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Abstract

Recently several externalmemorytechniqueshave beendevelopedfor a wide variety of graphics
andvisualizationproblems,including surfacesimpli cation, volumerendering,isosurficegeneration,
ray tracing, surfacereconstructionand so on. This work hashad signi cant impactgiventhatin re-
centyearstherehasbeena rapidincreasen theraw size of datasets Severaltechnologicatrendsare
contributing to this, suchasthe developmentof high-resolutionr3D scannersandthe needto visualize
ASCI-size(Acceleratedstratgyic Computinglnitiative) datasetsAnotherimportantpushfor thiskind of
technologyis thegrowing speedyapbetweermainmemoryandcacheswhich penalizeslgorithmsthat
do notoptimizefor coherencef accessBecausef thesereasonsmuchresearchn computergraphics
focusesn developingout-of-core(andoftencache-friendlytechniques.

This papersuneys fundamentalissues,currentproblems,and unresoled questions,and aims to
provide graphicsresearcherand professionalavith an effective knowledgeof currenttechniquesas
well asthefoundationto developnovel technique®n their own.

Keywords: Out-of-corealgorithmsscienti ¢ visualizationcomputergraphicsjnteractve renderingyol-
umerenderingsurfacesimpli cation.

1 INTRODUCTION

Input/Output(l/O) communicatiorbetweenfastinternalmemoryand slover external memoryis a major
bottleneckin mary large-scaleapplications.Algorithms speci cally designedo reducethe I/0O bottleneck
arecalledexternal-memongalgorithms.

This paperfocuseondescribingechniquegor handlingdatasetsargerthanmainmemoryin scienti ¢
visualizationandcomputegraphics.Recently severalexternalmemorytechniquesiave beendevelopedfor
awide variety of graphicsandvisualizationproblems,ncluding surfacesimpli cation, volumerendering,
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isosurfcegenerationray tracing,surfacereconstructionandso on. This work hashadsigni cant impact
giventhatin recentyearstherehasbeenarapidincreasdn theraw sizeof datasetsSeveraltechnological
trendsare contrituting to this, suchasthe developmentof high-resolution3D scannersandthe needto
visualizeASCI-size(Acceleratedstratgyic Computinglnitiative) datasetsAnotherimportantpushfor this
kind of technologyis thegrowving speedyapbetweermainmemoryandcacheswhich penalizeslgorithms
thatdo notoptimizefor coherencef accessBecaus®f thesereasonsmuchresearchn computergraphics
focusesn developingout-of-core(andoften cache-friendly}echniques.

The paperreviews fundamentalssues,currentproblems,and unresoled solutions,and presentsan
in-depthstudy of externalmemoryalgorithmsdevelopedin recentyears. Its goal is to provide graphics
professionalsvith an effective knowledgeof currenttechniquesaswell asthe foundationto develop novel
technique®ntheirown.

The paperstartswith the basicsof externalmemoryalgorithmsin Section2. Then,in the remaining
sectionsijt reviews the currentliteraturein speci ¢ areas.Section3 coverswork in scienti ¢ visualization,
includingisosurcecomputationyolumerendering andstreamlinecomputation.Sectiond coverssurface
simpli cation algorithms. Section5 reviews renderingapproachesor large datasets.Finally, Section6
discussesnethoddor computinghigh-qualityimagesusingglobalillumination techniques.

2 EXTERNAL MEMORY ALGORITHMS

The eld of external-memoryalgorithmsstartedquite early in the computeralgorithmscommunity es-
sentiallyby the paperof Aggaral andVitter [3] in 1988, which proposedhe external-memorycomputa-
tional model(seebelow) thathasbeenextensvely usedtoday (Externalsortingalgorithmsweredeveloped
even earlie—thoughnot explicitly describedcandanalyzedunderthe modelof [3]; seethe classicbhook of
Knuth [57] in 1973.) Early work on external-memoryalgorithms,including Aggarwal and Vitter [3] and
otherfollow-up results,concentratedargely on problemssuchassorting, matrix multiplication,and FFT.
Later, Goodrichetal. [47] developedl/O-ef cient algorithmsfor a collectionof problemsin computational
geometryandChiangetal.[17] gavel/O-ef cient techniquegor awide rangeof computationagjraphprob-
lems. Thesepapersalsoproposedomefundamentaparadigmdor external-memorygeometricandgraph
algorithms.Sincethen,developingexternal-memoryalgorithmshasbeenanintensve focusof researchand
considerableesultshave beenobtainedn computationabeometrygraphproblemstext stringprocessing,
andsoon. Wereferto Vitter [84] for anextensie andexcellentsurey ontheseresults.Also, thevolume[1]
is entirely devotedto external-memonalgorithmsandvisualization.

Here, we review somefundamentalnd generalexternal-memonytechniqueghat have beendemon-
stratedo bevery usefulin scienti ¢ visualizationandcomputergraphics.We begin with the computational
modelof Aggarwal andVitter [3], followed by two majorcomputationaparadigms:

(1) Batchedcomputationsin which no preprocessing doneandthe entiredataitemsmustbe processed.
A commonthemeis to streamthe datathroughmain memoryin one or more passeswhile only



keepinga relatvely small portion of the datarelatedto the currentcomputationn main memoryat
ary time.

(2) On-line computationsin which computations performedor a seriesof queryoperationsA common
techniquas to performapreprocessingtepin advanceto organizethedatainto adatastructurestored
in diskthatis indexedto facilitateef cient searchessothateachquerycanbeperformedoy searching
in the datastructurethat examinesonly a very small portion of the data. Typically an even smaller
portionof thedataneeddo bekeptin mainmemoryatary time duringeachquery Thisisin asimilar
spirit of performingqueriesin database.

We remarkthatthepreprocessingtepmentionedn (2) is actuallyabatcheccomputation Othergeneral
techniquesuchascading and prefetdiing may be combinedwith the abore computationaparadigmdo
obtainfurtherspeed-upge.g.,by reducingthenecessary/O's for blocksalreadyin mainmemoryand/orby
overlappingl/O operationsvith main-memorycomputations)againvia exploiting the particularcomputa-
tional propertiesof eachindividual problemaspartof the algorithmdesign.

In Sec.2.1, we presentthe computationaimodel of [3]. In Sec.2.2, we review threetechniquesn
batchedcomputationghat are fundamentafor out-of-corescienti ¢ visualizationand graphics: external
meige sort[3], out-of-corepointerde-referencingl4,17,18], andthe meta-celtechniqug20]. In Sec.2.3,
wereview someimportantdatastructuregor on-linecomputationspamelythe B-tree[9,26] andB-tree-like
datastructuresandshav ageneramethodof corvertingamain-memorybinary-treestructuranto a B-tree-
like datastructure.ln particular we review the BBIO tree[19,20], whichis anexternal-memoryersionof
themain-memonyintenal tree[33] andis essentiafor isosurceextraction,asa non-trivial example.

2.1 Computational Model

In contrastto random-accessain memory diskshave extremelylong accesgimes. In orderto amortize
this accesdime over a large amountof data,a typical disk readsor writes a large block of contiguousdata
atonce.To modelthe behaior of I/O systemsAggarwal andVitter [3] proposedhefollowing parameters:

N = #ofitemsin theprobleminstance
= #ofitemsthatcan t into mainmemory

B = #ofitemsperdiskblock

whereM < Nandl B M=2.. Eachl/O operationreadsor writes one disk block, i.e., B items of
data.Sincel/O operationsaremuchslower (typically two to threeordersof magnitudeYhanmain-memory
accessesr CPUcomputationsthe measuref performancdor external-memonalgorithmsis the number

1An additionalparameterD, denotingthe numberof disks,wasalsointroducedn [3] to modelparalleldisks. Herewe consider
thestandardingledisk model,i.e.,D = 1, andignorethe parameteD. It is commonto do soin theliteratureof external-memory
algorithms.



of I/O operationgperformedthisis thestandardotionof I/O compleity [3]. For example readingall of the
input datarequiresN=B 1/0O's. Dependingon the sizeof the dataitems,typical valuesfor workstationsand
le senersin productiontodayareontheorderof M = 10°to M = 10° andB= 10? to B= 10°. Large-scale
probleminstancesanbein therangeN = 10'°to N = 102,

We remarkthat sequentiallyscanninghroughthe entire datatakes Q( %) I/0's, which is consideredas
thelinear bound,andexternalsortingtakesQ(% Iog% %) I/0's[3] (seealsoSec.2.2.1),whichis considered
asthesortingbound. It is very importantto obsere thatrandomlyaccessinghe entiredata,oneitem at a
time, takesQ(N) I/O's in theworstcaseandis muchmoreinefcient thananexternalsortingin practice.
To seethis, considerthe sortingbound:sinceM=B is Iarge,thetermlog% % is muchsmallerthantheterm
B, andhencethe sortingboundis muchsmallerthanQ(N) in practice.In Sec.2.2.2,we review atechnique
for aproblemthatgreatlyimprovesthe /O boundfrom W{N) to the sortingbound.

2.2 BatchedComputations
2.2.1 External Merge Sort

Sortingis a fundamentabrocedurethat is necessarjor a wide rangeof computationatasks. Here we
review theexternalmeige sort[3] underthe computationaimodel[3] presentedn Sec.2.1.

The externalmeige sortis a k-way meige sort,wherek is choserto be M=B, the maximumnumberof
disk blocksthatcan t in mainmemory It will beclearlaterfor this choice. Theinputis alist of N items
storedin contiguousplacesn disk,andtheoutputwill beasortedist of N items,againin contiguousplaces
in disk.

The algorithmis a recursve procedureasfollows. In eachrecursion,if the currentlist L of itemsis
smallenoughto t in mainmemory thenwe readthis entirelist into mainmemory sortit, andwrite it back
to diskin contiguousplaces.If thelist L istoolargeto t in mainmemory thenwe split L into k sub-lists
of equalsize,sorteachsub-listrecursvely, andthenmeige all sortedsub-listsinto a singlesortedlist. The
major portion of the algorithmis howv to meige the k sortedsub-listsin an I/0-optimalway. Notice that
eachsub-listmayalsobetoo largeto t in mainmemory Ratherthanreadingoneitem from eachsub-list
for meging, we readoneblodk of itemsfrom eachsub-listinto main memoryeachtime. We usek blocks
of mainmemory eachasa 1-blod buffer for a sub-list,to hold eachblock readfrom the sub-lists.Initially
the rst block of eachsub-listis readinto its buffer. We thenperformmeging on itemsin the k buffers,
whereeachbuffer is alreadysorted,andoutputsorteditems,asresultsof meiging, to disk, written in units
of blocks. Whensomebuffer is exhaustedthe next block of the correspondingub-listis readinto main
memoryto Il upthatbuffer. This processontinueauntil all k sub-listsarecompletelymeged. It is easyto
seethatmeging k sub-listsof total sizejLj takesO(jLj=B) 1/O's, whichis optimal—thesamel/O boundas
readingandwriting all sub-listsonce.

To analyzethe overall I/O compleity, we notethatthe recursie procedurecorrespondso a k-ary tree
(ratherthana binarytreeasin the two-way meige sort). In eachlevel of recursionthe total size of list(s)
involved is N items, and hencethe total numberof 1/0O's usedper level is O(N=B). Moreover, thereare



O(logy %) levels, sincetheinitial list hasN=B blocksandgoing down eachlevel reduceghe (sub-)listsize
by a factorof 1=k. Therefore,the overall compleity is O(% Iogk%) I/0's. We wantto maximizek to
optimizethe I/O bound,andthe maximumnumberof 1-block buffersin mainmemoryis M=B. By taking
k= M=B, we gettheboundof O(%Iog% §) 1/0's,whichis optimaP [3].

Note the techniqueof using a 1-block buffer in main memoryfor eachsub-listthat is larger than
main memoryin the abose meging step. This hasleadto the distribution sweepalgorithmdevelopedin
Goodrichetal. [47] andimplementedandexperimentedn Chiang[15] for the 2D orthogonalsegmentin-
tersectiomproblem,aswell asthe generakcananddistribute paradigmdevelopedby ChiangandSilva[18]
andChiangetal. [20] to build the /O intervaltree[6] usedin [18] andthe binary-blodked I/O intervaltree
(the BBIO treefor short)developedandusedin [20], for out-of-coreisosurbiceextraction. This scanand
distribute paradigmenableghemto performpreprocessingo build thesetrees(aswell asthe metablo&
tree[54]) in anl/O-optimalway; seeChiangand Silva [19] for a completereview of thesedatastructures
andtechniques.

2.2.2 Out-of-Core Pointer De-Refeencing

Typicalinput dataset#n scienti ¢ visualizationandcomputemraphicsaregivenin compactindexedforms.
For example,scalar eld irregulargrid volumedataset@reusuallyrepresenteastetrahedraneshesThe
input hasa list of vertices,whereeachvertex appearsexactly onceand eachvertex entry containsits x-,

y-, Z- andscalarvalues,anda list of tetrahedratells,whereeachcell entry containspointers/indiceso its

verticesin thevertex list. Wereferto this astheindex cell set(ICS)format. Similarly, in anindexedtriangle
mesh the input hasa list of verticescontainingthe vertex coordinatesand a list of trianglescontaining
pointers/indices$o the correspondingertex entriesin thevertex list.

Thevery basicoperationin mary tasksof processinghe datasetss to be ableto traverseall thetetra-
hedralor triangularcells and obtainthe vertex informationof eachcell. While this is trivial if the entire
vertex list ts in mainmemory—wecanjustfollow thevertex pointersandperformpointerde-referencing,
it is far from straightforvard to carry out the taskef ciently in the out-of-coresettingwherethe vertex list
or bothlistsdonot t. Obsere thatfollowing the pointersresultsin randomaccessem disk, whichis very
inef cient: sinceeachl/O operationreads/writesan entiredisk block, we have to readanentiredisk block
of B itemsinto main memoryin orderto just access singleitem in thatblock, whereB is usuallyin the
orderof hundreds.Supposédhe vertex andcell lists have N itemsin total, thenthis would require W{N)
I/0'sin theworstcasewhichis highly inef cient.

An |/O-efcient techniqueto perform pointer de-referencings to replace(or augment)eachvertex
pointer/inde of eachcell with the correspondinglirect vertex information (coordinatesplus the scalar
valuein caseof volumetric data); this is the normalizationprocessdevelopedin Chiangand Silva [18],
carriedoutl/O-ef ciently in [18] by applyingthetechniqueof Chiang[14, Chapte”] andChiangetal. [17]
asfollows. In the rst pass,we externally sortthe cellsin the cell list, usingasthe key for eachcell the

2A matchinglower boundis shavn in [3].



index (pointer)to the rst vertex of the cell, sothatthe cellswhose rst verticesarethe samearegrouped
togetherwith the rst grouphaving vertex 1 asthe rst vertex, thesecondyrouphaving vertex 2 asthe rst

verte, andsoon. Thenby scanninghroughthe vertex list (alreadyin the orderof vertex 1, vertex 2, etc.
from input) andthe cell list simultaneouslywe caneasily Il in the directinformationof the rst vertex

of eachcell in the cell list in a sequentiamanner In the secondpass,we sortthe cell list by the indices
to the secondvertices,and Il in the directinformationof the secondvertex of eachcell in the sameway.

By repeatinghe procesdor eachvertex of the cells,we obtainthe directvertex 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( % Iog% %)

I/0'sfor sortingplus O(N=B) 1/0'sfor scanningand lling in theinformation,andwe performthreeor four
passesiependingon the numberof verticespercell (atriangleor tetrahedron)The overall /O compleity

is O(§ logy §), whichis farmoreef cient thanW(N) I/O's.

The above out-of-corepointer de-referencindhasbeenusedin [18,20] in the context of out-of-core
isosurbceextraction,aswell asin [34,62] in the contet of out-of-coresimpli cation of polygonalmodels.
We believe that this is a very fundamentaland powerful techniquethat will be essentiafor mary other
problemsin out-of-corescienti ¢ visualizationandcomputemgraphics.

2.2.3 The Meta-Cell Technique

While the above normalizationprocesgreplacingvertex indiceswith directvertex information)enablesus
to procesdndexed input format I/O-ef ciently, it is mostsuitablefor intermediatecomputationsand not
for a nal databaseor nal datarepresentatiorstoredin disk for on-linecomputationssincethedisk space
overheads large—thedirectvertex informationis duplicatedmary times,oncepercell sharingthe vertex.

Aiming atoptimizingbothdisk-accessostanddisk-spaceequirementChiangetal. [20] developedthe
meta-celitechniquewhichis essentiallyan1/O-ef cient partitionschemdor irregulargrid volumedatasets
(partitioningregular gridsis a muchsimplertask,andcanbe easilycarriedout by a greatlysimpli ed ver-
sionof themeta-celltechnique).Theresultingpartitionis similar to the oneinducedby a k-d-tree[10], but
thereis no needto computethe multiple levels. The meta-celltechniqueéhasbeenusedin Chiangetal. [20]
for out-of-coreisosurficeextraction,in FariasandSilva[40] for out-of-corevolumerenderingandin Chi-
angetal. [16] for auni ed infrastructuregor parallelout-of-coreisosuraceextractionandvolumerendering
of unstructuredyrids.

Now we review the meta-celltechnique. Assumethe input dataseis a tetrahedrameshgivenin the
index cell set(ICS) format consistingof a vertex list anda cell list asdescribedn Sec.2.2.2. We cluster
spatiallyneighboringcellstogetherto form a meta-cell. Eachmeta-cellis roughly of the samestoragesize,
usuallyin amultiple of disk blocksandalwaysableto t in mainmemory Eachmeta-celhasself-contained
informationandis alwaysreadasawhole from disk to mainmemory Therefore we canusethe compact
ICS representatiofor eachmeta-cellnamelyalocal vertex list andalocal cell list which containgpointers
to thelocal vertex list. In this way, a vertex sharedoy mary cellsin the samemeta-cellis storedjust once



in thatmeta-cell. The only duplicationsof vertex informationoccurwhena vertex belongsto two cellsin
differentmeta-cellsjn this casewe let both meta-cellancludethatverte in their vertex lists to make each
meta-cellself-contained.

The meta-cellsareconstructedasfollows. First, we usean externalsortingto sortall verticesby their
x-values,andpartitionthemevenly into k chunks,wherek is a parametethat canbe adjusted.Then, for
eachof thek chunks,we externally sortthe verticesby the y-valuesandagainpartitionthemevenly into k
chunks. Finally, we repeatfor the z-values. We now have k3 chunks,eachhaving aboutthe samenumber
of vertices.Each nal chunkcorresponds$o a meta-cellwhoseverticesarethe verticesof the chunk(plus
someadditionalverticesduplicatedrom otherchunks;seebelow). A cellwith all verticesin thesameameta-
cellis assignedo thatmeta-cell;if theverticesof a cell belongto differentmeta-cellsthenavoting scheme
is usedto assigrthecell to asinglemeta-cellandthe missingverticesareduplicatednto the meta-celtthat
ownsthis cell. We thenconstructthe local vertex list andthelocal cell list for eachmeta-cell.Recallthatk
is a parameteandwe have k3 meta-cellsn the end. Whenk is larger, we have moremeta-cellboundaries
andthenumberof duplicatedverticesis larger (dueto morecellscrossinghe meta-cellbboundaries)Onthe
otherhand,having a largerk meansachmeta-cellis morere ned andcontaindessinformation,andthus
disk readof a meta-cellis faster(fewer numberof disk blocksto read). Therefore the meta-celltechnique
usuallyleadsto atrade-of betweemuerytime anddisk space.

Theout-of-corepointerde-referencingechniqugor thejoin operation)describedn Sec.2.2.2is essen-
tial in variousstepsof the meta-celltechnique.For example,to performthe voting schemeo assigncells
to meta-cellswe needto know, for eachcell, the destinationrmeta-cellsof its vertices. Recallthatin the
input cell list, eachcell only hastheindices(vertex ID's) to the vertex list. Whenwe obtaink?® chunksof
vertices,we assignthe verticesto thesek® meta-cellsby generatinga list of tuples(viq; mq), meaningthat
vertex vig is assignedo meta-cellmy. Thenajoin operatiorusingvertex ID's asthekey onthislist andthe
cell list completeghetaskby replacingeachvertex ID in eachcell with the destinatiormeta-celllD of the
vertex. Thereareotherstepsinvolving the join operationwe referto [20] for a completedescriptionof the
meta-celitechnique Overall, meta-cellscanbe constructedy performingafew externalsortingsanda few
join operationsandhencethetotal I/O compleity is O( § logu B) 1/O's.

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

Tree-basedatastructurearisenaturallyin theon-linesetting sincedataitemsarestoredsortedandqueries
cantypically be performedby ef cient searchesnthetrees.Thewell-knowvn balancednultiway B-tree[9,

26] (seealso[27, Chapterl8]) is the mostwidely useddatastructurein externalmemory Eachtreenode
corresponds$o onedisk block, capableof holding up to B items. The branding factor, Bf, de ned asthe
numberof childrenof eachinternalnode,is Q(B) (exceptfor theroot); thisguaranteethattheheightof aB-

treestoringN itemsis O(logg N) andhencesearchinginitemtakesoptimalO(logg N) 1/0's. Otherdynamic
dictionaryoperationssuchasinsertionanddeletionof anitem, canbe performedn optimalO(loggN) 1/O's
eachandthe spaceequirements optimal O(N=B) disk blocks.



Typical treesin main memoryhave branchingfactor2 (binarytree)or somesmallconstanie.g.,8 for
anoctree),andeachnodestoresa small constaninumberof dataitems. If we directly mapsuchatreeto
externalmemory thenwe geta sub-optimaldisk layoutfor thetree:accessing@achtreenodetakesonel/O,
in which we readan entire block of B itemsjust to accessa constantnumberof items of the nodein the
block. Therefore|t is desirableto externalizethe datastructure corverting the treeinto a B-tree-like data
structure namely to increasehebranchingfactorfrom 2 (or asmallconstanto Q(B) sothatthe heightof
abalancedreeis reducedrom O(logN) to O(logg N), andalsoto increasethe numberof itemsstoredin
eachnodefrom O(1) to Q(B).

A simpleandgeneraimethodto externalizea treeof constanbranchingfactoris asfollows. We block
a subtreeof Q(logB) levels of the original treeinto onenodeof the new tree (seeFig. 1 on pagel0), so
thatthe branchingfactoris increasedo Q(B) andeachnew treenodestoresQ(B) items,whereeachnew
treenodecorresponds$o onedisk block. This is the basicideaof the BBIO treeof Chiangetal. [19, 20]
to externalizetheintenal tree[33] for out-of-coreisosuriceextraction,and of the meta-blok tree of El-
Sanaand Chiang[34] to externalizethe view-dependencéree[37] for externalmemoryview-dependent
simpli cation andrendering We believe thatthis externalizatiormethodis generalindpowerful enoughto
beapplicableto awide rangeof otherproblemsin out-of-corescienti ¢ visualizationandgraphics.

We remarkthattheinterval tree[33] is moredif cult to externalizethantheview-dependenceee[37].
Whenwe visit anodeof theview-dependenceee,we accessll informationstoredn thatnode.In contrast,
eachinternalnodein the intenal tree hassecondanylists as secondarysearchstructuresandthe optimal
gueryperformanceelieson the factthat searchingon the secondanyists canbe performedin an output-
sensitiveway—thesecondaryists shouldnot be visited entirely if not all itemsarereportedasanswerdo
thequery In therestof this sectionwe review the BBIO treeasa non-trivial exampleof the externalization
method.

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

Thebinary-bloked|/O intervaltree(BBIOtreg of Chiangetal.[19,20] is anexternal-memorextensionof
the (main-memorypinaryintenal tree[33]. As will beseenn Sec.3, theprocesof nding activecellsin
isosurficeextractioncanbereducedo thefollowing problemof interval stabbingquerieq22]: givenasetof
N intenalsin 1D, build adatastructuresothatfor agivenquerypointqwe canef ciently reportall intenals
containingg. Suchintenal stabbingqueriescanbe optimally solved in main memoryusingthe intenal
tree[33], with O(N) space O(NlogN) preprocessingme (the sameboundassorting)andO(logN + K)
guerytime, whereK is the numberof intenals reported;all boundsareoptimalin termsof main-memory
computation.The BBIO treeachiazesthe optimal performanceén external-memorycomputation:O(N=B)
blocksof diskspaceO(logg N+ %) I/O'sfor eachquery andO(% Iog% %) I/0's (thesameboundasexternal
sorting) for preprocessingln addition,insertionanddeletionof intenals canbe supportedn O(logg N)
I/O's each.All theseboundsarel/O-optimal.

We remarkthat the I/O interval tree of Arge and Vitter [6] is the rst external-memoryersion of



the main-memoryintenal tree [33] achieving the above optimal I/0O-bounds,andis usedin Chiangand
Silva [18] for the rst work on out-of-coreisosurace extraction. Comparingthe BBIO treewith the I/O
intenal tree,the BBIO treehasonly two kinds of secondaryists (thesameasthe originalintenal tree[33])
ratherthanthreekinds,andhencethedisk spacds reducedy afactorof 2/3in practice.Also, thebranching
factoris Q(B) ratherthanQ(' B) andhencethetreeheightis halved. Thetreestructurds simpler;it is easier
to implementalsofor handlingdegenerateases.

Herewe only review the datastructureandthe queryalgorithmof the BBIO tree;the preprocessinig
performedby thescananddistributeparadigmnmentionecattheendof Sec.2.2.1andis describedn [19,20].
Thealgorithmsfor insertionsanddeletionsof intervals aredetailedin [19].

2.3.1.1 Review: the Binary Interval Tree

We rst review the main-memonybinaryintenal tree[33]. Givenasetof N intenals, suchintenal treeT

is de ned recursvely asfollows. If thereis only oneinterval, thenthe currentnoder is a leaf containing
thatintenal. Otherwiser storesasa key the medianvaluem thatpartitionstheinterval endpointsnto two

slabs,eachhaving the samenumberof endpointshat are smaller(resp.larger) thanm. The intenals that
containm areassignedo the noder. Theintervals with both endpointssmallerthanm areassignedo the
left slab; similarly, the intervals with both endpointdargerthanm areassignedo theright slab The left

andright subtree®f r arerecursvely de ned astheintenal treesontheintenalsin theleft andright slabs,
respectrely. In addition,eachinternalnodeu of T hastwo secondanryists: the left list, which storesthe
intenalsassignedo u, sortedin increasingleft endpointvalues andtheright list, which storeshe sameset
of intenvals, sortedin deceasingright endpointvalues It is easyto seethatthe tree heightis O(log, N).
Also, eachintenal is assignedo exactly onenode,andis storedeithertwice (whenassignedo aninternal
node)or once(whenassignedo aleaf), andthustheoverall spaceas O(N).

To performa queryfor aquerypoint g, we apply thefollowing recursve processstartingfrom the root
of T. For thecurrentnodeu, if q liesin theleft slabof u, we checktheleft list of u, reportingthe intenals
sequentiallyfrom thelist until the rst intenal is reachedvhoseleft endpointvalueis largerthang. At this
pointwe stopcheckingtheleft list sincetheremainingintenals areall to theright of g andcannotcontain
g. We thenvisit theleft child of u andperformthe sameprocessecursvely. If g liesin theright slabof u
thenwe checktheright list in a similar way andthenvisit the right child of u recursvely. It is easyto see
thatthe querytime is optimalO(log, N + K), whereK is the numberof intenalsreported.

2.3.1.2 Data Structure

Now we review the BBIO tree,denotedoy T , andrecallthatthe binaryintenal treeis denotedoy T. Each
nodein T is onedisk block, capableof holding B items. We wantto increasehe branchingfactor Bf so
thatthe tree heightis O(loggN). The intuition is very simple—weblodk a subtreeof the binary intenal
treeT into onenodeof T (seeFig. 1), asdescribedn the generalexternalizationmethodpresentedn the
beginning of Sec.2.3. In the following, we referto the nodesof T assmallnodes We take the branching
factorBfto be Q(B). In aninternalnodeof T , thereareBf 1 smallnodesgachhaving akey, a pointerto
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Figurel: Intuition of a binary-blocled I/0 intenal tree(BBIO tree)T : eachcircle is anodein thebinary
intenal treeT, andeachrectanglewhich blocksa subtreeof T, isanodeof T .

its left list anda pointerto its right list, whereall left andright lists arestoredin disk.

Now we give amoreformal de nition of thetreeT . First, we sortall left endpointof the N intenals
in increasingorderfrom left to right, into a setE. We useintenval ID's to breakties. The setE is usedto
de ne thekeysin smallnodes.TheBBIO treeT isrecursively de ned asfollows. If thereareno morethan
B intenals, thenthe currentnodeu is aleaf nodestoringall intenals. Otherwise u is aninternalnode.We
take Bf 1 medianvaluesfrom E, which partitionE into Bf slabs,eachwith the samenumberof endpoints.
We storesorted,in non-decreasingrder theseBf 1 medianvaluesin the nodeu, which sene asthekeys
of theBf 1smallnodesin u. We implicitly build a subtreeof T ontheseBf 1 smallnodespy abinary-
search schemeasfollows. Therootkey is themedianof theBf 1 sortedkeys,thekey of theleft child of the
rootis the medianof thelower half keys, andtheright-child key is the medianof the upperhalf keys, andso
on. Now considerthe intenals. Theintenals thatcontainoneor morekeys of u areassignedo u. In fact,
eachsuchintenal | is assignedo the highestsmallnode(in thesubtreeof T in u) whosekey is containedn
I; we storel in the correspondindeft andright lists of thatsmallnodein u. For theremainingintenalsthat
arenotassignedo u, eachhasbothendpointin the sameslabandis assignedo thatslab;recallthatthere
areBf slabsinducedby theBf 1 keys storedin u. Werecursvely de ne the Bf subtree®f thenodeu asthe
BBIO treeson theintenalsin the Bf slabs.Notice thatwith the above binary-searctschemefor implicitly
building a (sub)treeof smallnodeson the keys storedin aninternalnodeu of T , Bf doesnot needto bea
power of 2—we canmake Bf aslarge aspossibleaslong asthe Bf 1 keys, the2(Bf 1) pointersto the
left andright lists, andthe Bf pointersto the children,etc.,canall t into onedisk block.

It is easyto seethatT hasheightO(loggN): T is de ned onthesetE with N left endpointsandis
perfectlybalancedvith Bf = Q(B). To analyzethe spacecompleity, obsere thatthereareno morethan
N=B leavesandthusO(N=B) disk blocksfor thetreenodesof T . For the secondaryists, asin the binary
intenal treeT, eachintenal is storedeitheronceor twice. Theonly issueis thataleft (right) list may have
veryfew (<< B) intenvals but still needsonedisk block for storage We obsene thataninternalnodeu has
2(Bf 1) left plusright lists, i.e., at mostO(Bf) suchunderfullblocks. But u alsohasBf children,andthus
the numberof underfullblocksis no morethana constanfactorof the numberof child blocks—counting
only thenumberof treenodessufces to take into accountalsothe numberof underfull blocks,up to some
constanfactor Thereforethe overall spacecompleity is optimal O(N=B) disk blocks.

Asweshallseein Sec2.3.1.3theabove datastructuresupportsjueriesn non-optimalo(log, % + K=B)



I/0's (whereK is the numberof intervals reported),andwe canusethe corner structues[54] to achiee
optimal O(logg N + K=B) I/O's while keepingthe spacecompleity optimal.

2.3.1.3 Query Algorithm

The queryalgorithmfor the BBIO treeT is very simple and mimics the queryalgorithmfor the binary
intenal treeT. Givenaquerypoint g, we performthefollowing recursve processstartingfrom theroot of
T . For thecurrentnodeu, we readu from disk. Now considerthe subtreeT,, implicitly built onthesmall
nodesin u by the binary-searctscheme.Using the samebinary-searctschemewe follow a root-to-leaf
pathin T,. Letr bethe currentsmallnodeof T, beingvisited, with key valuem. If g= m, thenwe report
all intenalsin theleft (or equivalently right) list of r andstop. (We canstopherefor thefollowing reasons.
(1) Evensomedescendentf r hasthe samekey valuem, suchdescendemntusthave emptyleft andright
lists, sinceif thereareintenals containingm, they mustbe assignedo r (or somesmall nodehigherthan
r) beforebeingassignedo that descendent(2) For ary non-emptydescendentf r, the storedintenals
are eitherentirely to the left or entirely to the right of m= g, andthus cannotcontaing.) If g< m, we
scanandreporttheintenalsin theleft list of r, until the rst intenal with theleft endpointlargerthanq is
encounteredRecallthatthe left lists aresortedby increasindeft endpointvalues. After that, we proceed
to theleft child of r in Ty. Similarly, if g> m, we scanandreportthe intenalsin the right list of r, until
the rst intenal with theright endpointsmallerthanq is encounteredThenwe proceedo theright child of
r in T,. At theend,if g is notequalto ary key in Ty, thebinarysearchontheBf 1 keyslocatesqin one
of the Bf slabs.We thenvisit the child nodeof uin T which correspondso thatslab,andapplythe same
processecursvely. Finally, whenwe reachaleaf nodeof T , we checkthe O(B) intenals storedto report
thosethatcontaing, andstop.

Sincethe heightof thetree T is O(loggN), we only visit O(loggN) nodesof T . We alsovisit the
left andright lists for reportingintenals. Sincewe alwaysreportthe intenals in an output-sensitivevay,
this reportingcostis roughly O(K=B), whereK is the numberof intenals reported.However, it is possible
that we spendone I/O to readthe rst block of a left/right list but only very few (<< B) intenals are
reported. In the worst case all left/right lists visited resultin suchunderfullreportedblods andthis I/O
costis O(log, %), becausave visit oneleft or right list persmallnodeandthetotal numberof smallnodes
visitedis O(IogZ%) (this is the heightof the balancedbinary intenal tree T obtainedby “concatenating”
the small-nodesubtreesT,'s in all internalnodesu's of T ). Thereforethe overall worst-casd/O costis
O(log, § + K=B).

We canimprovetheworst-cas¢/O querybound.Theideais to checkaleft/rightlist of asmallnodefrom
disk only whenit is guaranteedhatat leastonefull bloc is reportedfrom thatlist; the underfull reported
blocksof anodeu of T arecollectively takencareof by anadditionalcornerstructue [54] associatevith
u. A cornerstructurecanstoret intenalsin optimalspaceof O(t=B) disk blocks,wheret is restrictedto be
atmostO(B?), sothatanintenal stabbingguerycanbe answeredn optimal O(k=B+ 1) 1/O's, wherek is
the numberof intenals reportedirom the cornerstructure Assumingall t intenalscan t in mainmemory
duringpreprocessing cornerstructurecanbebuilt in optimalO(t=B) I/O's. Wereferto [54] for acomplete



descriptionof the cornerstructure.

We incorporateghecornerstructurento theBBIO treeT asfollows. For eachinternalnodeuof T , we
remove the rst block from eachleft andright lists of eachsmallnodein u, andcollectall theseremoved
intenals (with duplicationseliminated)into a single cornerstructureassociatedvith u; if a left/right list
hasno morethanB intenals thenthe list becomesempty We alsostorein u a “guardingvalue” for each
left/right list of u. For aleft list, this guardingvalueis the smallesteft endpointvalueamongtheremaining
intenalsstill keptin theleft list (i.e., the(B+ 1)-stsmallesteft endpointvaluein theoriginal left list); for a
rightlist, thisvalueis thelargestright endpointvalueamongtheremainingintenalskept(i.e., the(B+ 1)-st
largestright endpointvaluein the original right list). Recallthat eachleft list is sortedby increasindeft
endpointvaluesandsymmetricallyfor eachright list. Obsere thatu has2(Bf 1) left andright lists and
Bf = Q(B), sothereare Q(B) lists in total, eachcontrituting at mosta block of B intenals to the corner
structureof u. Therefore,the cornerstructureof u hasO(B?) intenals, satisfyingthe restrictionof the
cornerstructure Also, the overall spaceneededs still optimal O(N=B) disk blocks.

Thequeryalgorithmis basicallythe sameasbefore with thefollowing modi cation. If thecurrentnode
uof T is aninternalnode,thenwe rst querythe cornerstructureof u. A left list of u is checled from
disk only whenthe queryvalueq is largerthanor equalto the guardingvalue of thatlist; similarly for the
right list. In this way, althougha left/right list might be checled usingonel/O to reportvery few (<< B)
intenals, it is ensuredhatin this casethe original r st blodk of thatlist is alsoreported,from the corner
structureof u. Thereforewe canchage this oneunderfull I/O costto the one /O costneededo report
such rst full block (i.e., reportingthe rst full block needsonel/O; we canmultiply this onel/O costby
2, sothattheadditionalonel/O canbeusedto payfor theonel/O costof theunderfullblock). This means
thatthe overall underfulll/O costcanbechagedto the K=B termof thereportingcost(with someconstant
factor),sothatthe overall querycostis optimal O(logg N + K=B) I/O's.

3 SCIENTIFIC VISUALIZA TION

Here,we review out-of-corework donein the areaof scienti ¢ visualization.In particular we cover recent
work in 1/0-efcient volumerendering,jsosurficecomputationandstreamlinecomputation.Since1997,
this areaof researchasadwancedconsiderablyalthoughit is still anactive researctarea.Thetechniques
describedelov maleit possibleto performbasicvisualizationtechnique®n large datasetsUnfortunately
someof thetechnique$ave substantiatliskandtime overhead Also, oftentheoriginal formatof thedatais
not suitedfor visualizationtasks leadingto expensve pre-processingtepswhich oftenrequiresomeform
of datareplication.Few of thetechniqueslescribedelow aresuitedfor interactve use andthedevelopment
of multi-resolutionapproachethatwould allow for scalablevisualizationtechniquess still anelusive goal.
Cox andEllsworth [29] proposea framewvork for out-of-corescienti ¢ visualizationsystemshasedon
application-contrited demandpaging.The paperbuilds onthefactthatmary importantvisualizationtasks
(including computingstreamlinesstreaklinesparticletraces,and cutting planes)only needtoucha small
portionof largedatasetatatime. Thus,theauthorgealizethatit shouldbepossibleo page in thenecessary



dataon demandUnfortunately asthe papershavs, theoperatingsystempagingsub-systenis not effective

for suchvisualizationtasks,andleadsto inferior performance Basedon thesepremisesandobserations,
the authorsproposea setof I/O optimizationsthatleadto substantiaimprovementsin computatiortimes.
The authorsmodi ed the I/O subsystenof the visualizationapplicationgo explicitly take into accounthe
readandcachingoperations.Cox andEllsworth reporton seseral effective optimizations.First, they shav

thatcontrollingthe pagesize,in particularusingpagesizessmallerthanthoseusedby the operatingsystem,
leadsto improved performancesinceusinglarger pagesizesleadsto wastedspacein main memory The
secondmainoptimizationis to loaddatain alternatve storageformat(i.e., 3-dimensionatiatastoredin sub-
cubes)which more naturally captureghe naturalshapeof underlyingscienti ¢ data. Furthermoretheir
experimentshav thatthesametechniquesireeffective for remotevisualization sincelessdataneeddo be
transmittecbver the network andcachedattheclientmachine.

Uengetal. [82] presentrelatedapproachlin theirwork Uengetal. focussedn computingstreamlines
of large unstructuredyrids, andthey usean approachsomavhat similar to Cox and Ellsworth in thatthe
ideais to performon-demandoading of the datanecessaryo computea given streamline. Insteadof
changingthe way the operatingsystemhandleghe I/O, theseauthorsdecideto modify the organizationof
theactualdataondisk,andto comeup with optimizedcodefor thetaskathand.They useanoctreepartition
to restructureunstructuredgrids to optimize the computationof streamlines. Their approachinvolves a
preprocessingtep,which builds an octreethat is usedto partition the unstructureccells in disk, andan
interactve step,which computeghe streamlinedy loadingthe octreecellson demand.n their work, they
proposea top-davn out-of-corepreprocessinglgorithmfor building the octree. Their algorithmis based
on propagatinghe cell (tetrahedra)nsertionson the octreefrom the root to the leavesin phases.n each
phase(recursvely), octreenodesthat needto be subdvided createtheir childrenand distribute the cells
amongthembasedon thefactthatcellsarecontainednsidethe octreenode.Eachcell is replicatedon the
octreenodesthatit would potentiallyintersect.For the actualstreamlinecomputationtheir systemallows
for theconcurrentomputatiorof multiple streamlinesatthe sametime basedn userinput. It usesa multi-
threadedarchitecturewith a setof streamlineobjects,threeschedulingqueue(wait, ready and nished),
freememorypool andatableof loadedoctants.

LeutenggerandMa [59] proposeo useR-treeq48] to optimizesearchingperation®n large unstruc-
tured datasets.They amge that octrees(suchasthoseusedby Uenget al. [82]) are not suitedfor storing
unstructuredlatabecausef imbalancein the structureof suchdatamakingit hardto ef ciently packthe
octreein disk. Furthermorethey alsoamuethatthe low fan-outof octreedeadsto alarge numberof inter-
nal nodeswhich force applicationsnto mary unnecessary/O fetches.LeutenggerandMa usean R-tree
for storingtetrahedrablata,and presentexperimentalresultsof their methodon the implementatiorof a
multi-resolutionsplatting-basesiolumerenderer

PascuccandFrank[67] describeaschemdor de ning hierarchicaindicesoververylargeregulargrids
thatleadsto ef cient diskdatalayout. Theirapproachs basedntheuseof aspace- lling curvefor de ning
thedatalayoutandindexing. In particular they proposeanindexing schemdor the LebesgueCurve which
canbesimplyandef cient computedy usingbit masking shifting,andaddition. They shawv theusefulness



of their approachn a progressie (real-time)slicing applicationwhich exploits their indexing framework
for the multi-resolutioncomputatiorof arbitraryslicesof very large datasetgoneexamplein the paperhas
approximatelyonehalf teranodes).

Bruckscheretal. [13] describes techniquefor real-timeparticletracesof large time-varying datasets.
They amuethatit is notpossibleto performthis computationn real-timeon demandandproposea solution
wherethe basicideais to pre-computehe tracesfrom x ed positionslocatedon a regular grid, andto
save the resultsfor ef cient disk accessn a way similar to Pascucciand Frank[67]. Their systemhas
two main componentsa particletracerand encoderwhich runsas a preprocessingtep,anda renderer
which interactvely readsthe precomputegbarticletraces.Their particletracercomputegracesfor awhole
sequencef time stepshy consideringhedatain blocks. It worksby injectingparticlesatgrid locationsand
computingtheir new positionsuntil the particleshave left the currentblock.

Chiangand Silva [18, 20] proposedalgorithmsfor out-of-coreisosurfice generationof unstructured
grids. Isosurficegeneratiorcanbe seenasaninterval stabbingoroblem[22] asfollows: rst, for eachcell,
produceanintenal | = [min; max wheremin and maxarethe minimum andmaximumamongthe scalar
valuesof the verticesof thecell. Thenacell is active if andonly if its interval containgheisovalueq. This
reducesghe active-cell searchingproblemto that of interval seach: given a setof intenalsin 1D, build
a datastructureto ef ciently reportall intervals containinga querypoint q. Secondlythe intenal search
problemis solved optimally by usingthe main-memoryintenal tree[33]. The rst out-of-coe isosurfice
techniquenvasgivenby ChiangandSilva[18]. They follow theideasof Cignonietal. [22], but usethel/O-
optimalintenal tree[6] to solve theinterval searchproblem.An interestingaspecf thework is thateven
the preprocessings assumedo be performedcompletelyon a machinewith limited main memory With
thistechniquedatasetsnuchlargerthanmainmemorycanbevisualizedef ciently. Thoughthis technique
is quitefastin termsof actuallycomputingtheisosurficesthe associatedisk andpreprocessingverhead
is substantial. Later, Chianget al. [20] furtherimproved (i.e., reduced)}the disk spaceoverheadandthe
preprocessingime of ChiangandSilva [18], atthe costof slightly increasingheisosurfcequerytime, by
developinga two-level indexing schemethe meta-celttechniqueandthe BBIO treewhich is usedto index
the meta-cells.A meta-cellis simply a collectionof contiguouscells, which is saved togetherfor fastdisk
access.

Along the samelines, Sulatycke and Ghose[77] describean extensionof Cignoniet al. [22] for out-
of-coreisosurficeextraction. Their work doesnot proposean optimal extension,but insteadproposesa
schemehat simply adaptsthe in-core datastructureto an out-of-coresetting. The authorsalsodescribe
a multi-threadedmplementatiorthataimsto hide the disk I/O overheadby overlappingcomputationwith
I/0. Basically the authorshave an /O threadthat readsthe active cells from disk, and severalisosurtice
computatiorthreads Experimentaltesultson relatively smallregulargridsaregivenin the paper

Bajaj et al. [8] alsoproposesa techniquefor out-of-coreisosurfice extraction. Their techniqueis an
extensionof their seedbasedtechniquefor ef cient isosurfice extraction[7]. The seed-basedpproach
works by saving a small setof seedcells, which canbe usedasstartingpointsfor an arbitraryisosurbice
by simple contourpropagation.In the out-of-coreadaptationthe basicideais to separatehe cellsalong



the functionalvalue, storingrangesof contiguousrangestogetherin disk. In their paper the authorsalso
describehow to parallelizetheir algorithm,andshav the performancef theirtechniquesisinglargeregular
grids.

Suttonand Hansen[78] proposethe T-BON (TemporalBranch-On-NeedDctree)techniquefor fast
extraction of isosuracesof time-varying datasets. The preprocessingphaseof their techniquebuilds a
branch-on-needctree[87] for eachtime stepand storesit to disk in two parts. One part containsthe
structureof the octreeanddoesnot dependat all on the speci ¢ time step. Time-stepspeci ¢ datais saved
separatelyincluding the extremevalues). During querying,the treeis recursvely traversed,taking into
accountthe querytimestepandisovalue,andbroughtinto memoryuntil all the information (including all
the cell data)hasbeenread. Then,a secondpassis performedto actuallycomputethe isosurfice. Their
techniquealsousesmeta-cellor databricking) [20] to optimizethel/O transfers.

Shenet al. [75] proposes differentencodingfor time-varying datasets.Their TSP (Time-SpacePar
tioning) treeencodesn a singledatastructurethe changegrom onetime-stepto another Eachnodeof the
octreehasnot only a spatialextend,but alsoa time intenval. If the datachangesn time, a nodeis re ned
by its children,which re ne the changen the data,andis annotatedvith its valid time range. They use
the TSPtreeto performout-of-corevolumerenderingof large volumes. Oneof the nice propertiess that
becausef its encoding,it is possibleto very efciently pagethe datain from disk whenrenderingtime
sequences.

Fariasand Silva [40] presentsa setof techniquedor the direct volume renderingof arbitrarily large
unstructuredyrids on machineswith limited memory One of the techniquesdescribedn the paperis a
memory-insensite approacthwhich worksby traversingeachcell in the datasetpneatatime, samplingits
ray span(in generak ray would intersecta corvex cell twice) andsaving two fragmententriespercell and
pixel covered.Thealgorithmthenperformsanexternalsortusingthe pixel asthe primarykey, andthedepth
of thefragmentasthe secondankey, which leadsto the correctray stabbingorderthatexactly captureshe
informationnecessaryo performthe rendering.The othertechniquedescribeds moreinvolved (but more
ef cient) andinvolvesextendingthe ZSWEEPalgorithm[39] to anout-of-coresetting.

The main ideaof the (in-core) ZSWEEPalgorithmis to sweepthe datawith a planeparallelto the
viewing planein orderof increasingz, projectingthe facesof cells that are incidentto verticesas they
are encounteredy the sweepplane. ZSWEEPS face projectionconsistsof computingthe intersection
of the ray emanatingirom eachpixel, and storetheir z-value, and other auxiliary information, in sorted
orderin alist of intersectiondor the given pixel. The actuallighting calculationsare deferredto 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 intersectionare doneout of order; andthe useof
early compositingwhich makesthe memoryfootprint of the algorithmquite small. Therearetwo sources
of main memoryusagein ZSWEEP:the pixel intersectionlists, andthe actualdataset.The basicideain
the out-of-coretechniquds to breakthe datasetnto chunksof x edsize(usingideasof the meta-cellwork
describedn Chianget al. [20]), which canbe renderedndependentlyithout usingmorethana constant



amountof memory To furtherlimit theamountof memorynecessarytheir algorithmsubdvidesthescreen
into tiles, andfor eachtile, which arerenderedn chunksthatprojectinto it in a front-to-backorder thus
enablingthe exactsameoptimizationswhich canbe usedwith thein-coreZSWEEPalgorithm.

Chianget al. [16] proposea uni ed infrastructurefor parallel out-of-coreisosurfice extraction and
volume renderingof unstructuredyrids which exploits a combinationof the work of Chiang, Silva, and
Schroedef[20] and Fariasand Silva [40]. Their work is basedon building a uni ed datastructurethat
both algorithmscanuse,andthenusea simpleround-robinschemdor parallelization.Sincethe relevant
algorithmsare outputsensitve andonly fetch the datathey needto producetheir output, this approactis
shavn to be effective ona smallclusterof PCs.

4 SURFACE SIMPLIFICA TION

In this sectionwe review recentwork on out-of-coresimpli cation. In particular we will focuson methods
for simplifying large triangle meshesastheseare the mostcommonsuriacerepresentatioior computer
graphics. As datasetshave grown rapidly in recentyears,out-of-coresimpli cation hasbecomean in-
creasinglyimportanttool for dealingwith large data. Indeed,mary conventionalin-core algorithmsfor
visualization dataanalysisgeometrigorocessingetc.,cannotoperateon todays massve datasets,andare
furthermoredif cult to extendto work outof core.Thus,simpli cation is neededo reducethe (oftenover
sampleddatasetsothatit ts in mainmemory As we have alreadyseenin previous sectionsgventhough
somemethodshave beendevelopedfor out-of-corevisualizationand processinghandlingbillion-triangle
meshessuchasthoseproducedy highresolutionrangescanning60] andscienti ¢ simulationd66], is still
challenging.Thereforemary methodsbene t from having eithera reducedalbeitstill large andaccurate)
versionof a surface,or having a multiresolutionrepresentatioproducedisingout-of-coresimpli cation.

It is someavhatironic that,whereassimpli cation hasfor alongtime beenrelied uponfor dealingwith
complex meshesfor largeenoughdatasetssimpli cation itself becomesmpractical if notimpossible. Typ-
ical in-coresimpli cation techniqueswhichrequirestoringtheentirefull-resolutionmeshin mainmemory
canhandlemeshesn the orderof a few million triangleson currentworkstations;two to threeordersof
magnitudesmallerthanmary datasetsavailabletoday To addresshis problem,severaltechniquegor out-
of-coresimpli cation have beenproposedecently andwe will herecover mostof the methodspublished
to date.

Onereasonwhy few algorithmsexist for out-of-coresimpli cation is thatthemajority of previousmeth-
odsfor in-coresimpli cation areill-suited to work in the out-of-coresetting. The prevailing approacho
in-coresimpli cation is to iteratively performa sequencef local meshcoarseningperationsg.g.,edge
collapse,vertex removal, faceclustering,etc., thatlocally simplify the mesh,e.g., by remwing a single
vertex. The orderof operationgperformedis typically determinedby their impacton the quality of the
mesh,asmeasuredisingsomeerrormetric,andsimpli cation thenproceedsn a greedyfashionby always
performingthe operationthatincursthe lowesterror Typical error metricsare basedon quantitiessuch
asmesh-to-mesldlistance)ocal cunature,triangle shapeyvalence,ansoon. In orderto evaluate(andre-
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evaluate)themetricandto keeptrack of which simplices(i.e., vertices,edgesandtriangles)to eliminatein

eachcoarseningperationyirtually all in-coresimpli cation methodsrely on directaccesgo information
aboutthe connectiity (i.e., adjaceng information)andgeometryin a neighborhoodiroundeachsimplex.

As aresult,thesemethodsequireexplicit datastructuredor maintainingconnectrity, aswell asa priority

gueueof coarseningperationsywhich amountsto O(n) in-corestoragefor a meshof sizen. Clearly this
limits thesizeof modelsthatcanbesimpli ed in core.Simply of oading the meshto diskandusingvirtual

memorytechniquedor transparenaccesss seldomarealisticoption,asthe poorlocality of greedysimpli-

cation resultsin scatteredaiccessew the meshandexcessie thrashing.For out-of-coresimpli cation to

beviable, suchrandomaccessemustbe avoidedat all costs.As aresult,mary out-of-coremethodsmake
useof atriangle soupmeshrepresentationyhereeachtriangleis representethdependenthasa triplet of

vertex coordinatesln contrastmostin-coremethodausesomeform of indexedmeshrepresentatiorwhere
trianglesarespeci ed asindicesinto a non-redundaniist of vertices.

Therearemary differentwaysto simplify surfaces.Popularcoarseningperationdor trianglemeshes
includevertex removal [73], edgecollapse[53], half-edgecollapse[58], trianglecollapse[49], vertex pair
contraction44], andverte clustering[71]. While theseoperations/ary in complity andgenerality they
all have onething in common,in thatthey partition the setof verticesfrom the input meshby grouping



(a) Spatialclusteringpartitions (b) Edgecollapsepartitions

Figure3: Vertex setpartitionsbasedon (a) spatialclusteringon a rectilineargrid and(b) errordriven edge
collapse.

theminto clusters(Figure?2).2 Thesimpli ed meshis formedby choosingasinglevertex to represeneach
cluster(eitherby selectingonefrom theinput meshor by computinga new, optimalposition).For example,
the edgecollapsealgorithm conceptuallyforms a forestof binary trees(the clusters)in which eachedge
collapsecorrespondso meiging two childreninto a single parent.Herethe clusterrepresentates arethe
rootsof thebinarytrees.In theend,it matterdittle whatcoarseningperatioris usedsincethe setpartition
uniquelyde nestheresultingconnectiity, i.e., only thosetriangleswhoseverticesbelongto threedifferent
clusters*survive” the simpli cation. In this sensemeshsimpli cation canbe reducedo a setpartioning
problem,togethemwith rulesfor choosingthe positionof eachclusters representate vertex, andwe will
examinehow differentout-of-coremethodsperformthis partitioning. Ideally the partitioningis doneso
asto minimize the given error measurealthoughbecausef the compleity of this optimizationproblem
heuristicsareoftenused.Therearecurrentlytwo distinctapproaches out-of-coresimpli cation, basecdn
spatial clusteringandsurfacesggmentation Within thesetwo generalcategories,we will alsodistinguish
betweeruniformandadaptivepartitioning. We describedifferentmethodswithin theseframewnorksbelow,
andconcludewith acomparisorof thesegenerakechniques.

4.1 Spatial Clustering

Clusteringdecisionscanbe basedn eitherthe connectiity or the geometryof themesh,or both. Because
computingandmaintainingthe connectiity of alarge meshout of corecanoftenbeadif cult taskin and
of itself, perhapshe simplestapproacho clusteringverticesis basedsolely on spatial partitioning The
mainideabehindthis techniqués to partitionthe spacehatthe surfaceis embeddedh, i.e.,R 2, into simple

3Technicallyvertex removal is a generalizatiorof half-edgecollapsewith optionaledge ipping. Dueto its ability to arbitrarily
modify the connectiity, vertex removal doesnot producea canonicabartition of the setof vertices.



corvex 3D regions,andto melgetheverticesof theinputmeshthatfall in thesameregion. Becauséhemesh
geometryis oftenspeci edin a Cartesiarcoordinatesystem the moststraightforvard spacepartitioningis

givenby arectilineargrid (Figure2). RossignaandBorrel [71] usedsucha grid to clusterverticesin an
in-corealgorithm. However, the metricsusedin their algorithmrely on full connectiity information. In

addition,a rankingphaseis neededn which the most“important” vertex in eachclusteris identi ed, and
their method,asstated,s thereforenot well suitedfor the out-of-coresetting. NeverthelessRossignaand
Borrel's original clusteringalgorithmis the basisfor mary of the out-of-coremethodsliscussedbelov. We
notethat their algorithmmakes useof a uniform grid to partition space,andwe will discussout-of-core
methoddor uniform clustering rst.

4.1.1 Uniform Spatial Clustering

To extendtheclusteringalgorithmin [71] to the out-of-coresetting, Lindstrom[61] proposedisingGarland
and Heckberts quadric error metric [44] to measuresrror  Lindstroms method,called OoCS works by
scanningatrianglesouprepresentationf the mesh onetriangleat atime, andcomputinga quadricmatrix
Q; for eachtrianglet. Usinganin-coresparseagrid representatioite.g.,a dynamichashtable), the three
verticesof a triangle are quickly mappedto their respectre grid cells,andQ; is thendistributedto these
cells. This depositingof quadricmatricesis donefor eachof the triangles verticeswhetherthey belong
to one,two, or threedifferentclusters.However, asmentionedearlier only thosetrianglesthat spanthree
differentclusterssurvive the simpli cation, andthe remainingdegenerateonesarenot output. After each
input trianglehasbeenread,whatremainsis a list of simpli ed triangles(speci ed asvertex indices)and
alist of quadricmatricesfor the occupiedgrid cells. For eachquadricmatrix, anoptimal vertex positionis
computedhatminimizesthe quadricerror[44], andtheresultingindexed meshis thenoutput.

Lindstroms algorithmrunsin lineartime in the sizeof theinput andexpectedineartime in theoutput.
As such,themethodis ef cient bothin theoryandpractice,andis ableto procesonthe orderof a quarter
million trianglesper secondon a typical PC. While the algorithmcansimplify arbitrarily large meshesit
requiresenoughcore memoryto storethe simpli ed mesh,which limits the accurag of the outputmesh.
To overcomethis limitation, Lindstromand Silva [62] proposedan extensionof OoCSthat performsall
computationon disk, andthat requiresonly a constantsmall amountof memory Their approachs to
replaceall in-corerandomaccesset grid cells(i.e., hashlookupsandquadricmatrix updateswith coher
entsequentiatisk accessedyy storingall informationassociateavith a grid cell togetheron disk. Thisis
accomplishedby rst mappingverticesto grid cells(asbefore)andwriting partialperclusterquadricinfor-
mationin the form of planeequationgo disk. This stepis followed by a fastexternalsort (Section2.2.1)
ongrid cell ID of the quadricinformation,afterwhich the sorted le is traversedsequentiallyandquadric
matricesare accumulatednd corvertedto optimal vertex coordinates Finally, threesequentiakcan-and-
replacesteps.eachinvolving anexternalsort,areperformedon thelist of outputtriangles,in which cluster
IDs arereplacedwith indicesinto thelist of vertices.

Becauseof the useof spatialpartitioning and quadricerrors, no explicit connectiity informationis



(a) Uniform spatialclustering (b) Adaptive spatialclustering

Figure4: Vertex setpartitionsandsimpli cations basedon (a) uniform and(b) adaptve spatialclustering.
Noticethelong planarcutsmadeby thetop-level BSPplanesn (b).

neededn [61,62]. In spiteof this, theendresultis identicalto whatGarlandandHeckberts edgecollapse
algorithm[44] would produceif the samevertex setpartitioningwereused.On the downside,however, is

thattopologicalfeaturessuchassurfaceboundarieandnonmanifoldedges aswell asgeometricfeatures
suchassharpedgesarenot accountedor. To addresghis, LindstromandSilva [62] suggestedomputing
tangentialerrorsin additionto errorsnormalto the surface. Thesetangentialerrorscancelout for man-
ifold edgesin at areashbut penalizedeviation from sharpedgesand boundaries.As a result, boundary
nonmanifold andsharpedgesanbeaccountedor withoutrequiringexplicit connectiity information. An-

otherpotentialdravbackof connectity oblivious simpli cation—andmostnon-iteratve vertex clustering
algorithmsin general—isthat the topology of the surfaceis not necessarilypresered, and nonmanifold
simplicesmay even be introduced.On the otherhand,for very large andcomplex surfaces modesttopol-
ogy simpli cation may bedesirableor evennecessaryo remove noiseandunimportanfeatureghatwould

otherwiseconsumeprecioudriangles.

4.1.2 Adaptive Spatial Clustering

Thegenerabkpatialclusteringalgorithmdiscusse@bore doesnotrequirearectilinearpartitioningof space.
In fact, the 3D space-partitioningneshdoesnot even have to be conforming(i.e., without cracksor T-

junctions),nor do the cellsthemseles have to be convex or even connectedqalthoughthatmay be prefer

able). Becausdghe amountof detail oftenvariesover a surface,it may be desirableto adaptthe grid cells
to the surfaceshape suchthatmary small cells areusedto partition detailedregionsof the surface,while

relatively larger cellscanbeusedto clusterverticesin at regions.

The advantageof producingan adaptivepartition was rst demonstratethy Shafer andGarland[74].
Their methodmalkestwo passesnsteadof oneover the input mesh. The rst passis similar to the OoCS
algorithm[61], but in which a uniform grid is usedto accumulateboth primal (distance-todce)anddual
(distance-to-grtex) quadricinformation.Basedonthis quadricinformation,aprincipalcomponenanalysis



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

Figure5: Baseof Happy Buddhamodel,simpli ed from 1.1 million to 16 thousandriangles. Notice the
jaggededgesandnotchedn (c¢) causedy aliasingfrom usinga coarseuniform grid. Most of theseartifacts
aredueto thegeometryandconnectiity “ Itering” beingdecoupledandcanberemediedy ipping edges.

(PCA)is performedhatintroducessplit planeshatbetterpartitionthevertex clusterghanthe uniformgrid.
Thesesplit planes,which are organizedhierarchicallyin a binary spacepartitioning (BSP)tree, arethen
usedto clusterverticesin asecondassovertheinputdata(seeFigure4). In additionto superiorqualitative
resultsover [61], Shafer andGarlandreporta 20% averagereductionin error Theseimprovementscome
atthe expenseof highermemoryrequirementandslower simpli cation speed.

In additionto storingthe BSP-treea priority queue andbothprimalanddualquadrics Shafer andGar
land's methodalsorequiresadenseuniformgrid (than[61]) in orderto capturedetailedenoughinformation
to construcigoodsplit planes.This memoryoverheadcanlargely beavoidedby re ning thegrid adaptvely
via multiple passesvertheinput,assuggestetby Feietal. [41]. They proposeauniform clusteringasa rst
step,afterwhichtheresultingquadricmatricesareanalyzedo determinghelocationsof sharpcreasesind
othersurfacedetails. This stepis similar to the PCA stepin [74]. In eachcell wherehigherresolutionis
neededanadditionalsplit planeis inserted andanothempassover theinputis made(processingnly trian-
glesin re ned cells). Finally, anedgecollapsepasss madeto furthercoarsersmoothregionsby makinguse
of thealreadycomputedquadricmatrices.A similartwo-phasehybrid clusteringandedgecollapsemethod
hasrecentlybeenproposedy GarlandandShafer [45], who coupleaninitial spatialclusteringphasewith
a nal in-coreedgecollapsephase They shaw that,by passingpervertex quadricmatricesbetweerthetwo
phasesatherthanrecomputinghemfrom the partially simpli ed mesh themeshquality is improved. This
approachallows tradingoff simpli cation speedandquality by varying the switch-oser point betweernthe
two phaseswith therequirementhatthe rst out-of-corephasehasto coarserthe meshsufciently sothat
it canbe simpli ed in-corein the secondphase.

Theuniform grid partitioningschemeds somavhat sensitve to translationandrotationof thegrid, and
for coarsegrids aliasingartifactsarecommon(seeFigure5). Inspiredby work in imageanddigital signal
processingFei et al. [42] proposeusingtwo interleared grids, offset by half a grid cell in eachdirection,
to combatsuchaliasing. They point out that detailedsurfaceregionsarerelatively more sensitve to grid
translationandby clusteringtheinputon bothgridsandmeasuringhe local similarity of thetwo resulting
meshegagainusingquadricerrors)they estimatethe amountof detailin eachcell. Wherethereis alarge



(a) Coarsespatialpartitions (b) Re ned errordrivenpartitions (c) Simpli ed mesh

Figure6: Vertex setpartitionsandsimpli cation basedon (a) initial spatialand (b) ensuingerrordriven
partitioning. The surfacepatchesn (a) aresmallenoughto be simpli ed in coreoneby one.

amountof detail, simpli ed partsfrom both meshesaremeigedin aretriangulatiorstep. Contraryto [41,
45,74], this semi-adaptie techniquerequiresonly a singlepassover theinput.

4.2 Surface Segmentation

Spatialclusteringfundamentallyworksby nely partitioningthe spacethatthe surfaceliesin. The method
of surfacesggmentationontheotherhand partitionsthesurfaceitselfinto piecessmallenoughhatthey can
befurtherprocessethdependentlyn core.Eachsurfacepatchcanthusbesimpli ed in coreto agivenlevel
of errorusinga high quality simpli cation technique suchasedgecollapse andthe coarseneghatchesare
then“stitched” backtogether Fromavertex setpartitionstandpointsurfacesegmentatiorprovidesa coarse
division of the verticesinto smallersets,which are thenfurther re ned in core andultimately collapsed
(Figure®6). As in spatialclustering,suriacesegmentationcanbe uniform, e.g., by partitioningthe surface
over a uniform grid, or adaptve, e.g., by cutting the surfacealongfeaturelines. We begin by discussing
uniform segmentatiortechniques.

4.2.1 Uniform Surface Segmentation

Hoppe[52] describedbneof the rst out-of-coresimpli cation techniquesasedon surfacesegmentation
for the specialcaseof height elds. His methodperformsa 2D spatialdivision of aregularly griddedterrain
into severalrectangulablocks,which aresimpli ed in coreoneatatime usingedgecollapseuntil a given
errortolerancds exceededBY disalloving ary modi cationsto block boundariesadjacenblockscanthen
bequickly stitchedtogetheiin ahierarchicafashionto form largerblocks,whicharethenconsideredor fur-

thersimpli cation. This allows seamsetweersibling blocksto be coarsenethigherupin in the hierarchy
andby increasingheerrortoleranceon subsequerievelsa progressiely coarsemapproximatioris obtained
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Figure7: Height eld simpli cation basedn hierarchicaluniform surlacesegmentatiorandedgecollapse
(' gure courtesyof HuguesHoppe).

(seeFigure 7). Hoppes methodwas later extendedto generaltriangle meshedy Prince[69], who uses
a 3D uniform grid to partition spaceand segmentthe surface. Both of thesemethodshave the adwvantage
of producingnot a single static approximationbut a multiresolutionrepresentatiorf the mesh—apro-
gressivemesh[50]—which supportsadaptve re nement, e.g.,for view-dependentendering.While being
signi cantly slower (by abouttwo ordersof magnitude pndrequiringmore(althoughpossiblycontrollable)
memorythanmostspatialclusteringtechniguesthe improvementin quality affordedby errordriven edge
collapsecanbesubstantial.

Bernardinietal. [11] developeda stratgy similarto [52,69]. Ratherthanconstructinga multiresolution
hierarchyhowever, asinglelevel of detailis produced Seambetweerpatchesrecoarsenedy shiftingthe
single-resolutiorgrid (somevhatakinto theapproachn [42]) afterall patchesn thecurrentgrid have been
simpli ed. In betweenthe ne granularityprovided by a progressie mesh[69] andthe single-resolution
meshegreatedn [11], Eriksonet al. [38] proposedusinga static,discretelevel of detailfor eachnodein
thespatialhierarchy Asin [11,52,69], arectilineargrid is usedfor segmentatiorin Erikson's method.

Oneof the downsidesof the surfacesegmentationtechniquesiescribedabore is the requirementhat
patchboundariede left intact, which necessitateadditionalpassego coarserthe patchseams.This re-
guirementanbe avoidedusingthe OEMM meshdatastructureproposedy Cignonietal. [23]. Asin [69],
an octreesubdvision of spaceis made. However, when processinghe surface patchfor a nodein this
tree,adjacennhodesareloadedaswell, allowing edgedo be collapsedacrossodeboundariesSomeextra
bookleepingis doneto determinenhich verticesareavailablefor consideratiorof anedgecollapse aswell
aswhich verticescanbe modi ed or removed. This generaldatastructuresupportsnot only out-of-core
simpli cation but alsoediting, visualization,andothertypesof processing Otherimprovementsover [69]
includethe ability to adaptthe octreehierarchy suchthat child nodesare collapsedonly whenthe parent
cell containsasufciently smallnumberof triangles.



Figure8: SubmesHor a setof spanningedgeqshavn asthick lines)usedin El-SanaandChiangs simpli-
cation method.

4.2.2 Adaptive Surface Segmentation

Someof thesurfacesegmentatiormethodsliscussedofar alreadysupportadaptinghevertex setpartition
to the shapeof the surface (recall that this partitioningis the goal of triangle meshsimpli cation). For
example,simpli cation within a patchis generallyadaptve, andin [23] the octreespacepartition adapts
to thelocal compleity of the surface. Still, usingthe methodsabore, the surfaceis always seggmentedby
a small setof prede nedcut planes typically de ned by an axis-alignedrectilineargrid. In contrastthe
out-of-corealgorithmdescribedy El-SanaandChiang[34] sgmentghesurfacesolelybasednits shape.
Their techniqueis a true out-of-coreimplementatiorof the generalerrordriven edgecollapsealgorithm.
Like in other methodsbasedon surface segmentation,edgecollapsesare donein batchesby coarsening
patchescalled sub-meshesip to a speci ed error tolerance while making surepatchboundariesare left
intact. In contrasto previousmethodshowever, the patchboundariesirenotde nedvia spatialpartitioning,
but by a setof edgeswhosecollapsecostsexceeda given errorthreshold. Thus patchboundariesare not
arti cially constrainedrom beingcoarsenedyut ratherdelineatemportantfeaturesn the meshthatareto
bepresered. Ratherthan nding suchboundariegxplicitly, EI-SanaandChiangsortall edgeshy errorand
loadasmary of thelowest-coskedgescalledspanningedges andtheirincidenttrianglesascan t in main
memory The highest-cosspanningedgethen setsthe error thresholdfor the currentiteration of in-core
simpli cation. In this processpatche®f trianglesaroundspanningedgesareloadedandmeigedwhenaer
possible creatingsub-meshethatcanbesimpli ed independentipy collapsingall edgesvhoseerrorsare
belav thethreshold Whenthesub-meshebave beensimpli ed, theiredgesarere-insertednto the priority
gueue andanothetiterationof sub-mestconstructiorandsimpli cation is performed.As in [69], the nal
outputof thealgorithmis a multiresolutionmesh.

While EI-Sanaand Chianguseedgelengthastheir error metric, their methodcanbe adaptedo work
with othermetrics,with one caveat. Note thatinterior spanningedgesconnectedo a sub-mestboundary
maybecollapsednly if theboundarygeometryis notaffected,.e., by forcingthereplacementertex to lie
ontheboundary For errormetricsthatdependnthepositionof thecollapsed-torertex, suchasthequadric



error metric [44], enforcingboundaryconstraintggenerallyimplies elevatededgecostsand consequently
out-of-orderedgecollapseqasin the previous surfacesggmentatiormethods) Of course disallaving such
edgecollapsesaltogetheralsoleadsto anincorrectcollapseorder andmay in additionconsiderablylimit
the setof possiblecoarseningperationsparticularlywhenthe sub-mesheare small and scatteredasis
oftenthe casewhentheinput meshis muchlargerthanavailablememory

To supportincidencequeriesandan on-diskpriority queue El-Sanaand Chiangmale useof ef cient
searchdatastructuressuchas B-trees(seealso Section2). Their methodis surprisinglyfastand works
well whensufcient memoryis availableto constructarge sub-mesheandkeepl/O trafc to a minimum,
andwhenenoughdisk spaceaxistsfor storingconnectrity informationandanedgecollapsequeuefor the
entireinput mesh.Unfortunatelytheir publishedresultsdo not includeexamplesof simplifying very large
surfaceqthelargestexampleis just over onemillion triangles simpli ed onacomputemwith 32 MB of free
RAM), andmorestudiesarenecessaryo determinenow thesuperlinearunningtime of the methodaffects
its scalability

Iteratve simpli cation of extremelylarge meshesanbe a time consumingtask, especiallywhenthe
desiredapproximationis very coarse. This is becausehe numberof coarseningoperationsrequiredis
roughlyproportionako thesizeof theinput In suchsituationsjt maybepreferableo performtheinverseof
simpli cation, re nement by startingfrom a coarsaepresentatioandaddingonly amodestamountdetail,
in which casethe numberof re nementoperationss determinedy the sizeof the output Choudhuryand
Watson[21] describean out-of-coreversionof the RSimpre nementmethod[12] thatthey call VMRSIimp
(for Virtual MemoryRSimp). Ratherthanusingsophisticateaut-of-coredatastructuresVMRSimp relies
onthevirtual memorymechanisnof the operatingsystento handledatapaging.As in the original method,
VMRSimp works by incrementallyre ning a partition of the setof input triangles. Thesetrianglesetsare
connectedand constitutean adaptve segmentationof the surface. The choiceof which triangle patchto
re ne is basentheamountof normalvariationwithin it (essentiallya measuref cunaturede ned overa
region of thesurface). VMRSimp improvesuponRSimpby storingthe verticesandtrianglesin eachpatch
contiguouslyin virtual memory Whena patchis split in two, its constituenfrimitivesarereoiganizedto
presere this locality. As patchesarere ned andbecomesmaller the locality of references effectively
increasedwhich makesthe virtual memoryapproactviable. Finally, whenthe desiredevel of compleity
is reachedarepresentate vertex is computedor eachpatchby minimizing aquadricerrorfunction. Even
thoughthe simpli cation happensn “reverse, this method,like all othersdiscussedere,is yet another
instanceof vertex setpartitioningandcollapse.

4.3 Summary of Simpli cation Techniques

In this sectionwe have seena variety of different out-of-coresurface simpli cation techniquesandwe
discussedhow thesemethodgartitionandlatercollapsethe setof meshvertices.All of thesemethodshave
shawvn to be effective for simplifying surfacesthat aretoo largeto t in main memory The methodsdo
have their own strengthsandweaknessesiovever, andwe would like to concludewith somesuggestions



peakmem.usage (MB) | peakdiskusage (GB) speed

category method theoetical | example | theoetical | example| (Ktri/s)

[61] 14/ oyt 257 0 0 | 100-256

spatialclustering [41] )" 200/ou + 356 0 0| 65-150
[74] 46Nyt 827 0 0 45-90

[62] 0o(1) 8 | 120-37Wi, 21-64| 30-70

[23] 0o(1) 80 ' 68Vin 12 613

: [34] 0o(1) 128 W(Vin) ? 5-7
surfacesggmentation 21] o(1)° 1024 86V, 15 4-5
[69] 0o(1) 512 W(Vin) ? 0.8-1

aSpeeddf authors currentimplementatioron an800 MHz Pentiumlil.
bWhenthe one-timeOEMM constructiorstepis includedin thesimpli cation time, the effective speectropsto 4—6 Ktri/s.
¢This methodis basedn virtual memory Thusall availablememoryis generallyusedduring simpli cation.

Table 1: Simpli cation resultsfor variousmethods. Theseresultswere obtainedor estimatedrom the
original publicationsandareonly approximateWhenestimatingnemoryusagehereexpressedn number
of input (Vin) andoutput(Vey) verticeswe assumehatthe mesheave twice asmary trianglesasvertices.
Theresultsin the “example” columnscorrespondo simplifying the St. Matthev dataset[60], consisting
of 186,810,938ertices,to 1% of its original size. For methodswith constan{O(1)) memoryusagewe
list the memory con guation from the original publication. The disk usagecorrespondso the amount
of tempoary spaceused,anddoesnot include the spaceneededor the input and outputmesh. For the
clusteringtechniquesthe speeds measuredsthe sizeof theinput over the simpli cation time. Because
thesurfacesggmentatiormethodswvork incrementallythe sizeof the outputgreatlyaffectsthespeed.Thus,
for thesemethodghe speeds measuredh termsof the changdn trianglecount.

for whento a certaintechniquanaybe preferableover another

Whereaspatialclusterings generallythefastestnethodfor simpli cation, it oftenproducesowerqual-
ity approximationghanthe methodshasedon surfacesegmentation.This is becausesuriacesegmentation
allows partitioningthe vertex setbaseddirectly on error (exceptpossiblyalong seamsysing an iterative
selectionof ne-grained coarseningoperations. Spatialclustering,on the other hand,typically groupsa
large numberof vertices,basedon little or no errorinformation,in a single atomicoperation. The incre-
mentalnatureof surfacesegmentatioralsoallows constructinga multiresolutionrepresentationf the mesh
that supports ne-grained adaptve re nement, which is importantfor view-dependentendering. Indeed,
several of the surfacesegmentatiormethodsdiscussedbove, including [23,34,38,52,69], weredesigned
explicitly for view-dependentendering.Finally, becaussurfacesggmentatiommethodgyenerallymaintain
connectyity, they supporttopology-preservigp simpli cation.

Basedon the obserationsabove, it may seemthat surface segmentationis alwaysto be favored over
spatialclustering.However, the priceto payfor higherquality and e xibility is longersimpli cation times,
often higherresourcerequirementsand lessstraightforvard implementations.To get a betterideaof the
resourcausage(RAM, disk, CPU) for the variousmethodswe have compileda table (Table 1) basedon
numericaldatafrom the authors'own publishedresults. Note thatthe purposeof this tableis notto allow
accuratequantitatve comparisondetweernhe methodsclearly factorssuchasquality of implementation,



hardware characteristicsamountof resourcecontention,assumptionsnade,datasetsused,and, mostim-
portant,whatpreciselyis beingmeasuredhave alargeimpacton theresults.However, with thisin mind, the
tablegivesatleasta roughideaof how the methodscompare.For example,Tablel indicatesthatthe spa-
tial clusteringmethodsareon averageoneto two ordersof magnitudefasterthanthe surfacesegmentation
methods.Usingthe 372-million-triangleSt. Matthev modelfrom the Digital MichelangeloProject[60] as
arunningexample,thetablesuggests differencebetweena simpli cation time of half anhourusing[61]
andabouta weekusing[69]. For semi-interactie tasksthatrequireperiodicuserfeedbacksuchaslarge-
isosurficevisualizationwhereon-demandgurfaceextractionandsimpli cation areneededa week’s worth
of simpli cation time clearlyis not practical.

In termsof resourcaisagemostsurfacesggmentatiormethodanake useof asmuchRAM aspossible,
while requiringa large amountof disk spacefor storingthe partially simpli ed mesh,possiblyincluding
full connectiity informationandapriority queue For example all surfacesegmentatiormethodgiscussed
above have input-sensitie disk requirementsFinally, certaintypesof datasets,suchasisosurbicesfrom
scienti ¢ simulationg66] andmedicaldata[2], canhave avery complicatedopologicalstructureresulting
eitherfrom noiseor intrinsic ne-scalefeaturesn thedata.In suchcasessimpli cation of thetopologyis
not only desirablebut is necessaryn orderto reducethe compleity of the datasetto anacceptabldevel.
By their very nature,spatialclusteringbasedmethodsareideally suitedfor remaving suchsmall features
andjoining spatiallyclosepiecesof a surface.

To conclude we suggesusing spatialclusteringfor very large surfaceswhentime andspaceareat a
premium. If quality is the prime concernsurfaceseggmentatiormethodsperformfavorably andshouldbe
choserif thegoalis to producea multiresolutionor topology-equalentmesh.For the bestof bothworlds,
we ervision thathybrid techniquessuchas[41,45], thatcombinefastspatialclusteringwith high-quality
iterative simpli cation, will play anincreasinglyimportantrole for practicalout-of-coresimpli cation.

5 INTERACTIVE RENDERING

Theadwancesn thetoolsfor 3D modeling,simulation,andshapeacquisitionhave led to the generatiorof
very large 3D models. Renderingthesemodelsat interactve framerateshasapplicationsn mary areas,
includingentertainment;omputeraideddesign(CAD), training, simulation,andurbanplanning.

In this section,we review the out-of-coretechniquedo renderlarge modelsat interactve framerates
usingmachineswith smallmemory Thebasicideais to keepthe modelon disk, load on demandhe parts
of themodelthatthe userseesandisplayeachvisible partatalevel of detailproportionalo its contritution
to the imagebeingrendered.The following subsectionslescribethe algorithmsto ef ciently implement
thisidea.



5.1 Generallssues

Building an Out-Of-Cor e Representationfor a Model At preprocessintime, anout-of-corerendering
systembuilds a representatiorior the model on disk. The most commonrepresentationare bounding
volumehierarchiegsuchasboundingsphere$72]) andspacepartitioninghierarchiegsuchask-D treeq43,
80], BSPtreeq[85], andoctreed4,23,28,82,83]).

Someapproacheassumehatthis preprocessingtepis performecbnamachinewnith enoughmemoryto
holdtheentiremodel[43,83]. Othersmake surethatthe preprocessingtepcanbe performedon amachine
with smallmemory[23,28,85].

PrecomputingVisibility Information Oneof thekey computationstruntimeis determininghevisible
set— the partsof the modelthe usersees.Somesystemgrecomputdrom-region visibility, i.e., they split
the modelinto cells, andfor eachcell they precomputevhat the userwould seefrom ary point within
the cell [4,43,80]. This approachallows the systemto reusethe samevisible setfor seseral viewpoints,
but it requireslong preprocessingimes,and may causeburstsof disk actiity whenthe usercrosse<ell
boundaries.

Othersystemausefrom-pointvisibility, i.e.,they determineon-the- y whattheuserseegromthecurrent
viewpoint [28,83,85]. Typically, the only preprocessingequiredby this approaclis the constructionof a
hierarchicalspatialdecompositiorfor the model. Althoughthis approacmeedso computethevisible set
for every frame, it requiresvery little preprocessingime, andreduceshe risk of burstsof disk actity,
becausd¢he changesn visibility from viewpoint to viewpoint tendto be muchsmallerthanthe changesn
visibility from cell to cell.

View-Frustum Culling Sincethe usertypically hasalimited eld of view, avery simpletechniquethat
perhapsll renderingsystemause,is to cull away the partsof the modeloutsidethe users view frustum. If
a hierarchicalspatialdecompositioror a hierarchyof boundingvolumesis available,view-frustumculling
canbeoptimizedby recursvely traversingthe hierarchyfrom theroot down to theleaves,andculling awvay
entiresubtreeshatareoutsidethe users view frustum[24].

Occlusion Culling  Anothertechniqueto minimize the geometrythat needsto be loadedfrom disk and
sentto the graphicshardwareis to cull away geometrythatis occludedby othergeometry Thisis a hard
problemto solve exactly [56,80,85], but fastandaccurateapproximationgxist [35,55].

Level-of-Detail Management(or Contrib ution Culling) Theamountof geometrythat ts in mainmem-
orytypically exceedgheinteractve renderingcapabilityof thegraphicshardware. Oneapproacthio alleviate
this problemis to reducethe compleity of the geometrysentto the graphicshardware. Theideais to dis-
play a certainpartof the modelusinga level of detail (LOD) thatis proportionalto the part's contritution
to theimagebeingrendered Thus,LOD managemeris sometimeseferredto ascontritution culling.



Severallevel of detailapproachesave beenusedin the variouswalkthroughsystems.Somesystems
useseveral staticlevels of detail, usually 3-10, which are constructedff-line usingvarioussimpli cation
technique$25,36,44,70,81]. Thenatreal-time,anappropriatdevel of detailis selectebasedon various
criteriasuchasdistancegrom the users viewpoint andscreerspaceprojection. Othersystemsaisea multi-
resolutionhierarchywhich encodesll thelevelsof detail,andis constructeaff-line [31,37,50,51,64,89].
Thenatreal-time themeshadaptdo theappropriatdevel of detailin a continuousgcoherenmanner

Overlapping Concurrent Tasks Anothertechniqueto improve the frameratesat runtimeis to perform
independenbperationsn parallel. Many systemsausemulti-processomachinedo overlapvisibility com-
putation,renderinganddisk operationg4,43,46,83,88]. Coréaetal. [28] shav thattheseoperationsan
alsobe performedn parallelon single-processanachinedy usingmultiple threads.

Geometry Caching Theviewing parametersendto changesmoothlyfrom frameto frame,speciallyin
walkthroughapplications. Thus, the changesn the visible setfrom frameto frametendto be small. To
exploit this coherencemost systemskeepin main memorya geometrycache,and updatethe cacheas
the viewing parameterghangg4, 28,43,83,85]. Typically thesesystemausea leastrecentlyused(LRU)
replacemenpolicy, keepingin memorythe partsof the modelmostrecentlyseen.

Speculative Prefetching Although changesn the visible setfrom frameto frametendto be small, they

are occasionallylarge, becauseaven small changesn the viewing parametersan causelarge visibility

changesThus,althoughmostframesrequireto performfew or no disk operationsa commonbehaior of
out-of-corerenderingsystemss thatsomeframesrequireto performmoredisk operationghatcanbedone
duringthetime to rendera frame. The techniqueto alleviate theseburstsof disk actiity is to predict(or
speculatevhat partsof the modelarelikely to becomevisible in the next few framesand prefetchthem
from disk aheadf time. Prefetchingamortizeghe costof the burstsof disk operationover the framesthat
requirefew or no disk operationsand producesnuchsmootherframerates[4, 28,43,83]. Traditionally
prefetchingstratgieshave relied on from-region visibility algorithms.Recently Coréaetal. [28] shaved
thatprefetchingcanbebasedn from-pointvisibility algorithms.

ReplacingGeometrywith Imagery Image-basetenderingechniquesuchastexture-mappedmnpostors
canbeusedo accelerat¢herenderingprocesgb,30,65,76]. Theseaexture-mappednpostorsaaregenerated
eitherin a preprocessingtepor at runtime(but not every frame). Thesetechniquesresuitablefor outdoor
models.Textureddepthmesheg4, 30,76] canalsobe usedto replacefar geometry Textureddepthmeshes
are an improvementover texture-mappedmpostors,becauseextured depth meshegprovide perspectie
correction.



5.2 Detailed Discussions

Funkhousef43] hasdevelopedaninteractie displaysystemthatallows interactive walkthroughlarge build-
ings. In an off-line stagea displaydatabasés constructedor the given architecturaimodel. The display
databasestoresthe building modelasa setof objectswhich arerepresentea@t multiple level of detail. It
is include a spacepartition constructedoy subdviding the spaceinto cells along the major axis-aligned
polygonsof the building model. The displaydatabasalsostoresvisibility informationfor eachcell. The
precomputedisibility determineghe setof cells (cell-to-cellvisibility) andobjects(cell-to-object)which
arevisible form ary cell. Thevisibility computations basednthealgorithmof TellerandSequin[80].

In realtimethesystenreliesontheprecomputedlisplaydatabas#o allow interactve walkthroughlarge
building models.For eachchangdan theviewpoint or view directionsystemperformsthefollowing steps.

It computeghe setof potentiallyvisible objectsto render Suchsetis alwaysa propersubsef the
cell-to-objectset.

For eachpotentiallyvisible objectit selectsghe appropriatdevel-detailrepresentatiofior rendering.
The screenspaceprojectionis usedto selectthe LOD range,andthenan optimizationalgorithmis
usedto reducethe LOD rangeto maintainboundedramerates.

Thepotentiallyvisible objects eachin its appropriatdevel of detail,aresentto thegraphicshardware
for rendering.

To supportthe above renderingschemefor large building models, the systemmanageghe display
databasén an out-of-coremanner The systemusespredictionto estimatethe obserer viewpoint to pre-
fetch objectswhich arelikely to becomevisible in the upcomingfuture. The systemusesthe obserer
viewpoint, movement,and rotationto determinethe obserer rangthat includesthe obserer viewpoints
possiblein the next n frames.The obserer rangeis weightedbasedon the directionof travel andthe solid
behaior of thewalls.

The cell-to-celland cell-to-objectare usedto predicta supersebf the objectspotentiallyvisible from
the obserer range.For eachframethey computerthe setof rangecells thatincludethe obserer rangeby
performingshortespathsearchof the cell adjaceng graph. Thenthey addthe objectsin the cell-to-object
visibly of eachnewly discoreredcell to thelookaheadset. After addingan objectto the lookaheadsetthe
systenclaimsall its LODs. Therenderingprocesselecttheappropriatestaticlevel of detailfor eachobject
basedn precomputednformationandthe obserer position.

Aliaga et al. [4] have presentedh system,which renderdarge complex modelat interactve rates. As
preprocessingheinput modelsspaceis portionedinto virtual cells thatdo not needto coincidewith wall
or otherlarge occluders A cull boxis placedaroundeachvirtual cell. Thecull box partitionsthe spacdanto
near(insidethe box) andfar (outsidethe box) geometry Insteadof renderingthe far geometrythe system
generatesextureddepthmeshfor theinsidefacesof the cell. Thenthe outsideof the box asviewed from
the cell centerpoint. For the neargeometrythey computefour level of detail for eachobject,andselect



potentialoccludergn the preprocesstage. At runtime, they cull to theview frustum,cull backfacing,and
selectheappropriatdevel of detailfor thepotentiallyvisible objects.To balanceghequality of thenearand
fargeometrythey have useda pair of errormetricsfor eachcell-acull box sizeandthe LOD errorthreshold.
The systemstoresthe modelin a scenggraphhierarchy They usethe models groupingasthe upperlayer,

andbelow thatthey maintainan octree-lilke boundingvolumes. They storethe geometryin the leaf nodes
in a triangle stripsform. Sincelarge fraction of the modeldatabases storedin an externalmedia. The
prefetchperformedbasedon the potentiallyvisible neargeometryfor eachcell, which is computedn the
preprocessingAt runtime, the systemmaintainsa list of cell the usermayvisit. The predictionalgorithm
takesinto accounthe users motionspeedyelocity, andview direction.

Correaetal. [28] have developedtheiWalk, which allows usersto walkthroughlarge modelsatinterac-
tive ratesusingtypical PC.iWalk haspresentec completeout-of-coreprocesghatincludean out-of-core
preprocessingndout-of-corereal-timemulti-threadedenderingapproach.The out-of-corepreprocessing
algorithmcreatesa disk hierarchyrepresentationf the input model. The algorithm rst breaksthe model
into sectionghat t in main memory andthenincrementallybuilds the octreeon disk. The preprocessing
algorithmalsogeneratesierarchicaktructurele thatincludeinformationconcernthe spatialrelationship
of the nodesin the hierarchy Hierarchicalstructureis a small footprint of the modelsandfor thatreason
they have assumedhatit ts in local memory At runtime the algorithmutilizes the createchierarchyin
an out-of-coremannerfor multi-threaded-endering.It usesPLP [55] to determinethe setof nodeswhich
arevisible form users viewpoint. For eachnewly discorerednodethe systemsendsa fetchrequestwhich
is processedby the fetchthreadby loadingthe nodefrom the disk into amemorycache.They systemused
leastrecentlyusedpolicy for nodereplacementTo minimizethel/O overheadalook-aheadhreadis used
to utilizes the usermotionto predictthe future users viewpoint, usethe PLP [55] to determinethe setof
potentiallyvisible nodes andsendfetchrequesfor thesenodes.

VaradharmandManochd83] have developedanalgorithmto rendellargegeometrianodelsatinteractve
rates.Their algorithmorganizeghe modelin the form of scenegraphwith precomputedhierarchicalevels
of detail. At run time, the algorithm traversesthe scenegraph startingat the root nodein eachframe.
For eachvisited node, it performsculling teststo determinewhetherit needsto recursvely traversethe
descendanmtodesor not. Theseculling testsincludeview frustumculling andsimpli cation culling. Upon
completionof thetraversal,thealgorithmcomputesalist of objectrepresentationthatneedto berendered
for the currentframe. They referto the list of objectrepresentationasthe front. As the userchangeshe
view positionandview direction,the objectrepresentationi the front may change.Thesecorrespondo
level-of-detailswitchingeventsandvisibility events.

The traversal of the scenegraphin an out-of-coremanneris achiezed by maintaininga scenegraph
skeletonthatincludesthenodesconnecitiity information,boundingboxes,anderrormetrics.Theresulting
skeletonsizeis typically asmallfractionof thesceneggraphsize. At runtime,they usetwo processesynefor
renderingandtheothermanageshedisk 1/0. Thesetwo processesperatédn parallel. Duringtherendering
of oneframe,thel/O procesgoesinto threestages continueprefetchingfor the previousframe,fetching,
andprefetchingfor the currentframe. Thegoal of the prefetchings to increasdhe hit rateduringthefetch



stage.The prefetchingtakesinto accountlevel-of-detailswitchingeventsandyvisibility events.In orderto
scaleto large front sizes,they assignprioritiesto objectrepresentationandperformprefetchingbasedon
priorities. They useavariantof leastrecentlyusedpolicy in orderto remove objectrepresentationsom the
cache.

6 GLOBAL ILLUMIN ATION

Teller et al. [79] describea systemfor computingradiosity solutionsof large ervironments. Their system
is basedon partitioningthe datasetnto smallpiecesandorderingtheradiositycomputationn suchaway
asto minimize the amountof datathatneedgo bein memoryat ary givensize. They exploit thefactthat
whencomputingradiositycomputatiorfor a given patchonly requiresinformationaboutotherpartsof the
modelthatcanbe seenfrom thatpatch,which oftenis only a smallsubsebf the whole dataset.

Pharret al. [68] describetechniquedor ray tracingvery complex scenes.Their work is basedon the
cachingandreorderingcomputations.Their approachusesthreedifferenttypesof caches:ray, geometry
andtexture caches.In orderto optimizethe useof the cache they developeda specializedschedulethat
reorderghewaytherenderingcomputationgreperformedn orderto minimizel/O operationdy exploiting
computationatlecompositiontay grouping,andvoxel scheduling.

Wald etal. [85,86] present real-timeray tracingsystemfor very-lage models.Their systemis similar
in somerespects$o Pharretal., andit is alsobasednthereorderingof ray computationgray grouping)and
voxel caching. By exploiting parallelismboth at the microprocessotevel (with MMX/SSE instructions)
andatthe machinelevel (PC clusters) Wald et al. areableto computehigh-qualityrenderingsf complex
scenesn realtime (althoughtheimagesarerelatively low resolution).
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