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Abstract

Marny solid modeling applicationsrequire information not only
aboutthe geometryof an objectbut alsoaboutits topology Most
interchangdormatsdo not provide thisinformation,which the ap-
plicationmustthenderive asit buildsits own topologicaldatastruc-
turefrom unordered;polygonsoup”input. For verylargedatasets,
the topologicaldatastructureitself can be biggerthancore mem-
ory, sothatanaive algorithmfor building it thatdoesnt take virtual
memoryaccespatternsnto accountanbecomeprohibitively slow
dueto thrashing.In this paper we describea new out-of-coreal-
gorithmthatcanbuild a topologicaldatastructureef ciently from
very largedatasets,improving performancédy two ordersof mag-
nitudeover a naive approach.

1 Introduction

Thetopologyof aboundaryrepresentatiofb-rep)— the connecty-

ity of its facesedgesandvertices— is asimportantasits geometry
for mary applications.This connectiity informationcanbe used
for operationsranging from computingoffset surfaces,to calcu-
lating vertex normalsfor smoothshading,to meshsimpli cation.

Marny dataexchangeformatsthat describeb-repsonly specifythe
geometryof the boundary leaving it up to the applicationto dis-

cover theconnectiity. Suchanunordered-repdescribingfaceted
geometryis colloquially referredto as“polygon soup:

For a smallmodelthat ts easilyin memory it is efcient for
theapplicationto build upits own topologicaldatastructureby in-
crementallyupdatingit for eachnew polygonin the input. This
naive approachs disastroushowever, for very largedatasets,such
asthoseproducedrom laserrange nder scanned-D input (see
the Digital MichelangeloProject[15] for examplesof enormous
geometricdatasetscontainingasmary astwo billion polygonsde-
scribinga single object). Whenour datastructuresio longer t in
corememory we needto usedifferenttechniquego avoid access-
ing virtual memoryrandomly

We introducea new out-of-corealgorithmthatcanbuild atopo-
logical datastructureef ciently evenfrom very large,unoiganized
datasets.Our implementatiortakes“triangle soup”in STL format
[1] asinput. This is the de facto standardnterchangeormat for
solid freeformfabrication aclassof technologiesisedto manufc-
turecomplex 3D geometriedy building themupin layers[4]. Our
algorithmbuildsalLoop Edge-usdataStructure(LEDS) represen-
tation,atopologicaldatastructurecloselyrelatedto Weiler's radial
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edgestructure[26]. The principlesof the algorithm, however, are
applicablewith ary facetednputandary topologicaldatastructure.
For comparisonwe also describethe designandimplementation
of anin-memoryalgorithmthat builds the LEDS ef ciently from

smallSTL les, butthrashesvheninput les arelargecomparedo

availablememory

2 Previous Work

2.1 Topological Data Structures

Thedatastructurethatwe build is closelyrelatedto Weiler's radial
edgestructure[26]. Theradialedgestructureis a generalizatiorof
Baumgarts wingededgedatastructurd 3] to non-manifoldgeome-
try. Thesedatastructuresallow usto answerguestionsabouttopo-
logical adjaceng relationshipse.g. the facesincidentto anedge,
often eitherin constantime or in time proportionalto the size of
theoutputset. Weiler's datastructurealsorecordstheradial order
ing of facesaroundnon-manifoldedgeghenceits name).Another
importantconceptfrom Weiler'swork is thedistinctionbetweeran
abstractunorientedjeometricelementsuchasanedge andanori-
enteduseof thatelementsuchasadirectededge-usethatdescribes
partof theboundaryof aface.Othervariationson thesedatastruc-
turesincludeMantyld's half-edgedatastructure[16], whichis lim-
ited to 2-manifolds,Rock and Wozry's topologicaldatastructure
for STL [19], alsolimited to 2-manifolds,and the datastructure
that ACIS modelersbuild andexchangen .sat les [21]. Another
importantnon-manifoldrepresentatioformsthebasisfor theNoo-
dlessystemdevelopedby Gursoz,etal. [12]. GuibasandStol' s
quad-edgalatastructure[11] is limited to 2-manifoldsbut cansi-
multaneouslyepresenthetopologyof anobjectandits dual.

2.2 Out-of-Core Algorithms

Numerousout-of-coretechniqueshave beendevelopedfor other
geometricapplications. In the graphicsdomain, theseapplica-
tionsincludelarge building walk-throughsradiosity andray trac-
ing [9, 23, 18]. In the visualizationdomain, several researchers
have addressedut-of-coreisosurficeextraction[6, 5, 22, 2]; oth-
ershave looked at visualizationof terrainandcomputationaluid
dynamicsjncludingstreamline®n mesheg8, 7, 24].

Although our input is geometric,the problemof updatingcon-
nectivity pointersin a topological data structureactually has a
closeranalogyin building objectorienteddatabase§OODBS). In
thesedatabasesthe presenceof inverserelationshipsmeansthat
insertingone objectin the databaseequiresthe systemto update
all of its inverseswhich mustpoint backto it, aswell. Wiener
and Naughtonhave proposecda solutionfor ef cient bulk-loading
of OODBs[27] thatprovidestheinspirationfor ourapproachThe
major insight in their work was that the inverserelationshipup-
datescan be reformulatedas analoguef database€join” opera-
tions. Thesecanberesohed ef ciently for very large datasetsus-
ing “partitionedhashjoin” algorithmg10]. Thesealgorithmsbuild,
oneat atime, memory-sizegiecesof a largerhashtable,in order
to avoid memorythrashing.



6th ACM Symposiunon SolidModelingand Applications to appearJung 2001

3 Data Representations

Ouralgorithmreadsnputin the STL format, aboundaryrepresen-
tation that consistsof a simplelist of triangularfacets.The vertex
coordinatesare speci ed explicitly for eachtrianglein which the
vertex appears.The verticesare enumeratedn counterclockwise
orderas seenfrom the exterior of the part. In addition, for each
triangle, a redundansurfacenormalthat pointsto the exterior of
thepartis speci ed. An exampleof anSTL trianglespeci cationis
shavn in Figurel.

facet normal 0.319565 -0.175219 -0.931222
outer loop
vertex 2.410370 -7.779990 -8.411049
vertex 2.407310 -9.749799 -8.050910
vertex 2.229340 -9.927230 -8.628259
endloop
endfacet

Figurel: An STLtriangle.

Our algorithm constructsa Loop Edge-useData Structure
(LEDS) describingthe topology (connectvity) of the STL input.
LEDS supportsall boundedyigid solids, or r-sets[25], including
not only 2-manifoldsolidsbut alsothe subsebf non-manifoldge-
ometrythatcorrespondso physicallyrealizablesolid objects such
astheonepicturedin Figure2. On suchobjects theneighborhood
of eachpoint on the boundaryis topologicallyequialentto n 2D
disks,n 1, andeachedgein the b-repis usedan equalnumber
of timesin bothdirections.

Figure2: A non-manifoldpart thatis a valid solid.

In the LEDS, we have strippedaway some of the overhead,
which we don't requirefor solid freeformfabricationapplications,
from Weiler's radial edgestructure. Weiler separatesindirected
loopsor facesfrom directedface-usesndloop-usesallowing the
samefaceto bereferencedrom both sideswhereit formsamem-
branebetweencells, for example. We only representhe actual
directedface-usesndloop-usessincea singlefaceor loop is un-
likely to be usedmorethanoncein solid freeformfabrication le
descriptions. For simplicity, we will referto face-usesndloop-
usesasfacesandloopsin therestof this paper

Eachface (seeTable 1) is de ned by one counterclockwise,
outer loop and a (possibly empty) list of clockwise, inner hole
loops. For triangulatedSTL input, we will have no inner hole
loopsin the input geometry Loops are representedmplicitly in
the LEDS: in aface,we storealoop simply asa pointerto anarbi-
trarily choseredge-usén thatloop. Eachedge-usestoresa pointer
to thenext edge-usén theloop; wefollow thesepointersto traverse
theloop.

| FACE |

EDGE.USE* First OuterLoop_EdgeUse
List< EDGEUSE*> | InnerLoop_List

Tablel: Theconnectivitydatastoredwith a LEDSface

Eachedge-usén the loop pointsbackto thefacewhosebound-
aryit helpsto de ne (seeTable2). To malke edge-usesompactwe

storeonly onevertex pointerwith eachedge-usea pointerto the
root vertex (the vertex from which the edge-usés directedaway).
Thevertex ontheotherendcanbefoundby following thepointerto
the next edge-usén theloop andgettingits root vertex. While we
represeneachedge-usexplicitly, the abstract,undirectededges
arerepresentedmplicitly by circularlists of edge-usesharingthe
sameendpointsJinked by “sibling edge-use’pointersstoredwith
eachedge-use.

The LEDS alsorecordsa separatedgelist that containspoint-
ersto theseémplicit edgesstoringeachasapointerto onearbitrar
ily chosenedge-usén the linked list of sibling edge-usesor the
edge.This allows anapplicationto iteratethroughall the edgesef-
ciently, withoutvisiting eachedge-useTheLEDS alsostoredists
of its facesyvertices,andedge-useto supportaddinganddeleting
geometryaftertheinitial inputis read.

| EDGE-USE |
FACE* Face
VERTEX * Root Vertex
EDGEUSE* | Next_In_Loop.EdgeUse
EDGEUSE* | Sibling.EdgeUse
EDGEUSE* | Next_Vertex EdgeUse

Table2: Theconnectivitydatastored with a LEDSedge-use

An importantfeatureof this datastructureis constanspacestor
agefor eachvertex andfor eachedge-use.Ratherthanstoringa
variablelengthlist of all of the edge-usefcidentto a vertex with
thevertex, we chaintogethenrll of thevertex's edge-usesito acir-
cularlinkedlist (in arbitraryorder)via the Next_Vertex_EdgeUse

eld in theedge-usesThe vertex containsa pointerto ary oneof
the edge-use this circular list (the First Vertex_ EdgeUse eld

in Table3). The combinationof thesepointersallows usto iterate
throughall of thevertex's edge-usesvenatnon-manifoldvertices.

| VERTEX |
oat[4] Coordinate
EDGEUSE* | FirstVertex EdgeUse

Table3: Thepositionand connectivitydata stored with a LEDS
vertex.

Forrepresenting@TL input, the spaceusagefor eachfaceis also
constanssincethe faceshave no inner hole loops. Constantspace
storagds importantfor allocatingmemoryef ciently; it allows us
to pre-allocatestoragen arrays.

4 Hashing

To build a LEDS from unoiganizedSTL input, we usehashtables
in both our in-memory algorithm and our out-of-corealgorithm.
SinceSTL doesnt provide vertex identi ers, we usea vertex hash
tableto matchup coincidentvertex coordinates.To determinethe
edgeconnectiity, we useanedgehashtableto matchup edge-uses
with their coincidentsiblings.

For the vertex hashtables,we usethex,y,z coordinatetriple as
the input to the hashfunction. In additionto the input value (the
hashkey), we store(asthe hashdata)a pointerto the LEDS ver
tex for thein-memoryalgorithm;for the out-of-corealgorithm,we
storethevertex'sindex in the nal LEDS vertex array(asexplained
in section7). The pointersandindicesare both 32 bits; thusboth
algorithms'vertex hashtableentriesarethe samesize.

In the edgehashtables,in orderto matchan edge-usewith its
sibling(s)whichmaybeorientedin the oppositedirection,we want
thehashfunctionto returnthe samevalueregardlesof the orderof
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the edge-uses endpoints We accomplistthis by orderingthe end-
pointslexicographically andusethis orderedpair asthe input key

to ourhashfunction,which alsoallows usto useastandaraquality
check. We don't usethe coordinatetriples of the endpoints how-

ever, butrathertheendpoints'datavaluesfrom thehashtable,since
theseareonethird the size. Again, thehashtablekeys arethe same
sizefor both algorithms,thoughthey aredifferentkeys. For the
in-memoryalgorithm,the edgehashtablewill recorda pointerto

asingleedge-useén its data eld, but for the out-of-corealgorithm
the edgehashtable will recordup to two arrayindicesof LEDS

edge-usedn its data eld, asdescribedn the sectionson the re-

spectve algorithms. Thusthe in-memoryalgorithm'’s edgehash
tableentrieswill besmaller

We choseour hashfunctionsboth to be quick to computeand
to minimize collisionsin the hashtable. Integer computationsare
fasterthan oating point computationsso our hashfunctiontreats
the 32 bits thatrepreseneachnormalized oating pointcoordinate
asa 32 hit integer. As partof satisfyingthe secondgoal of mini-
mizing collisions,we useall threecoordinatesandboth endpoints
asinputto our hashfunction,sothatwe won't getadditionalvertex
collisionsfor les thathave mary verticeswith the sameheight,
for example,or additionaledge-useollisionsfor les with vertices
of high valence. We can merely add the two valuestogetherin
the caseof edge-uséhashingbecausave wantedge-usei either
directionto hashto the samevalue. For vertices however, we mul-
tiply the threevaluesby differentnumbersbeforeaddingthemup
to avoid collisionsbetweenpermutationf the samecoordinates,
which could be an issuefor symmetricalparts. We useidentical
hashfunctionsfor thein-memoryandout-of-corealgorithms.

We addres<ollisionsin our hashtablesby usingopenaddress-
ing and double hashingto nd an empty slot. (Openaddress-
ing meansthatif aninput value hashego a positionthat hasal-
readybeenusedfor anothervalue,ratherthan“chaining” together
alinkedlist of multiple entriesfor thatposition,we follow a probe
sequenceauntil we nd anemptyslot. Double hashingis a tech-
niquefor choosingthis probesequenceisinga seconchashfunc-
tion to choosean offset value. See[14].) Oncea hashtableis
very full, its performancedegradesdrastically aswe mustsearch
alongerandlongerprobesequenceéo nd anemptyslot. When
a hashtableis lled to 80% capacity the total numberof misses
will be roughly equalto the total numberof hits; at this time we
rehashin a new hashtablethatis twice the size (“rounded” up to
the next prime numbey of course)to improve the hit rate. In gen-
eral,alargerhashtablewill give betterperformancettheexpense
of using more memory We feel that rehashingat 80% full is a
reasonabl¢éime/spacearadeof.

5 Test Files and Platform

To examinethe effectsof le sizeon performancewe timed the
performanceof our algorithmimplementation®n a seriesof les
that approximatethe sameideal geometry Our canonical‘knot”
testpart,shavn in Figure3, is outputfrom Séequin's sculpturegen-
erator[20]. We variedthe nenessof the tesselatiorto produce
differentsized les containingl10,000to 1,000,00Griangles.

All of thetrianglesin thesetest les areorganizedinto consecu-
tiveringsof trianglestrips,outputin thesameorderthatthey adjoin
in the part. As such,they exhibit nearidealtopologicalcoherence.
Fortriangleson eachstrip, two of thetriangle'sthreeneighborswill
bein thesamestripandimmediatelyadjacentoit in the le, andits
third neighbowill bein theadjacenstrip. Becausef thistopolog-
ical coherencén theinput, even a naive in-memoryalgorithmthat
updategheconnectiity asit readsn eachtriangleshouldnothave
thrashingproblemswithin the LEDS. To extractthe effectsof input
cohereng, we also madeanotherversionof eachtesselatedknot
input le thatcontainedhe sametrianglesbutin randomorder

We ran our testson a dual processoPC with two Pentiumlll

Figure3: Thecanonicaltriangulatedknottestpart. Theversion
shownhere hasonly 4,800triangles so that the organizationof
thetriangle stripsinto adjacentstoriesis clearly visible \Versions
of the part with more triangleshaveboth more storiesand more
trianglesper story,

700 MHz processor&nd 1 GB of virtual memory Using Linux,
we bootedthe machinewith only 32 MB RAM to demonstratbowv
performancés affectedwhenthetotal spaceequirementsremary
timesthe sizeof availablememory

6 In-Memory Algorithm

For anin-memorybuild, we constructandupdatethe LEDS aswe
readeachnew trianglefrom theinput. Weallocateanew LEDSface
andthreeLEDS edge-use$or eachtriangle. We canimmediately
setpointersfrom the edge-useto this face,from eachedge-useo
the next edge-usen the loop, andfrom the faceto its rst edge-
use. The vertex andsibling pointers,however, requirehashtable
lookups.

We look up eachcoordinatetriple in theinput le in the vertex
hashtable, so thatwe know whetherit refersto a nen vertex that
needgo beinitialized, or to anexisting vertex to which we needto
“add” edge-usedn the rst casewe allocatea new verte, initial-
ize its coordinatesandsetits rst edge-usdo bethe edge-usén
the currenttrianglerootedat this vertex. Thenwe recorda pointer
to this new vertex in the hashtable. In the secondcase we don't
needto allocatea new vertex or updatethe hashtable, but we do
needto addthe edge-useootedat this vertex to the circular list of
edge-usefor thevertex. We insertit afterthe rst edge-usdor the
vertex, which only requireslooking up and updatingone existing
LEDS elementthevertex's rst edge-use).

After we know theaddressesf thethreeLEDS vertices,we can
look up the threeedge-usef the edgehashtable. As mentioned
above, we usethelexicographicallyorderedaddressesf theirend-
pointsasthe hashkey. If it is the rst edge-userocessedor the
edgewe addit to thelinkedlist of all edgesandrecordits address
in thedata eld of thehashtableentry Otherwisewe addit to the
circular list of sibling edge-usedy insertingit afterthe edge-use
storedin the hashtable. Again, we needonly look up andupdate
oneexisting LEDS element.

For aone-passlgorithm,we cannotallocatethe LEDS elements
in the correctsizearraysaheadof time, sinceASCIl STL contains
noinformationat the startof the le aboutthenumberof triangles,
vertices,or edges.We usethe approacthof allocatingthe arraysin
buffers of 256 LEDS vertices,edge-usesor faces,andallocating
additionalbuffersasthe existingones|l up.

The running times for this in-memory algorithm on the knot
sculpturetest les areshavn in Figure4. Eachdatapoint is the
averageof ve trials. For small les with up to 70,000triangles,
the runningtimesgrow linearly andareidentical for the coherent
andrandomlyorderedles. For mediumsized les betweeriz0,000
to 200,000triangles,the runningtimescontinuedto grow linearly
for coherentinput becauseherewas enoughroomin memoryto
hold both the hashtablesandthe active portion of the LEDS. For
the randomlyordered les of this size, however, the randomac-
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cessedo boththe LEDS andthe hashtablescausedhrashingand

the performanceavorsensconsiderablyor therandom les. Forthe

large les containingover 400,000triangles,the active portion of

theLEDSnolonger ts in memorysimultaneouslyvith thehashta-

blesevenfor thecoherentles, andtheresultingmemorythrashing
is re ectedin theruntimes. Themillion trianglecoherentestpart
took almostseven hoursto processcomparedo only seven sec-
ondsfor the 100,000triangle coherentestpart. Thrashingis even

worsefor thelargerandomizedest les thanfor thelargecoherent
test les: for 600,000triangles,it took seventeentimeslongerto

procesgherandom le comparedo the coherentle, with atotal

processingime of over 24 hours. (We didn't have the patienceor

sparecyclesto runthealgorithmonstill largerrandomizedles.)
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Figure4: RunningtimesunderLinux with 32 MB RAM for the
in-memoryalgorithmon STL les of theknotsculptue testpart,

tessellatedo contain from 50,000to 1,000,000triangles. The
solid data seriesis for spatially coheent STL input, while the
dotteddataseriesis for STLinput describingidentical geometry
but with the order of thetrianglesrandomized.

Runningtimesof hoursor daysareclearly unacceptablewhile
high-enddesktopmachinegodaycommonlyhave anorderof mag-
nitudemorethan32MB of RAM, thelargesttriangulateddatasets
have two or threeordersof magnitudemoretriangles[15]. Buying
morememorywill not be a viable solutionfor thelargest les. In
the next section,we presentour algorithmfor avoiding thrashing
andthe resultingexponentialgrowth in build time whenthe data
(andhashtables)aretoo big for memory

7 Out-of-Core Algorithm

One sourceof thrashingin the in-memoryalgorithmis that each
new face,vertex, or edge-usehat we readin could be connected
to elementghat have alreadybeenwritten out to disk, andthose
elementswill nov needto be pagedbackin to be updated. With
multiple updatesto the sameelementseparatedn time, eachof
theseupdatesancausea pagefault. Evenif theinputis extremely
coherent,so that updatesto the sameelementare closely spaced
in time, we still seethrashingwhenthevertex andedgehashtables
becomeoolargeto co-e&istin memory Hashtablesby their nature
are accessedandomly with no guaranteahat the portion of the
hashtablewe acces®n eachlook-upwill still bein memory

Our out-of-corealgorithm avoids theseproblemsin two ways:
by reorderingandgroupingrandomhashtableaccessesothatwe
needto build andacces®nly onememory-sizegartition of asin-
gle larger hashtable at a time, and by using external meige-sorts
to reorderall otheroperationgdo make them sequentiatreadsand
writes. Our only out-of-orderaccessesre within the hashtable
partitionsandduringthe sortingstage.

Our out-of-corealgorithmhasfour stagesdescribedn detailin
thesub-sectiondelow. In summary:

We male the only passthroughthe original input le during
stageone. During this stage,we assignsequentialedge-useand
facelDs (recall thata LEDS faceis really an orientedface-use)
to eachedgeuseandtrianglein the input. We recordthe topo-
logical relationshipsmmediatelyavailablefrom the input, usinga
separatarrayfor eachtype of relationship.Theserelationshipsare
recordedusingthelDs justassignedWe alsorecordthevertex-use
coordinatesand other information we needto derive the remain-
ing topologicalrelationships.In stagetwo, we build a partitioned
vertex hashtable and useit to translatevertex-usecoordinatego
vertex IDs, andto derive thevertex topologicalrelationshipsgreat-
ing new arraysto hold them. In stagethree,we build a partitioned
edgehashtableto matchedge-usesvith their siblingsandrecord
theserelationshipsn additionalarrays.In stagefour, we Il in the
actualLEDS elements.First we sorteacharraysothatthe entries
appeain thesameorderasthey will berecordedn the nal LEDS.
Thenweread,in parallel,from thefront of all thearrayscontaining
vertex informationto createthe vertices. Next, the edge-usesnd
thenfacesare constructedy readingin parallelfrom their corre-
spondingarrays. This allows usto write all of the informationwe
needto recordin eachLEDS elementat creationtime, so thatwe
donotneedto go backandmodify elementghathave alreadybeen
written outto disk.

Below, we describethesefour stagesn detail. Figure5 shavs a
condensedummaryof thefour stages.

Assign|Ds
Record topologicalrelationships

Build vertex hash partitins
Translate vertices

vertex coordinatedynamic array |
edge-use’s root vertex array partition s}

. | Build edge hash partitiar
Match edge-uses

edge-use's siblingdynamic array parti tions
distinct edges dyamic arra

Sort arrays
Build LEDS

Stage ¢

Figure5: Thefour main stagesof the out-of-coe algorithm. The
arrays of intermediatedata createdat ead stage are shownin
boxes.

7.1 Stage One

Recallthatthe two tasksin stageoneareto assigniDs andrecord
topologicalrelationshipsn arrays. We usea separateounterfor
assigningsequentiallDs to eachtype of LEDS element(vertex,
edge-useandface)sothatwe canalsousethe ID asanarrayin-
dex for thatelements array (Later, oncewe know the addresgor
the startof eacharray this allows usto translatelDs to pointers
without ary lookupsusingsimplearithmetic.) For eachtrianglein
the input, we canimmediatelyassignnew IDs for a faceandits
threeedge-usesinceeachis auniqueuse.We cannotimmediately
assignnew vertex IDs, however. We do not know if eachvertex
is being encounteredor the rst time, in which casewe needto
assignit anew ID, or if it is avertex thatwasalreadyusedin atri-
angleappearingearlierin the le, in which casewe shouldusethe
ID alreadyassignedo it. Thereforejn stageone,while we record
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IDs for facesandedge-usesyerecordthecoordinateriplesfor the
vertex-useswaiting until we have built avertex hashtablein stage
two to assignvertex IDs.

In the generalcase we recorddatain ve differentdynamicar
rays during stageone. Four of themrecordID pairs, wherethe
rst ID is thatof a LEDS elementthatwill containa pointerto a
LEDS elementwith thesecondD. Thesearethe“edge-uses face),
the“edge-uses next-in-loop edge-usé the“faces outerloop edge-
us€; andthe“faces innerloop edge-use’arrays. For triangulated
input, noneof the faceshave innerloops;therefore we clearly do
notneedhislastarrayfor STL. But for triangulatednputwe donot
needto recordtheseotherthreearrayseither Theinformationthey
would containcanbe derived laterwhenwe needit (asdetailedin
the descriptionof stagefour belonv) merelyfrom knawing thetotal
numberof trianglesandthatthefaceandedge-uséDs areassigned
assequentialntegers.

The nal arraythatwe alwayscreateand Il during stageone
will be usedfor deriving all of the remainingtopological rela-
tionships. It containsone entry per edge-usebut unlike in the
four arraysdescribedabore, eachentry is not a pair of IDs that
translatedirectly to a pointerin the nal LEDS. Insteadan en-
try containsthreepiecesof information: the ID of the edge-use,
andthe coordinatef the edge-use two endpoints'vertex-uses.
We call this the “untranslatededge-use’array becausehe vertex-
usecoordinatesieedto be translatedo vertex IDs beforewe can
interpretthem as pointers. To preparefor the vertex translation
in stagetwo, we outputthe untranslatecedge-usearray in parti-
tions,appendingeachentryto theendof theappropriatepartition:

ledsEdgUselD = 1;
foreach triangle Tin input f
v1PRartition = GetPartition( T.vlCoods);
UntranslatedEdgUse§ v1Rartition].AppendTriple
(ledsEdgUselD++, T.vlCoods T.v2Coods);
v2PRartition = GetPartition( T.v2Coods);
UntranslatedEdgUse§ v2Rartition].AppendTriple
(ledsEdgUselDr+, T.v2Coods T.v3Coods);
v3PRartition = GetPartition( T.v3Coods);
UntranslatedEdgUse§ v3Rartition].AppendTriple
(ledsEdgUselDr+, T.v3Coods T.viCoods);

7.2 Stage Two

Stagetwo is the vertex hashtablebuilding andtranslationstage.If
theinput le is large,this hashtablewill not t in memory;there-
fore, we usea partitionedhashtable. With partitionedhashtables,
we only build one memory-sizedpiece (a “partition”) of a larger
hashtableat atime. Most Unix implementationsiowv supportthe
mlock() function,whichwe useto lock the partitionsin memory
while we areaccessinghem.

Usingpartitionedhashtablesrequiresestimatinghow mary hash
tablepartitionswe will needanddividing theinputinto thatmary
datapartitionsbeforewe processt. We take the hashvalueof the
vertex, modulothe numberof partitions,asthe index of the data
partition in which to storethe input. This assureghatall of the
input correspondingo the sameentry in the hashtablewill bein
the sameinput datapartition. Oncethe datais partitioned we read
onedatapartition at a time andbuild its correspondindhashtable
partition.

We translatethe two endpointverticesin the input in separate
steps. For the rst translationstep,we partition the “untranslated
edge-usearraybasednthehashvalueof theedge-use rst end-
point's coordinatesWe try to predictthe numberof partitionsthat
we will needfrom the size of the input le so that we can par
tition the “untranslatededge-use’array appropriatelyat creation
time in stageone;the randomhashingshouldmale the partitions

of roughlyequalsize,sothatthehashtablefor eachwill t in mem-
ory. If necessaryve canre-partitionthe arraywhenwe build the
hashtables.

The input to stagetwo consistsof the “untranslatededge-use”
dynamicarray partitions;the outputconsistsof threenew arrays:
the“vertex coordinate”dynamicarray containingthe vertex coor
dinatescorrespondingo eachuniquevertex ID, an“edge-uses root
vertex” array containingeachedge-usdD with the vertex ID for
its correspondingoot vertex, anda “translatededge-usetlynamic
arraywith the sameentriesasthe input untranslateeédge-usebut
with the vertex-usecoordinateseplacedby vertex IDs. Figure6
shaws the data o w betweenthesearraysandthe hashtable parti-
tionsduringbothtranslationstepsof stagetwo.

Vertex Hash Table
partition 1

Untranslated | '
Edge-Use — J5e 1
partition 1 i Root Vertex '
' partition 1 ELEEIE
' | Edge-Use
, Semi-translate artition 1
. Edge-Use '
i artition 1 T
; ! Edge-Use
1 Vertex artition 2
: :
1 ranslate!
' Semi-translated Edge-Use
i Edge-Use artition 3
i partition 2 !
‘ Tansiatel
Edge-Use's Edge-Use
Untranslated Root Vertex ' artition 4
Edge-Use partition 2
partition 2

Vertex Hash Table
partition 2

Stage Twa

Figure6: Data ow for the two vertex translationstepsof stage
two. Theoutputis indicatedby bold boxes We usethe samehash
table partitions for both stepsbut repartition and visit the hash
table partitionsin reverseorder in steptwo. Notethat there are
mote partitionsat the endfor theedge hashtablewewill build in
stege threg sincethere are more edgesthanvertices.

Someof thesearraysare staticand someare dynamic. We out-
put the “edge-uses root vertex” informationin one array per in-
put partition, thusensuringthateachresultingarraywill also t in
memory(for later sorting). Thesearrayswill have the samenum-
berof entriesastheinput partitions;thereforewe canallocatethem
statically Ontheotherhand the“translatededge-useinformation
needgo be partitioneddifferently thanthe input; therefore we do
not know its partition sizesand thus cannotallocatestatic arrays
for them. We alsodo not know how mary distinctverticeswe will
have; therefore,we mustusea dynamicarray to hold the vertex
coordinategswell.

Beforeprocessingach‘untranslatededge-usepartition,we al-
locateits vertex hashtable partitionandlock it in memory The
inputkey to thevertex hashtableis a coordinateriple, andthedata
storedin thehashtablealongwith thekey is thecorrespondinger
tex ID.

After we have allocatedthe vertex hashtable partition for the
“untranslatededge-use’array partition, we performthe rst ver
tex translationstep(seeFigure7 for pseudo-code)We readeach
untranslateeentry < Edge-UselD, Endpointl Coodinates,End-
point 2 Coodinates> from the input partition in turn, andlook
up the coordinateof the middle eld of the entry Endpointl, in
the vertex hashtable partition. If the coordinatesare not foundin
the hashtable,we assignthe next sequentialertex ID to theseco-
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leds\értexID = 1;
foreach vertex-partition vP f
allocate VtxHash@ableg vF];
lock VtxHash@ableg vF];
foreach triple <EdgeUselD Vix1Coods Vtx2Coods>
in UntranslatedEdgUse§vP] f
ViXID = VixHash@ableg vP].LookUp( Vix1Coods);
if I( vixID) f /lit's a new vertex
VixID = leds\értexID++;
VixHash&bleg vP].Insert( Vix1Coods, VixID);
VixCoodinatesAppend( Vitx1Coods);

g

/loutput edge-use's  root vix

EdgeUseRootéfteq vP].AppendPair
( EdgeUselD VixID);

/Irepartition based on vtx2 hash value
newP = GetPartition( Vitx2Coods);
SemiTanslatedEdgUse§ newP].AppendTriple

( EdgeUselD VixID, Vtx2Coods);

g
free  UntranslatedEdgUse§ vF;
unlock VitxHash@bleg vP;

g
Figure7: Pseudo-codéor stage two, vertex translationstepone

ordinatesfecordthis vertex ID in the previously emptyhashtable
entry, alongwith the coordinatesandappendhe coordinatetriple
asthelD-th entryin the“vertex coordinate”array (Whenwe pro-
cesssubsequenpartitions,we usethe samecounterfor assigning
vertex IDs andoutputthemto the same unpartitioned,'vertex co-
ordinate”array) Otherwisewe readthepreviously assignedrertex
ID from the hashtable. This endpointis the root vertex for the
directededge-usewe take its vertex ID alongwith the edge-use
ID from the original entry and appendthe pair < Edge-UselD,
Vertex ID > to the current“edge-uses root vertex” arraypartition.
Finally, we replacethe middle eld of the original entry with the
vertex ID and appendthe semi-translatedriple, < Edge-UselD,
Vertex ID, Endpoint2 Coordinates> , to theappropriaténtermedi-
ate“semi-translate@dge-usearraypartition. Thistime we choose
the partition basedon the hashvalue of the nal eld in the entry,
the coordinatesof Endpoint2, sincethatis the next eld we will
be hashing.(Theinput waspartitionedbasedon the hashvalue of
the coordinatesof Endpoint1, which in generalwill be foundin
a differenthashtable partition than Endpoint2; hencethe needto
re-partition.) Eventhoughwe arere-partitioning,however, we can
still usestaticarraysbecauseachvertex appearshe samenumber
of timesin both endpointpositions;therefore,the partitionswill
be the samesizeaslasttime. After processingeach“untranslated
edge-usearray partition, we free its memory We unlock the cor
respondingvertex hashtable partition, allowing it to be pagedout
of memory but do notfreeit yet.

In the secondvertex translationstep, we translatethe second
endpointcoordinatein each“semi-translatecedge-use’o a ver
tex ID usingthe samehashtable partitionswe built in translation
stepnumberone (seepseudo-codeén Figure 8). We processthe
partitionsin the oppositeorderthis time, startingwith the “semi-
translatecedge-use’partition correspondingo the lastvertex hash
tablepartitionthatwe built, sincethis hashtablepartitionwill still
bein memory Again, we lock eachhashtable partitionin mem-
ory while it is in use. We appendthe resultingtranslatedtriple,
< Edge-UselD, Vertex ID, Vertex ID >, to the appropriatétrans-
latededge-usearraypartition(thistime basingthe partitionchoice
on the hashvalue of the edge,usingthe lexicographicallyordered
pairof vertex IDs asthehashkey). We canfreeeachvertex hashta-
ble partitionandits correspondingsemi-translateédge-usearray
partitionafterwe nish processindgt.

foreach vertex-partition vP f
lock VitxHashTables[ VP];
foreach triple <EdgeUselD VixID1, Vix2Coods>
in vSemiTanslatedEdgUse§vP] f
VixID2 = VtxHash@ableg vP].LookUp( Vix2Coods);
/I order endpoints lexicographically
if (VixID1 < VixID2)
Key = (VixID1, VixID2);
else
Key = (VixID2, VixIDY);
/I Find edge-use partition
euP = GetPartition( Key);
TranslatedEdgUse§ euH.AppendTriple
(EdgeUselD VixID1, VixID2);

g
free VitxHash@ableg vP;
free SemiTanslatedEdgUse§ vF;

g
Figure8: Pseudo-codéor stage two, vertex translationsteptwo.

If the entirevertex hashtable ts in memoryandwe arenot par
titioning, thenwe canperformtranslationsteptwo atthesametime
asstepone,sincewe'll alwaysbe looking at the same,lone hash
tablepartitionto nd both vertex-uselDs for thetriple. In fact, if
we have not partitioned,thenwe could further optimize by look-
ing up only onetime eachthethreedistinctvertex coordinateshat
appearasoppositeendpointsof the threeconsecutie untranslated
edge-useentriesfor a singletriangle. This will halve the number
of vertex-uselookupscomparedo the partitionedcase. Further
more,the “edge-uses root vertex” arrayfor the unpartitionedcase
would not needto recordthe edge-uséD explicitly sincethey will
be generatedsequentially Even if we have multiple partitions,
someedgeswill still have both endpointsn the samepartition. If
we nd uponhashingthe secondendpointat the endof translation
steponethatit belongsin the samepartition, we translateit im-
mediatelyand outputthe fully translatedriple directly insteadof
goingthroughthe semi-translatetables.

7.3 Stage Three

In stagethree,we build a partitionededgehashtablein orderto
matchup edge-usethatareonthe sameedge.We outputan“edge-
uses sibling” dynamicarraythat recordssibling pointerinforma-
tion, andalsorecordthe D of oneedge-usgeredgein a “distinct
edges’dynamicarray(in stagefour we will build the globallinked
list of edgesfor the LEDS from this array). Our input s the par
titioned “translatededge-use’array outputin stagetwo, steptwo.
Figure9 shawvs thedata o w duringstagethree.

Before processing each “translated edge-use” partition of
< Edge-UselD, Vertex ID, Vertex ID > entries,we in turn allo-
catean edgehashtable partition for it. Again, sincewe will be
accessinghe hashpartitionrandomly we lock it in memory The
inputkey to this hashtableis thelexicographicallyorderedpair of
vertex IDs of the endpointof the edge-usgagain,we usethe lexi-
cographioorderingto hidethedirectionof theoriginal edge-useo
thatwe canmatchit with theunorientededge).Whenwe outputthe
partitioned“translatededge-use’arrayat the end of stagetwo, we
basedhe partitionchoiceonthehashvalueof thisinputkey. In ad-
dition to storingtheinputkey, theedgehashtable'sdata eld entry
will storeup to two edge-usdDs for the edge,in the “ rst edge-
use” eld andthe“mostrecentedge-use’eld (shawvnin Table4),
asdetailedbelow andin pseudo-codén Figurell.

Key LesseNertex ID GreateVertex ID

Data || FirstEdge-UsdD | MostRecentdge-UsdD

Table4: Anedg hashtable key-datapair.
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Edge Hash Tab

partition 1

Translated
Edge-Use
partition 1

partion 0|
partition 1

dge H
partiti

Translated
Edge-Use

= Distinct
partition 2

Edges Array

dge H
partiti

Translated
Edge-Use
partition 3

dge H
partiti

Translated
Edge-Use
partition 4

partition 4

Stage Three

Figure9: Data ow for stage three Theoutputis indicatedby
bold boxes.

One partition of the “translatededge-use’array at a time, we
look up eachentry's lexicographicallyorderedvertex IDs in the
edgehashtable partition we have allocatedfor it. If the edgeis
not found, we make a new entry for it in the hashtable partition,
recordingthe edge-usdD (the rst eld of the “translatededge-
use”inputtriple) in the“ rst edge-use”eld. We alsoappendhis
edge-uséD to the“distinct edges™array

If thereis alreadyanentryfor theedgein thehashtablepartition,
andit hasthe “rst edge-use'data eld lled but not the “most
recentedge-use”eld, thisis thesecondedge-usdor theedge.We
readthedatafrom the“ rst edge-use”eld in orderto appendwo
new entriesto the “edge-uses sibling” array: onepair of edge-use
IDs representindhe pointerfrom the currentto the rst edge-use,
andonepair of edge-uséDs representinghe pointerfrom the rst
to the currentedge-use.Thenwe recordthe currenttriple's edge-
uselD in the“mostrecentedge-use’eld.

For input that wasguaranteedo be 2-manifold, these rst two
edge-usesvould be all the siblingsfor the edge;eachedge-usef
thepairwould pointto theother its solesibling. If thiswasthecase
for all edgeswe would not needto recordthemostrecentedge-use
in the hashtable. In fact, we could deletethe edges whole entry
afterprocessinghe secondedge-usén orderto freeup morespace
in the hashtable. But for non-manifoldparts,we can have more
thantwo edge-useperedge.

Whena non-manifoldedge-uséashego an edgeentrythat al-
readyhasbothof its data elds lled by two otheredge-usefor the
edge,we alsoappendtwo new entriesto the “edge-uses sibling”
array (refer to Figure 10): one pair of edge-usdDs representing
thepointerfrom thecurrenttriple's edge-usé¢o the* rst edge-use”
recordedn thehashtable(asbefore),andonepair of edge-uséDs
representinghe pointerfrom the “most recentedge-use'tecorded
in the hashtableto the currenttriple's edge-use.This latter sib-
ling pointerinformationwill, whenthe actualLEDS edge-usds
lled in, overridethe “edge-uses sibling” pair we recordedwhen
we processedhe “most recentedge-usé,backwhenwe recorded
that its sibling wasthe rst edge-use.In the LEDS, the sibling
pointersof the edge-usesat eachedgewill thusform onecircular
list, thoughtheorderof thelist will dependbntheinput le andwill
notnecessarilyperadially sorted.(We doradialsortinglaterand/or
divide up the coincidentedge-usefto pairsto make a pseudo-2-
manifoldrepresentatioif aparticularapplicatiorrequirest.) Then
we overwrite the “mostrecentedge-use”eld in the hashtableen-
try with the currentinput entry's edge-uséD, sothatwe canadd
additionalsiblingsto the nal circular list. Later, whenwe pro-

cessthe“edge-uses sibling” array we will have two entriestelling
uswhatshouldberecordedn the sibling pointer eld for someof
thesenon-manifoldedge-usesWe mustbe sureto take the latter
one.

V1

Eu1| [Eds
il

/]
V2 /v;\

non-manifold part non-manifold edge

hash table entry edge-use's sibling  circular list

(most recent EU array additional thus far:

overwritten): entries:

EUY |

key first most recent

EU EU

V1,V2|EUIEU2 EUIEU2 EU1—-=EUZ
EUZ2EUL A

V1,V2|EUIEUS3 EUIEU3 EU1—-=EU3J
EU3EU2 \m /

V1,V2|EUIEU4 EUIEU4 EU1—-=EU4
EU4EU3

Figurel0: Werecod eat edge-usethathashego anedgin one
of thedata elds in the hashentry If the“r st edge-use” data
eld is full, werecod it in the “most recentedge-use” data eld
andappendwo new entriesto the “edge-uses sibling” array, as
illustrated. Interpretingead new sibling array entryto override
anypreviousentriesfor thesameedge-usewegetthecircular list

shownon theright after eac additionaledge-useis added.

We repeatthis procesdor eachof the input partitions. We can
freethe memoryfor each“translatededge-use‘arraypartitionand
its correspondingdgehashtablepartition aftereachhasbeenpro-
cessedsincethey arenotreused.

7.4 Stage Four

Wewait until this nal stageto actuallyallocatethe LEDS vertices,
edge-useandfaces.We Il in anarrayof onetype of LEDS ele-
mentat a time usingtheinformationin theintermediatearrayswe
have built, sortingthem rst (if notalreadysorted)by thelD of the
LEDSelementvith whichtherelationshipeachentrydescribesvill
be stored. Thelargerinput arrayswill be storedin multiple parti-
tions which individually t in memory We sort thesepartitions
separatelyandthenperformthe nal “merge” stageof amerge-sort
implicitly: we keepa pointerto the next unprocessedntryin each
partitionof apartitionedarray andreadfrom the partitionwe deter
mine containsthe datafor the next sequentialD beingprocessed.
We will only be making one sequentiapassthrougheachsorted
partition during the mege; therefore we will only needoneblock
of eachsortedpartitionin memoryatatime.
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foreach edge-use-partition euP f
allocate EdgeHash@ablg euR;
lock EdgeHash@ablg euH;
foreach triple <EdgeUselD VixID1, VtxID2>
in TranslatedEdgUsefeur f
if (VixID1 < VixID2)
Key = (VixID1, VixID2);
else
Key = (VixID2, VixID1);
Data = EdgeHash@bld euF.LookUp( Key);
edge-use for edge
if (! Data) f
EdgeHash@blg euH.SetFirstEdgeUse
( Key, EdgeUselD;
DistinctEdgesAppend( EdgeUselD;

[ffirst

g
/lsecond edge-use for edge
elseif ( Data.FrstEdgUse and
! Data.MostRecentEddJsg f
EdgeUsesSiblingeuP.AppendPair
( EdgeUselD Data.FrstEdgUss;
EdgeUsesSiblingeuH.AppendPair
( Data.FrstEdgUse EdgeUselD);
EdgeHash@blg euR.SetMostRecentEdgeUse
( Key, EdgeUselD;

g
//subsequent edge-use for non-manifold
elseif ( Data.FrstEdgUse and
Data.MostRecentEddJsg f
EdgeUsesSiblingeuH.AppendPair
( EdgeUselD Data.FrstEdgUss;
EdgeUsesSiblingeuH.AppendPair
( Data.MostRecentE@d)se EdgeUselD;
EdgeHash@blg euR.SetMostRecentEdgeUse
( Key, EdgeUselD;

edge

g

g
free EdgeHash@ablg euB;
free TranslatedEdgUse§ euR;

Figurell: Pseudo-codéor stege three

We cannot Il in the edge-usesrst becausewne will not have
the information neededto Il in all of their elds until after we
have processedhe vertices. We do not Il in the faces rst be-
causefor triangulatednput thereis no intermediatfacedatathat
we canfree after lling themin; therefore we wantto delayallo-
catingthe facesaslong as possibleto minimize the total memory
requirements.Thus,we Il in the vertices rst. Verticespoint to
edge-usesandin orderto derive thesepointervalues,we needto
know thelocationof the nal LEDS edge-usearray;thereforewe
mustallocateit before lling in thevertices.

Now we allocateandprepareo Il in thedatain the LEDS ver
tex array We can Il in eachLEDS vertex's coordinateseld di-
rectly while readingsequentiallyfrom the “vertex coordinate”ar
ray, which is indexed by vertex ID; therefore,we do not needto
do ary additionalpreparationfor that eld. The informationwe
needin orderto Il in eachvertex's other eld, the“ rst edge-use”
eld, is storedin the“edge-uses rootvertex” arraypartitions.Each
of thesepartitionswascreatedwith the edge-uséDs in increasing
(thoughnot consecutie) order Althoughwe will needthe infor-
mationin thatorderlaterfor the edge-usedpr the verticeswe sort
eachof thesepartitionsby vertex ID to put themin the orderin
which we will createthe verticesandto bring all of the edge-uses
for a single vertex together (We could make a separatecopy to
sortin vertex ID order but it is actuallymoreefcient to sortand

Vertex's . Edge-Use's
Edge-Uses | Root Vertex
partition 1 partition 1
Edge-Use's Next
Vertex Edge-Use
partition 1
Vertex's A Edge-Use's
Edge-Uses ~— | Root Vertex
partition 2 partition 2
Edge-Use's Next
Vertex Edge-Use
LEDS partition 2
Vertices Edge-Use's Sibling
partition 1 LEDS
Edge-Use's Sibling I_> Edge-Uses
—
Coordinates Edge-Use's Sibling /
partition 3 f(n):Ln/g
Edge-Use's Sibling
partition 4 r f(n)J(n)mod3
n+1
Distinct - . LEDS
Edges Array »-|Edge List f(n)=3n—s|Faces

Figure12: Data ow for stage four. Theoutputis indicatedby
bold boxes.Theinput consistf the “edge-uses sibling” parti-
tionsoutputin stage threg aswell asthe vertex coodinatesand
“edge-usesrootvertex” partitionsoutputin stage two, stepone

thenre-sortbackto the original order) Sincethe “edge-uses root
vertex” arraypartitionwasbuilt from a singlehashpartition, parti-
tionedbasedn vertex coordinatesall of theedge-usefor asingle
vertex will appeaiin the samepartition. Thuswe canmaintainthe
samepartitions (which will again t in memory)and sort within
eachto geta“vertex's edge-usesbrderedarray

7.4.1 LEDS Vertices

Now we have all the datareadyin the correctorderto Il in the
verticessequentially (Pseudo-codéor theseoperationss givenin
Figure13.) We nd the coordinate®f the currentvertex immedi-
ately from the next entryin the “vertex coordinate™array For the
vertex's rst edge-usewe nd the “vertex's edge-uses’partition
whosenext entry containsthe currentvertex's ID. Therewill be
severalentriesfor this vertex, correspondingo all of its edge-uses.
Werecordits rst edge-usentryin theLEDSvertex, translatinghe
edge-useo a pointerbasedonits ID andthe addresof the LEDS
edge-usarray Thevertex's remainingedge-usesvill be storedin
theedge-usethemseles.

Now that we have groupedthe edge-usesogetherby root ver
tex, we canoutputentriesfor the“edge-uses next vertex edge-use”
array(referto Figure14). We readeachadditionalsequentiaéntry
for the currentvertex from its “vertex's edge-usesfnput partition
and appenda pair of edge-usdDs to the correspondingpartition
of the “edge-uses next vertex edge-use’array: the ID of the prior
edge-usdor the currentvertex just readfrom theinput, andthe D
of the edge-useén the currententry After processinghe lasten-
try for the currentvertex, we alsooutputa pair of IDs to link its
edge-usdackto the rst edge-usdor thevertex. Thesepairswill
betranslatedo the pointersin the LEDS edge-usethatwill forma
circularly linkedlist of all theedge-usesootedatthe vertex.

After we have lled in all of the LEDS verticeswe canfreethe
vertex coordinatearray We do not free the “vertex's edge-uses”
partitions,but insteadre-sorteachby edge-uséD (backto its orig-
inal “edge-uses root vertex” order).

7.4.2 LEDS Edge-Uses

Along with the LEDS edge-usesye build the globallinked list of
pointersto one edge-useper edgefrom the “distinct edges”array
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//sort edge-uses by root vertex
foreach vertex-partition vP
VixEdgUsefvP] =

EdgeUseRootefticeg vP].SortOnSecond();
foreach vertex-ID viD f
/ffind partition with  edge-uses for
foreach vertex-partition vP f
VixEdgeUse = VixEdgUse§ vP].GetNext();
if (VtxEdgUseSecond== vID) f
VixEdgUse§ vP].Increment();
break;//(out of inner foreach)

the vtx

g

g
/linitialize the vIDth LEDS vertex
VixFrstEdgUselD = VtxEdgUseFirst;
\erticeg vID].Init( VtxCoodinate§ viD],
&EdgeUse§ VixHrstEdgUselD);
/ltranslate remaining  edge-uses for
/linto edge-use's  next vtx edge-use
VixPrevEdgeUselD = VixFrstEdgUselD
while ( VixEdgUse§ vP].Valid()) f
VixEdgUse = VixEdgUse§ vP].GetNext();
if (VixEdgUseFirst == vID) f
VixCurEdgUselD = VixEdgUseSecond
EdgeUsesNetVixEdgUs¢ vP].AppendPair
( VtxPrevEdgeUselD VixCurEdgUselD);
VixEdgUse§ vP].Increment();
VixPrevEdgeUselD = VixCurEdgUselD
g else f //complete circular list
EdgeUsesNetViXxEdgUs¢ vP].AppendPair
( VtxPrevEdgeUselD VixFrstEdgUselD;

the wvtx
entries

break //(out of while)
g
g
free VtxCoodinates
foreach vertex-partition vP

VixEdgeUsefvP] =
EdgeUseRootefticeg vP].SortOnFirst();

Figurel3: Pseudo-codéor lling in LEDSverticesin stage four.

constructedn stagethree.We would lik e thislist in thesameorder
thattheseedge-usewill bestored,in orderthatlaterwe canef-
cientlylook up eachedge-usén thelist in sequenceThereforewe
sortthearrayby ID (in place,if it ts in memory otherwisewith
anexternalmegesort). Thenwe readthroughthe sortedarray ap-
pendinganentrycontaininga pointerto eachedge-useo theglobal
edgelist (deriving the pointeraddresgrom the addresof the start
of the LEDS edge-usarrayandthe edge-usdD). At the end,we
freetheinput“distinct edgesarray

Next, we Il in the edge-uses.This requiressomeadditional
sortingbeforewe begin. We mustsortthenew “edge-uses sibling”
array partitions. The edge-use siblingswill be partitionedbased
on edges;therefore,all of the information for a single edge-use
will bein the samepartition, and we can maintainthe partitions
for sorting. Recallthatif the input wasnon-manifold,we needto
maintainthe order of multiple siblings listed for the sameedge-
useand only recordthe last onelisted. We also needto sortthe
partitionsof the “edge-uses next vertex edge-use’array that we
justcreatedwhile lling in the LEDS vertex array sortingthemby
thelD of the rst eld in eachedge-us@air.

ThelDs for theothertwo LEDS edge-uses'elds we needto I,
the “edge-uses face” andthe “edge-uses next-in-loop edge-usé,
arederivedfrom theID of theedge-usave will storethemin. The
edge-usavith ID n will pointto afacewith ID bn=3c andit will
pointto a next-in-loop edge-usevith ID n 2 if (n)mod3 = 0,

V1

vertex neighborhood

TTTTIILD ]

"vertex " edge-use next

edge-use” vertex edge-use”

entries: entries: circular list:
V1EU13 EU13FU19 [EU13—=EU19
VIEU19  [EU1%EU73

VIEU73  EUZEU9] oy el
VIEU91 EU91EU13

Figure 14: The“vertex edge-use” array entriesfor eat vertex
are usedto Il in the “edge-usenext vertex edge-use” array en-
triesfor all of theedge-usegootedat that vertex.

andID n + 1 otherwise. The only otherinformationwe needto
translatethe IDs to pointersis the addres®f the LEDS facearray;
thereforewe allocateit now.

Thenwe go aheadand Il in the LEDS edge-usesequentially

nding theappropriatepartitionwhosenext entry containsthe cur-
rentedge-use ID for eachof thethreepartitionedarrays.We can
actually avoid having to look at multiple “edge-uses next vertex
edge-usepartitionsto nd theonecontainingthecurrentedge-use
ID, becauseave createdthesepartitionsfrom the “edge-uses root
vertex” arraypartitionswithoutre-partitioning.Therefore pncewe
have foundthepartitionindex of the“edge-uses rootvertex” parti-
tion containingthe currentedge-useD, we know thatwe will nd
theidenticaledge-usdD asthe next itemin the “edge-uses next
vertex edge-usepartitionwith the samendex:

foreach edge-use-ID  eulD f
foreach vertex-partition vP f
EdgeUseVix=
EdgeUseRootefticeg vP].GetNext();
if (eulD == EdgeUseVix.Fst) f
EdgeUseEdgUse =
EdgeUseNgtVixEdgUse§ vP].GetNext();
assert( eulD == EdgeUseEdgUseFirst);
EdgeUseRootsfticeg vP].Increment();
EdgeUseNgtVixEdgUse§ vP].Increment();
break //(out of inner foreach)
g

g

NextVixEdgUselD = EdgeUseEdgUseSecond
RootVixID = EdgeUseVix.Second

/l(initialize eulDth LEDS edge-use's
/I RootVix & NextVixEdgeUse here)

We translatehe edge-useface andvertex IDs to pointershased
ontheirID valueandtheaddres®f thestartof therespectie LEDS
array After all theedge-useare lled in, we freethe partitionsfor
thesethreeremainingpartitionedarraysof intermediatelata.

7.4.3 LEDS Faces

Finally, we Il intheLEDSfacearray Eachfaces outerloop edge-
useis derived from the facelD: the outerloop edge-usdor face
with ID n will haveID 3 n. Thepointeraddresss computedrom
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the addresof the edge-userray andthe edge-usdD. The inner
loop list pointerfor eachfaceis null for triangulatednput.

8 Results

For comparisorwith the naive in-memoryalgorithm, we ran the

out-of-corealgorithmon the sameknot sculpture les, againunder
Linux with 32 MB of RAM. For smaller les, whereall or most
all data ts in memory the out-of-corealgorithm cantake up to

threetimeslongerto build the LEDS thanthe naive algorithm,due
to thetime requiredto write the intermediatedata. For our coher

entinput les, the break-een point comesafter400,000triangles;
for randominput, break-eencomesafter70,000triangles(seefFig-

ure 15). With themillion triangletestpart,we morethanmale up

for the overheadof the intermediatedatawith drasticallyreduced
thrashing.For thecoherenmillion triangletestpart,thenaie algo-
rithm takes 82 timesaslong asthe out-of-corealgorithm. For the
randomizednillion triangletestpart, the naive algorithmwas so
slow thatwe hadto terminateit aftertwo days,but the out-of-core
algorithm performsalmostidentically on the coherentand on the
randomizednillion triangleinputs,at justunderandjustover ve

minutes respectrely. For thelargestrandomizedle onwhichwe

successfullyanthe naive algorithm,the 600,000triangletestpart,
the naive algorithmtook over 500timesaslong asthe out-of-core
algorithm.

—G- Out-of-Core Random —<— Out-of-Core Coherent
— Naive Random —o— Naive Coherent
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Figure15: Comparisonof in-memoryand out-of-coe algorithm
LEDS build timeson large knotsculptue les underLinux with
32 MB RAM.Theout-of-coe algorithmperformsequallywell on
the coheentand non-coheentinput. The naivealgorithmtakes
82timesaslong astheout-of-coe algorithmonthecoheentmil-
lion triangle input, andover 500timesaslong ontherandomized
600,000triangle input.

Typical partsare neitherquite as coherentas the original knot
sculpturetest les nor asrandomasthe randomizedrersions. For
otherpartsof asimilar size,we would expectspeed-upsomevhere
in between82 and 500 times. To testthis hypothesiswe ranthe
naive and out-of-corealgorithmson an STL le of the Stanford
dragonreconstructedrom laserrange nder datawhich contained
870,000triangles,againusing32 MB of RAM. On averageit took
9 hoursand 15 minuteswith the naive algorithm,but only 4 min-
utesand11 secondsvith the out-of-corealgorithm,a speed-umpf a
factorof 133.
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9 Memory Usage

If the out-of-corealgorithmis notimplementectarefully it canre-

quire far more virtual memorythan the in-memoryalgorithm, in

orderto storeits intermediatedata. To minimize its virtual mem-
ory requirementsyve free eachintermediatearray and hashtable
partitionassoonaswe have nished processingt, sothatwe can
re-usethe memory With this careful memorymanagementour
out-of-coreimplementationusesalmostexactly the sameamount
of memoryasthein-memoryalgorithm(seeFigure16). For thein-

memoryalgorithm, both hashtablesare built simultaneouslyand
we cannotfree themuntil the entire LEDS is built. For the out-
of-core algorithm, we build the hashtable partitionssequentially
freeingthe vertex hashtablebeforeallocatingthe edgehashtable,
andfreeingthembothbeforeallocatingthe LEDS. We alsoallocate
the LEDS vertices,edge-usesandfacesin stagesallowing usto

freeall of theremainingintermediatedatabefore nally allocating
the LEDS faces.An additionaladwantageof the out-of-corealgo-
rithm is thatmostof theintermediateandall of the nal arrayscan
beallocatedn theexactsizeneededsothatlessmemoryis wasted.

\lOut-of-core algorithm -&- In-memory algorithm\
400 ~

300 -
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e
> 200 y
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Number of Triangles

Figure16: Comparisonof memoryusage for the out-of-coe and
in-memoryalgorithmson differentsizedknotsculptue les.

10 Spatial Partitioning

Thegenerabut-of-corealgorithmdescribedwhile it builds atopo-
logicaldatastructureveryef ciently, maynotbeoptimalwhencon-
sideredtogethemwith the runningtime of the applicationthatuses
the LEDS. This is becausét may not organizethe datawithin the
LEDS optimally, dependingon the accespatternsof theparticular
applicationthatwill be usingthe data. An applicationcanalways
re-sortthe arraysof vertices,edge-usesandfacesafterthey have
beenconstructedbut if we alreadyknow whatapplicationwill be
usingthedatastructurewe mightbeableto build it sothatits order
is bettertunedto the accespatternsof thatapplicationin the rst
place.Often,aspatiallycoherenbrganizationis desirable.

With the basicbuild algorithm,facesandedge-usearestoredin
thesameorderthatthey appeain theinput. If thereis spatialcoher
encein theinput,it will bepreseredin the LEDS. For triangulated
input, we exploit thesimplenumericrelationshipdetweertheface
IDs andedge-uséDs to avoid having to recordthis informationin
intermediataarrays.Thusary adwvantagegrom changinghelDs at
the startto inducea differentordering,ratherthanre-sortingat the
end,would be offset by the addedoverheadof thesenew interme-
diatearrays.Thereforetherewould belittle advantageto changing
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the orderof the facesandedge-usesuringtheinitial build, unless
theinputwasknown to be non-coherent.

The basicbuild algorithm can destry any input coherencen
the caseof the vertices,hovever. The vertex usesare randomly
assignedo partitionsduringtheinitial readof thedata;if thereare
mary partitions,this will effectively shufe themwhenthe vertex
IDs are assignedsequentiallywithin eachpartition. Therefore,it
might be worthwhile to wait until afterthe rst passthroughthe
datato partitionfor vertex hashing.This would allow usto gather
statisticson the distribution of the verticesduring the initial read,
so that we could divide the vertex-usesinto partitionsthat were
spatiallycoherentindstill hadroughlyequalsizes.

Whenwe processa le for solid freeformfabrication,we must
sliceit into closely spacedarallellayers. We performtheseslice
calculationsusing a sweep-planeslicer that looks at the vertices
in increasingz-coordinateorder[17]. Therefore,we have imple-
menteda spatialpartitioning schemethat dividesthe verticesinto
partitionsbasednincreasingz-coordinate.

We do not know the z-extentsor distribution of the databefore
we begin, which preventsusfrom knowing whereto placethe par
tition boundariedor equalpartitionsizesa priori. During the rst
passthroughthe triangleinput data,we merelyrecorda singledy-
namicarray of the vertex coordinateof eachsequentialnput tri-
angle,and nd the minimum and maximumz value for the le.
We still do notknow thedistributionin z; thereforewe rst evenly
divide the rangeof input z valuesinto smallintervals, mary more
thanthe nal numberof partitionswe needandlatercombinecon-
secutveintervalsinto partitionsof evensizes.(Ourintenalsarenot
unlike thebucketsusedby Kitsuregawva et al. to tunepartitionsizes
during hashjoins [13], but we simultaneouslysort and tune with
ourintenals,optimizingfor processinghatwill occuraftertheini-
tial spatialhashjoin aswell.) We allocatea bin for eachsequen-
tial intenal, with the rst bin correspondindo the lowestinterval.
Thenwe readthroughthe arrayof vertex coordinatestransforming
eachsetof threeverticesde ning atriangleinto three“untranslated
edge-useentries storingeachentryin thebin correspondingo the
interval containingthe z-coordinateof its rst endpoint. We also
updatean array that recordsthe numberof entriesthat have been
placedin eachbin.

Thenwe look at the bin sizesand contentsto assignpartition
boundariego getpartitionsof roughlyequalsizes.Theideal parti-
tion sizeis equalto the total numberof entriesdivided by thetotal
numberof partitions. For the rst partition,we addup the number
of entriesin the rst i binsuntil the total rst reachesa number
greateror equalto the ideal partition size. If the total is lessthan
or equalto 10% over the ideal size,bins 1 to i will be the parti-
tion. Otherwise we subtractthe numberof entriesin thei" bin,
andif thistotalis greaterthanor equalto 10%undertheidealsize,
binsl1toi 1 will bethepartition. In eithercasethez-boundary
of the partitionis calculatedandrecordedthe highestbin number
timesthe constantbin z-heightfor the rst partition). Otherwise,
wewill have to dividethei™ bin betweerthe rst andsecondpar
titions (this will only occurif we allocatedtoo few bins or if the
vertex datais very unevenly distributedin z). Ourimplementation
performsa quicksorton the whole bin andthen nds the entry at
the positionfor anideal partition size; we recordthe z coordinate
of this edge-use rst endpointasthe z-boundaryof the partition.
For betterperformanceywe couldmodify thequicksortto terminate
oncewe had an acceptablenumberof entrieslessthan the pivot
point and usethe pivot point for the z-boundary Sincewe rarely
needto split bins,theadditionalcompleity of modifying quicksort
did not seemworthwhile.

We continuein this mannerto nd the z-boundariesof the re-
maining partitions, but ratherthan trying to get the size of each
individual partition within 10% of the ideal size, we aim for the
sumof the sizesof the partitionsso far plus the currentoneto be

11

within 10% of the sumof theidealsizes.This preventserrorsfrom
building up, which couldleave the nal partition, consistingof all
remainingentries,constrainedo be muchtoo small or too large.
With our schemeijndividual partition sizeswill, in the worstcase,
still beno morethan20%largeror smallerthantheidealsize.

Recallthatwe partitionverticestwice: onceto translatethe rst
endpointin the untranslateddge-useshenagainto translatethe
seconcendpointin the semi-translateedge-useskor the rst par
titioning step,we build our hashtablesandtranslatedirectly from
the bins that the z-boundarytable indicatesbelongentirely to the
currentpartition (alongwith possiblya fractionof theendbin(s),if
they weresplit). Whenwe repartitionthe outputof this rst transla-
tion step we actuallyallocatepartitions,usingthez-boundarnytable
to placetheoutputin thecorrectpartition. Therestof thebuild pro-
ceedsasbefore.

The bins, in addition to aiding in partitioning evenly, also
roughlysorttheverticeswithin thepartitions.Duringthe rst trans-
lation step,we procesghebinsin order;recallthatit is alsoin the

rst translationstepthatwe assigniDs to the verticesin the order

thatwe processhem. Thereforethe nal vertex tablewill besorted
to the samegranularityasthebin boundariesMore binswill result
in a ner sort.

Of coursethebin partitioningschemeakeslongerthanrandom
partitioning. In Figure 17, we comparethe total timesto build the
LEDS followedby slicing with the sweepplaneslicerunderLinux
with 32MB RAM. Ourinputis the200,000triangleknotsculpture,

[mLEDS build time  Slice time]
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Seconds
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0 T T |

Random 250 bins 1000 bins
Partitioning

Figure17: Comparisorof build timesversusslice timesfor ran-
dompartitioning and z-coomdinatebasedvertex partitioning with
different bin sizes,using the 200,000triangle knot sculptue as
input.

we malke a total of 402 slicesthroughit, andwe use10 partitions.
Allocating 250binstotal (25 binsperpartitionon average)thetotal
build plusslicetime wasfasterthanwith randompartitioning,even
thoughthe build time waslonger Using 1,000bins (100 bins per
partition), the build time increasedeven more, andthe savingsin
analyzingandslicing no longeroffsettheincreaseduild time.

11 Conclusion

We have describedhedesignandimplementatiorof anout-of-core
algorithm for building a topological data structurefrom unoga-
nizedinput. We have demonstrategherformanceémprovementsof
two ordersof magnitudeoveranaive approactby usingour new al-
gorithm. Unlike somealgorithmsthattradeoff spaceor speedwe
areableto achieve thesespeed-upsvithout increasingthe virtual
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memoryrequirementsOur out-of-corealgorithmmakesbuilding a
very large topologicaldatastructurefeasible, regardlessof the co-
herenceof the input. As future work, we also plan to investigate
parallelizingour algorithmto run acrossmultiple nodesin a clus-
ter, in orderto bene t bothfrom parallelismandfrom theaggreate
memorycapacityof thecluster

Traditionally, main memorycapacityhasboundedthe sizeand
compleity of geometricmodels. This historic spacelimitation is
arti cial, giventhe muchhigherstoragecapacitiegshatarecheaply
available from magneticdisks. Using out-of-coretechniqueswe
cantake adwantageof disk spaceby modifying our algorithmsto
transformrandomdisk accessemto sequentiadisk accessesWe
have shavn how techniguesrom thedatabaséteraturecanbesuc-
cessfullyappliedto a geometricproblemto dramaticallyincrease
the scalethatis tractableon a given machine. The applicationof
databas¢echniquesn this contet is quite natural,andwe believe
it holdspromisefor scalablesolutionsto otherproblemsin geomet-
ric modeling.
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