corerenderingsystemsis thatsomeframesrequireto performmorediskoperationsthatcanbedone

during the time to rendera frame. The techniqueto alleviate theseburstsof disk activity is to predict(or

speculate)whatpartsof the modelarelikely to becomevisible in the next few framesandprefetchthem

from diskaheadof time. Prefetchingamortizesthecostof theburstsof diskoperationsover theframesthat

requirefew or no disk operations,andproducesmuchsmootherframerates[4, 28,43,83]. Traditionally,

prefetchingstrategieshave reliedon from-region visibility algorithms.Recently, Corr̂eaet al. [28] showed

thatprefetchingcanbebasedon from-pointvisibility algorithms.

ReplacingGeometrywith Imagery Image-basedrenderingtechniquessuchastexture-mappedimpostors

canbeusedto acceleratetherenderingprocess[5,30,65,76]. Thesetexture-mappedimpostorsaregenerated

eitherin a preprocessingstepor at runtime(but notevery frame).Thesetechniquesaresuitablefor outdoor

models.Textureddepthmeshes[4,30,76] canalsobeusedto replacefar geometry. Textureddepthmeshes

arean improvementover texture-mappedimpostors,becausetextured depthmeshesprovide perspective

correction.



5.2 DetailedDiscussions

Funkhouser[43] hasdevelopedaninteractivedisplaysystemthatallowsinteractivewalkthroughlargebuild-

ings. In an off-line stagea displaydatabaseis constructedfor thegiven architecturalmodel. Thedisplay

databasestoresthebuilding modelasa setof objectswhich arerepresentedat multiple level of detail. It

is includea spacepartition constructedby subdividing the spaceinto cells along the major axis-aligned

polygonsof thebuilding model. Thedisplaydatabasealsostoresvisibility informationfor eachcell. The

precomputedvisibility determinesthesetof cells (cell-to-cellvisibility) andobjects(cell-to-object)which

arevisible form any cell. Thevisibility computationis basedon thealgorithmof TellerandSequin[80].

In realtimethesystemreliesontheprecomputeddisplaydatabaseto allow interactivewalkthroughlarge

building models.For eachchangein theviewpoint or view directionsystemperformsthefollowing steps.

� It computesthesetof potentiallyvisible objectsto render. Suchsetis alwaysa propersubsetof the

cell-to-objectset.

� For eachpotentiallyvisible objectit selectstheappropriatelevel-detailrepresentationfor rendering.

The screenspaceprojectionis usedto selectthe LOD range,andthenan optimizationalgorithmis

usedto reducetheLOD rangeto maintainboundedframerates.

� Thepotentiallyvisibleobjects,eachin its appropriatelevel of detail,aresentto thegraphicshardware

for rendering.

To supportthe above renderingschemefor large building models,the systemmanagesthe display

databasein an out-of-coremanner. The systemusespredictionto estimatetheobserver viewpoint to pre-

fetch objectswhich are likely to becomevisible in the upcomingfuture. The systemusesthe observer

viewpoint, movement,androtation to determinethe observer rangthat includesthe observer viewpoints

possiblein thenext n frames.Theobserver rangeis weightedbasedon thedirectionof travel andthesolid

behavior of thewalls.

Thecell-to-cell andcell-to-objectareusedto predicta supersetof theobjectspotentiallyvisible from

theobserver range.For eachframethey computerthesetof rangecells that includetheobserver rangeby

performingshortestpathsearchof thecell adjacency graph.Thenthey addtheobjectsin thecell-to-object

visibly of eachnewly discoveredcell to thelookaheadset. After addinganobjectto the lookaheadsetthe

systemclaimsall its LODs. Therenderingprocessselecttheappropriatestaticlevel of detailfor eachobject

basedonprecomputedinformationandtheobserver position.

Aliaga et al. [4] have presenteda system,which renderslarge complex modelat interactive rates.As

preprocessing,the input modelsspaceis portionedinto virtual cells thatdo not needto coincidewith wall

or otherlargeoccluders.A cull box is placedaroundeachvirtual cell. Thecull boxpartitionsthespaceinto

near(insidethebox) andfar (outsidethebox) geometry. Insteadof renderingthefar geometry, thesystem

generatestextureddepthmeshfor the insidefacesof thecell. Thentheoutsideof thebox asviewedfrom

the cell center-point. For the neargeometry, they computefour level of detail for eachobject,andselect



potentialoccludersin thepreprocessstage.At run time, they cull to theview frustum,cull backfacing,and

selecttheappropriatelevel of detailfor thepotentiallyvisibleobjects.To balancethequalityof thenearand

fargeometrythey haveusedapairof errormetricsfor eachcell-acull boxsizeandtheLOD errorthreshold.

Thesystemstoresthemodelin a scenegraphhierarchy. They usethemodel's groupingastheupperlayer,

andbelow that they maintainanoctree-like boundingvolumes.They storethegeometryin the leaf nodes

in a trianglestrips form. Sincelarge fraction of the modeldatabaseis storedin an externalmedia. The

prefetchperformedbasedon thepotentiallyvisible neargeometryfor eachcell, which is computedin the

preprocessing.At run time, thesystemmaintainsa list of cell theusermayvisit. Thepredictionalgorithm

takesinto accounttheuser's motionspeed,velocity, andview direction.

Correaetal. [28] have developedtheiWalk, whichallows usersto walkthroughlargemodelsat interac-

tive ratesusingtypical PC.iWalk haspresenteda completeout-of-coreprocessthat includeanout-of-core

preprocessingandout-of-corereal-timemulti-threadedrenderingapproach.Theout-of-corepreprocessing

algorithmcreatesa disk hierarchyrepresentationof the input model. Thealgorithm�rst breaksthemodel

into sectionsthat �t in mainmemory, andthenincrementallybuilds theoctreeon disk. Thepreprocessing

algorithmalsogenerateshierarchicalstructure�le that includeinformationconcernthespatialrelationship

of thenodesin thehierarchy. Hierarchicalstructureis a small footprint of themodelsandfor that reason

they have assumedthat it �ts in local memory. At run time thealgorithmutilizes thecreatedhierarchyin

anout-of-coremannerfor multi-threadedrendering.It usesPLP[55] to determinethesetof nodeswhich

arevisible form user's viewpoint. For eachnewly discoverednodethesystemsendsa fetchrequest,which

is processedby thefetchthreadby loadingthenodefrom thedisk into a memorycache.They systemused

leastrecentlyusedpolicy for nodereplacement.To minimizetheI/O overhead,a look-aheadthreadis used

to utilizes theusermotion to predictthe futureuser's viewpoint, usethePLP [55] to determinethesetof

potentiallyvisiblenodes,andsendfetchrequestfor thesenodes.

VaradhanandManocha[83] havedevelopedanalgorithmto renderlargegeometricmodelsatinteractive

rates.Their algorithmorganizesthemodelin theform of scenegraphwith precomputedhierarchicallevels

of detail. At run time, the algorithm traversesthe scenegraphstartingat the root nodein eachframe.

For eachvisited node,it performsculling teststo determinewhetherit needsto recursively traversethe

descendantnodesor not. Theseculling testsincludeview frustumculling andsimpli�cation culling. Upon

completionof thetraversal,thealgorithmcomputesa list of objectrepresentationsthatneedto berendered

for thecurrentframe. They refer to the list of objectrepresentationsasthe front. As theuserchangesthe

view positionandview direction,theobjectrepresentationsin the front maychange.Thesecorrespondto

level-of-detailswitchingeventsandvisibility events.

The traversalof the scenegraphin an out-of-coremanneris achieved by maintaininga scenegraph

skeletonthatincludesthenodes,connectivity information,boundingboxes,anderrormetrics.Theresulting

skeletonsizeis typically asmallfractionof thescenegraphsize.At runtime,they usetwo processes,onefor

renderingandtheothermanagesthedisk I/O. Thesetwo processesoperatein parallel.Duringtherendering

of oneframe,theI/O processgoesinto threestages- continueprefetchingfor thepreviousframe,fetching,

andprefetchingfor thecurrentframe.Thegoalof theprefetchingis to increasethehit rateduringthefetch



stage.Theprefetchingtakesinto accountlevel-of-detailswitchingeventsandvisibility events. In orderto

scaleto large front sizes,they assignpriorities to objectrepresentationsandperformprefetchingbasedon

priorities.They useavariantof leastrecentlyusedpolicy in orderto removeobjectrepresentationsfrom the

cache.

6 GLOBAL ILLUMIN ATION

Teller et al. [79] describea systemfor computingradiositysolutionsof large environments.Their system

is basedon partitioningthedatasetinto smallpieces,andorderingtheradiositycomputationin sucha way

asto minimizetheamountof datathatneedsto bein memoryat any givensize. They exploit thefact that

whencomputingradiositycomputationfor a givenpatchonly requiresinformationaboutotherpartsof the

modelthatcanbeseenfrom thatpatch,whichoftenis only asmallsubsetof thewholedataset.

Pharret al. [68] describetechniquesfor ray tracingvery complex scenes.Their work is basedon the

cachingandreorderingcomputations.Their approachusesthreedifferenttypesof caches:ray, geometry,

andtexturecaches.In orderto optimizetheuseof thecache,they developeda specializedschedulerthat

reordersthewaytherenderingcomputationsareperformedin ordertominimizeI/O operationsby exploiting

computationaldecomposition,raygrouping,andvoxel scheduling.

Waldetal. [85,86] presenta real-timeray tracingsystemfor very-largemodels.Theirsystemis similar

in somerespectsto Pharretal.,andit is alsobasedonthereorderingof raycomputations(raygrouping)and

voxel caching. By exploiting parallelismboth at the microprocessorlevel (with MMX/SSE instructions)

andat themachinelevel (PCclusters),Wald et al. areableto computehigh-qualityrenderingsof complex

scenesin realtime (althoughtheimagesarerelatively low resolution).
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