
6thACM SymposiumonSolidModelingandApplications,to appearJune, 2001

Out-of-Core Build of a Topological Data Structure from Polygon Soup

SaraMcMains JosephM. Hellerstein CarloH. Séquin
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Abstract
Many solid modeling applicationsrequire information not only
aboutthegeometryof anobjectbut alsoaboutits topology. Most
interchangeformatsdo not provide this information,which theap-
plicationmustthenderiveasit buildsits own topologicaldatastruc-
turefrom unordered,“polygonsoup”input. Forverylargedatasets,
the topologicaldatastructureitself canbe biggerthancoremem-
ory, sothatanaivealgorithmfor building it thatdoesn't takevirtual
memoryaccesspatternsinto accountcanbecomeprohibitively slow
dueto thrashing.In this paper, we describea new out-of-coreal-
gorithmthatcanbuild a topologicaldatastructureef�ciently from
very largedatasets,improving performanceby two ordersof mag-
nitudeover a naive approach.

1 Intr oduction
Thetopologyof a boundaryrepresentation(b-rep)– theconnectiv-
ity of its faces,edges,andvertices– is asimportantasits geometry
for many applications.This connectivity informationcanbe used
for operationsrangingfrom computingoffset surfaces,to calcu-
lating vertex normalsfor smoothshading,to meshsimpli�cation.
Many dataexchangeformatsthatdescribeb-repsonly specifythe
geometryof the boundary, leaving it up to the applicationto dis-
cover theconnectivity. Suchanunorderedb-repdescribingfaceted
geometryis colloquially referredto as“polygonsoup.”

For a small model that �ts easily in memory, it is ef�cient for
theapplicationto build up its own topologicaldatastructureby in-
crementallyupdatingit for eachnew polygon in the input. This
naiveapproachis disastrous,however, for very largedatasets,such
asthoseproducedfrom laser-range�nder scanned3-D input (see
the Digital MichelangeloProject[15] for examplesof enormous
geometricdatasetscontainingasmany astwo billion polygonsde-
scribinga singleobject). Whenour datastructuresno longer�t in
corememory, we needto usedifferenttechniquesto avoid access-
ing virtual memoryrandomly.

We introducea new out-of-corealgorithmthatcanbuild a topo-
logical datastructureef�ciently evenfrom very large,unorganized
datasets.Our implementationtakes“triangle soup”in STL format
[1] as input. This is the de factostandardinterchangeformat for
solid freeformfabrication,aclassof technologiesusedto manufac-
turecomplex 3D geometriesby building themup in layers[4]. Our
algorithmbuildsaLoopEdge-useDataStructure(LEDS)represen-
tation,a topologicaldatastructurecloselyrelatedto Weiler's radial
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edgestructure[26]. Theprinciplesof thealgorithm,however, are
applicablewith any facetedinputandany topologicaldatastructure.
For comparison,we alsodescribethe designand implementation
of an in-memoryalgorithmthat builds the LEDS ef�ciently from
smallSTL �les, but thrasheswheninput �les arelargecomparedto
availablememory.

2 Previous Work

2.1 Topological Data Structures

Thedatastructurethatwe build is closelyrelatedto Weiler's radial
edgestructure[26]. Theradialedgestructureis a generalizationof
Baumgart'swingededgedatastructure[3] to non-manifoldgeome-
try. Thesedatastructuresallow usto answerquestionsabouttopo-
logical adjacency relationships,e.g. the facesincidentto anedge,
often eitherin constanttime or in time proportionalto the sizeof
theoutputset.Weiler's datastructurealsorecordstheradialorder-
ing of facesaroundnon-manifoldedges(henceits name).Another
importantconceptfrom Weiler'swork is thedistinctionbetweenan
abstract,unorientedgeometricelement,suchasanedge,andanori-
enteduseof thatelement,suchasadirectededge-usethatdescribes
partof theboundaryof a face.Othervariationson thesedatastruc-
turesincludeMäntyl̈a's half-edgedatastructure[16], which is lim-
ited to 2-manifolds,Rock andWozny's topologicaldatastructure
for STL [19], also limited to 2-manifolds,and the datastructure
thatACIS modelersbuild andexchangein .sat�les [21]. Another
importantnon-manifoldrepresentationformsthebasisfor theNoo-
dlessystemdevelopedby Gursoz,et al. [12]. GuibasandStol�' s
quad-edgedatastructure[11] is limited to 2-manifoldsbut cansi-
multaneouslyrepresentthetopologyof anobjectandits dual.

2.2 Out-of-Core Algorithms

Numerousout-of-coretechniqueshave beendevelopedfor other
geometricapplications. In the graphicsdomain, theseapplica-
tions includelargebuilding walk-throughs,radiosity, andray trac-
ing [9, 23, 18]. In the visualizationdomain,several researchers
have addressedout-of-coreisosurfaceextraction[6, 5, 22, 2]; oth-
ershave looked at visualizationof terrainandcomputational�uid
dynamics,includingstreamlineson meshes[8, 7, 24].

Although our input is geometric,the problemof updatingcon-
nectivity pointers in a topological data structureactually has a
closeranalogyin building objectorienteddatabases(OODBs). In
thesedatabases,the presenceof inverserelationshipsmeansthat
insertingoneobject in the databaserequiresthe systemto update
all of its inverses,which mustpoint backto it, aswell. Wiener
andNaughtonhave proposeda solutionfor ef�cient bulk-loading
of OODBs[27] thatprovidestheinspirationfor ourapproach.The
major insight in their work was that the inverserelationshipup-
datescanbe reformulatedasanaloguesof database“join” opera-
tions. Thesecanberesolvedef�ciently for very largedatasetsus-
ing “partitionedhashjoin” algorithms[10]. Thesealgorithmsbuild,
oneat a time, memory-sizedpiecesof a largerhashtable,in order
to avoid memorythrashing.
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3 Data Representations
Ouralgorithmreadsinput in theSTL format, aboundaryrepresen-
tation thatconsistsof a simplelist of triangularfacets.Thevertex
coordinatesarespeci�ed explicitly for eachtriangle in which the
vertex appears.Theverticesareenumeratedin counterclockwise
orderasseenfrom the exterior of the part. In addition, for each
triangle,a redundantsurfacenormal that points to the exterior of
thepartis speci�ed.An exampleof anSTL trianglespeci�cationis
shown in Figure1.

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

Figure1: An STLtriangle.

Our algorithm constructsa Loop Edge-useData Structure
(LEDS) describingthe topology (connectivity) of the STL input.
LEDS supportsall bounded,rigid solids,or r-sets[25], including
not only 2-manifoldsolidsbut alsothesubsetof non-manifoldge-
ometrythatcorrespondsto physicallyrealizablesolidobjects,such
astheonepicturedin Figure2. On suchobjects,theneighborhood
of eachpoint on theboundaryis topologicallyequivalent to n 2D
disks,n � 1, andeachedgein theb-repis usedanequalnumber
of timesin bothdirections.

Figure2: A non-manifoldpart that is a valid solid.

In the LEDS, we have strippedaway someof the overhead,
which we don't requirefor solid freeformfabricationapplications,
from Weiler's radial edgestructure. Weiler separatesundirected
loopsor facesfrom directedface-usesandloop-uses,allowing the
samefaceto bereferencedfrom bothsideswhereit formsa mem-
branebetweencells, for example. We only representthe actual
directedface-usesandloop-uses,sincea singlefaceor loop is un-
likely to be usedmorethanoncein solid freeformfabrication�le
descriptions.For simplicity, we will refer to face-usesand loop-
usesasfacesandloopsin therestof this paper.

Each face(seeTable 1) is de�ned by one counter-clockwise,
outer loop and a (possibly empty) list of clockwise, inner hole
loops. For triangulatedSTL input, we will have no inner hole
loops in the input geometry. Loopsare representedimplicitly in
theLEDS: in a face,we storea loop simply asa pointerto anarbi-
trarily chosenedge-usein thatloop. Eachedge-usestoresa pointer
to thenext edge-usein theloop;wefollow thesepointersto traverse
theloop.

FACE
EDGE USE* First OuterLoop EdgeUse
List< EDGE USE*> Inner Loop List

Table1: Theconnectivitydatastoredwith a LEDSface.

Eachedge-usein theloop pointsbackto thefacewhosebound-
ary it helpsto de�ne (seeTable2). To makeedge-usescompact,we

storeonly onevertex pointerwith eachedge-use,a pointerto the
root vertex (thevertex from which theedge-useis directedaway).
Thevertex ontheotherendcanbefoundby following thepointerto
thenext edge-usein theloop andgettingits root vertex. While we
representeachedge-useexplicitly, the abstract,undirectededges
arerepresentedimplicitly by circular lists of edge-usessharingthe
sameendpoints,linked by “sibling edge-use”pointersstoredwith
eachedge-use.

TheLEDS alsorecordsa separateedgelist thatcontainspoint-
ersto theseimplicit edges,storingeachasapointerto onearbitrar-
ily chosenedge-usein the linked list of sibling edge-usesfor the
edge.This allows anapplicationto iteratethroughall theedgesef-
�ciently , withoutvisiting eachedge-use.TheLEDSalsostoreslists
of its faces,vertices,andedge-usesto supportaddinganddeleting
geometryaftertheinitial input is read.

EDGE-USE
FACE* Face
VERTEX * Root Vertex
EDGE USE* Next In Loop EdgeUse
EDGE USE* Sibling EdgeUse
EDGE USE* Next Vertex EdgeUse

Table2: Theconnectivitydatastoredwith a LEDSedge-use.

An importantfeatureof thisdatastructureis constantspacestor-
agefor eachvertex and for eachedge-use.Ratherthanstoringa
variablelengthlist of all of theedge-usesincidentto a vertex with
thevertex, wechaintogetherall of thevertex'sedge-usesinto acir-
cular linked list (in arbitraryorder)via theNext Vertex EdgeUse
�eld in theedge-uses.Thevertex containsa pointerto any oneof
the edge-usesin this circular list (the First Vertex EdgeUse�eld
in Table3). Thecombinationof thesepointersallows us to iterate
throughall of thevertex'sedge-uses,evenatnon-manifoldvertices.

VERTEX
�oat[4] Coordinate
EDGE USE* First Vertex EdgeUse

Table3: Thepositionand connectivitydata stored with a LEDS
vertex.

For representingSTL input, thespaceusagefor eachfaceis also
constantsincethe faceshave no inner hole loops. Constantspace
storageis importantfor allocatingmemoryef�ciently; it allows us
to pre-allocatestoragein arrays.

4 Hashing
To build a LEDS from unorganizedSTL input, we usehashtables
in both our in-memoryalgorithm and our out-of-corealgorithm.
SinceSTL doesn't provide vertex identi�ers, we usea vertex hash
tableto matchup coincidentvertex coordinates.To determinethe
edgeconnectivity, weuseanedgehashtableto matchupedge-uses
with their coincidentsiblings.

For thevertex 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 theout-of-corealgorithm,we
storethevertex's index in the�nal LEDSvertex array(asexplained
in section7). Thepointersandindicesareboth 32 bits; thusboth
algorithms'vertex hashtableentriesarethesamesize.

In the edgehashtables,in order to matchan edge-usewith its
sibling(s)whichmaybeorientedin theoppositedirection,wewant
thehashfunctionto returnthesamevalueregardlessof theorderof
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theedge-use's endpoints.We accomplishthis by orderingtheend-
pointslexicographically, andusethis orderedpair astheinput key
to ourhashfunction,whichalsoallowsusto useastandardequality
check. We don't usethecoordinatetriples of theendpoints,how-
ever, but rathertheendpoints'datavaluesfrom thehashtable,since
theseareonethird thesize.Again,thehashtablekeysarethesame
sizefor both algorithms,thoughthey aredifferentkeys. For the
in-memoryalgorithm,the edgehashtablewill recorda pointerto
a singleedge-usein its data�eld, but for theout-of-corealgorithm
the edgehashtablewill recordup to two array indicesof LEDS
edge-usesin its data�eld, asdescribedin the sectionson the re-
spective algorithms. Thus the in-memoryalgorithm's edgehash
tableentrieswill besmaller.

We choseour hashfunctionsboth to be quick to computeand
to minimizecollisionsin thehashtable. Integer computationsare
fasterthan�oating point computations,soour hashfunctiontreats
the32 bits thatrepresenteachnormalized�oating point coordinate
asa 32 bit integer. As part of satisfyingthe secondgoal of mini-
mizing collisions,we useall threecoordinatesandbothendpoints
asinput to ourhashfunction,sothatwewon't getadditionalvertex
collisions for �les that have many verticeswith the sameheight,
for example,or additionaledge-usecollisionsfor �les with vertices
of high valence. We can merely add the two valuestogetherin
thecaseof edge-usehashingbecausewe want edge-usesin either
directionto hashto thesamevalue.For vertices,however, wemul-
tiply the threevaluesby differentnumbersbeforeaddingthemup
to avoid collisionsbetweenpermutationsof thesamecoordinates,
which could be an issuefor symmetricalparts. We useidentical
hashfunctionsfor thein-memoryandout-of-corealgorithms.

We addresscollisionsin our hashtablesby usingopenaddress-
ing and double hashingto �nd an empty slot. (Open address-
ing meansthat if an input value hashesto a position that hasal-
readybeenusedfor anothervalue,ratherthan“chaining” together
a linkedlist of multiple entriesfor thatposition,we follow a probe
sequenceuntil we �nd an empty slot. Doublehashingis a tech-
niquefor choosingthis probesequenceusinga secondhashfunc-
tion to choosean offset value. See[14].) Oncea hashtable is
very full, its performancedegradesdrastically, aswe mustsearch
a longerandlongerprobesequenceto �nd an emptyslot. When
a hashtable is �lled to 80% capacity, the total numberof misses
will be roughly equalto the total numberof hits; at this time we
rehashin a new hashtablethat is twice the size(“rounded” up to
thenext primenumber, of course)to improve thehit rate. In gen-
eral,a largerhashtablewill give betterperformanceat theexpense
of using more memory. We feel that rehashingat 80% full is a
reasonabletime/spacetradeoff.

5 Test Files and Platf orm
To examinethe effectsof �le sizeon performance,we timed the
performanceof our algorithmimplementationson a seriesof �les
that approximatethe sameideal geometry. Our canonical“knot”
testpart,shown in Figure3, is outputfrom Séquin's sculpturegen-
erator[20]. We varied the �nenessof the tesselationto produce
differentsized�les containing10,000to 1,000,000triangles.

All of thetrianglesin thesetest�les areorganizedinto consecu-
tiveringsof trianglestrips,outputin thesameorderthatthey adjoin
in thepart. As such,they exhibit nearidealtopologicalcoherence.
For trianglesoneachstrip,two of thetriangle'sthreeneighborswill
bein thesamestripandimmediatelyadjacentto it in the�le, andits
third neighborwill bein theadjacentstrip. Becauseof thistopolog-
ical coherencein theinput, evena naive in-memoryalgorithmthat
updatestheconnectivity asit readsin eachtriangleshouldnothave
thrashingproblemswithin theLEDS.To extracttheeffectsof input
coherency, we also madeanotherversionof eachtesselatedknot
input �le thatcontainedthesametrianglesbut in randomorder.

We ran our testson a dual processorPC with two PentiumIII

Figure3: Thecanonicaltriangulatedknot testpart. Theversion
shownhere hasonly 4,800trianglesso that the organizationof
thetrianglestripsinto adjacentstoriesis clearlyvisible. Versions
of thepart with more triangleshavebothmore storiesandmore
trianglesperstory.

700 MHz processorsand1 GB of virtual memory. Using Linux,
webootedthemachinewith only 32MB RAM to demonstratehow
performanceis affectedwhenthetotalspacerequirementsaremany
timesthesizeof availablememory.

6 In-Memor y Algorithm
For anin-memorybuild, we constructandupdatetheLEDS aswe
readeachnew trianglefrom theinput. Weallocateanew LEDSface
andthreeLEDS edge-usesfor eachtriangle. We canimmediately
setpointersfrom theedge-usesto this face,from eachedge-useto
the next edge-usein the loop, and from the faceto its �rst edge-
use. The vertex andsibling pointers,however, requirehashtable
lookups.

We look up eachcoordinatetriple in the input �le in thevertex
hashtable,so thatwe know whetherit refersto a new vertex that
needsto beinitialized,or to anexisting vertex to which we needto
“add” edge-uses.In the�rst case,we allocatea new vertex, initial-
ize its coordinates,andset its �rst edge-useto be the edge-usein
thecurrenttrianglerootedat 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 addtheedge-userootedat this vertex to thecircular list of
edge-usesfor thevertex. We insertit afterthe�rst edge-usefor the
vertex, which only requireslooking up andupdatingoneexisting
LEDSelement(thevertex's �rst edge-use).

After weknow theaddressesof thethreeLEDSvertices,wecan
look up the threeedge-usesin the edgehashtable. As mentioned
above,weusethelexicographicallyorderedaddressesof theirend-
pointsasthehashkey. If it is the �rst edge-useprocessedfor the
edge,we addit to thelinkedlist of all edgesandrecordits address
in thedata�eld of thehashtableentry. Otherwise,we addit to the
circular list of sibling edge-usesby insertingit after the edge-use
storedin the hashtable. Again, we needonly look up andupdate
oneexistingLEDS element.

For aone-passalgorithm,wecannotallocatetheLEDSelements
in thecorrectsizearraysaheadof time, sinceASCII STL contains
no informationat thestartof the�le aboutthenumberof triangles,
vertices,or edges.We usetheapproachof allocatingthearraysin
buffers of 256 LEDS vertices,edge-uses,or faces,andallocating
additionalbuffersastheexistingones�ll up.

The running times for this in-memory algorithm on the knot
sculpturetest �les areshown in Figure4. Eachdatapoint is the
averageof � ve trials. For small �les with up to 70,000triangles,
the runningtimesgrow linearly andareidentical for the coherent
andrandomlyordered�les. For mediumsized�les between70,000
to 200,000triangles,the runningtimescontinuedto grow linearly
for coherentinput becausetherewasenoughroom in memoryto
hold both the hashtablesandtheactive portion of the LEDS. For
the randomlyordered�les of this size, however, the randomac-
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cessesto both theLEDS andthehashtablescausedthrashingand
theperformanceworsensconsiderablyfor therandom�les. For the
large �les containingover 400,000triangles,the active portion of
theLEDSnolonger�ts in memorysimultaneouslywith thehashta-
blesevenfor thecoherent�les, andtheresultingmemorythrashing
is re�ected in therun times.Themillion trianglecoherenttestpart
took almostseven hoursto process,comparedto only seven sec-
ondsfor the100,000trianglecoherenttestpart. Thrashingis even
worsefor thelargerandomizedtest�les thanfor thelargecoherent
test �les: for 600,000triangles,it took seventeentimes longer to
processthe random�le comparedto thecoherent�le, with a total
processingtime of over 24 hours. (We didn't have thepatienceor
sparecyclesto run thealgorithmonstill largerrandomized�les.)
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Figure4: RunningtimesunderLinux with 32 MB RAM for the
in-memoryalgorithmon STL�les of theknotsculpture testpart,
tessellatedto contain from 50,000to 1,000,000triangles. The
solid data seriesis for spatially coherent STL input, while the
dotteddataseriesis for STLinput describingidenticalgeometry
but with theorder of thetrianglesrandomized.

Runningtimesof hoursor daysareclearlyunacceptable.While
high-enddesktopmachinestodaycommonlyhaveanorderof mag-
nitudemorethan32MB of RAM, thelargesttriangulateddatasets
have two or threeordersof magnitudemoretriangles[15]. Buying
morememorywill not bea viablesolutionfor the largest�les. In
the next section,we presentour algorithmfor avoiding thrashing
and the resultingexponentialgrowth in build time whenthe data
(andhashtables)aretoobig for memory.

7 Out-of-Core Algorithm
Onesourceof thrashingin the in-memoryalgorithm is that each
new face,vertex, or edge-usethat we readin could be connected
to elementsthat have alreadybeenwritten out to disk, and those
elementswill now needto be pagedbackin to be updated.With
multiple updatesto the sameelementseparatedin time, eachof
theseupdatescancausea pagefault. Evenif theinput is extremely
coherent,so that updatesto the sameelementareclosely spaced
in time,we still seethrashingwhenthevertex andedgehashtables
becometoolargeto co-exist in memory. Hashtablesby theirnature
are accessedrandomly, with no guaranteethat the portion of the
hashtableweaccessoneachlook-upwill still bein memory.

Our out-of-corealgorithmavoids theseproblemsin two ways:
by reorderingandgroupingrandomhashtableaccesses,sothatwe
needto build andaccessonly onememory-sizedpartitionof a sin-
gle larger hashtableat a time, andby usingexternalmerge-sorts
to reorderall otheroperationsto make themsequentialreadsand
writes. Our only out-of-orderaccessesare within the hashtable
partitionsandduringthesortingstage.

Our out-of-corealgorithmhasfour stages,describedin detail in
thesub-sectionsbelow. In summary:

We make the only passthrough the original input �le during
stageone. During this stage,we assignsequentialedge-useand
faceIDs (recall that a LEDS faceis really an orientedface-use)
to eachedgeuseand triangle in the input. We recordthe topo-
logical relationshipsimmediatelyavailablefrom theinput, usinga
separatearrayfor eachtypeof relationship.Theserelationshipsare
recordedusingtheIDs justassigned.Wealsorecordthevertex-use
coordinatesandother information we needto derive the remain-
ing topologicalrelationships.In stagetwo, we build a partitioned
vertex hashtableanduseit to translatevertex-usecoordinatesto
vertex IDs, andto derive thevertex topologicalrelationships,creat-
ing new arraysto hold them. In stagethree,we build a partitioned
edgehashtableto matchedge-useswith their siblingsandrecord
theserelationshipsin additionalarrays.In stagefour, we �ll in the
actualLEDS elements.First we sorteacharrayso that theentries
appearin thesameorderasthey will berecordedin the�nal LEDS.
Thenweread,in parallel,from thefront of all thearrayscontaining
vertex informationto createthe vertices. Next, the edge-usesand
thenfacesareconstructedby readingin parallel from their corre-
spondingarrays.This allows us to write all of the informationwe
needto recordin eachLEDS elementat creationtime, so thatwe
donotneedto gobackandmodify elementsthathavealreadybeen
writtenout to disk.

Below, we describethesefour stagesin detail. Figure5 shows a
condensedsummaryof thefour stages.

 STL file 

Assign IDs
Record topological relationshipsStage 1

Stage 2 Build vertex hash partitions
Translate vertices

 untranslated edge-use dynamic array partitions 

Stage 3

Stage 4

Build edge hash partitions
Match edge-uses

Sort arrays
Build LEDS

 LEDS 

 vertex coordinate dynamic array 
 edge-use's root vertex array partition s 
 translated edge-use dynamic array partitions 

 edge-use's sibling dynamic array parti tions 
 distinct edges dynamic array 

Figure5: Thefour mainstagesof theout-of-core algorithm. The
arraysof intermediatedata createdat each stage are shownin
boxes.

7.1 Stage One
Recallthat the two tasksin stageoneareto assignIDs andrecord
topologicalrelationshipsin arrays. We usea separatecounterfor
assigningsequentialIDs to eachtype of LEDS element(vertex,
edge-use,andface)so that we canalsousethe ID asan arrayin-
dex for thatelement's array. (Later, oncewe know theaddressfor
the start of eacharray, this allows us to translateIDs to pointers
without any lookupsusingsimplearithmetic.)For eachtrianglein
the input, we can immediatelyassignnew IDs for a faceand its
threeedge-uses,sinceeachis auniqueuse.Wecannotimmediately
assignnew vertex IDs, however. We do not know if eachvertex
is beingencounteredfor the �rst time, in which casewe needto
assignit a new ID, or if it is a vertex thatwasalreadyusedin a tri-
angleappearingearlierin the�le, in which casewe shouldusethe
ID alreadyassignedto it. Therefore,in stageone,while we record

4



6thACM SymposiumonSolidModelingandApplications,to appearJune, 2001

IDs for facesandedge-uses,werecordthecoordinatetriplesfor the
vertex-uses,waitinguntil we have built a vertex hashtablein stage
two to assignvertex IDs.

In thegeneralcase,we recorddatain � ve differentdynamicar-
rays during stageone. Four of them recordID pairs, wherethe
�rst ID is that of a LEDS elementthat will containa pointerto a
LEDSelementwith thesecondID. Thesearethe“edge-use's face,”
the“edge-use'snext-in-loopedge-use,” the“f ace'souterloopedge-
use,” andthe“f ace's inner loop edge-use”arrays.For triangulated
input, noneof the faceshave inner loops;therefore,we clearlydo
notneedthislastarrayfor STL.But for triangulatedinputwedonot
needto recordtheseotherthreearrayseither. Theinformationthey
would containcanbederived laterwhenwe needit (asdetailedin
thedescriptionof stagefour below) merelyfrom knowing thetotal
numberof trianglesandthatthefaceandedge-useIDs areassigned
assequentialintegers.

The �nal array that we alwayscreateand�ll during stageone
will be usedfor deriving all of the remainingtopological rela-
tionships. It containsone entry per edge-use,but unlike in the
four arraysdescribedabove, eachentry is not a pair of IDs that
translatedirectly to a pointer in the �nal LEDS. Insteadan en-
try containsthreepiecesof information: the ID of the edge-use,
andthe coordinatesof the edge-use's two endpoints'vertex-uses.
We call this the “untranslatededge-use”arraybecausethevertex-
usecoordinatesneedto be translatedto vertex IDs beforewe can
interpret them as pointers. To preparefor the vertex translation
in stagetwo, we output the untranslatededge-usearray in parti-
tions,appendingeachentryto theendof theappropriatepartition:
ledsEdgeUseID = 1;
foreach triangle T in input f

v1Partition = GetPartition( T.v1Coords);
UntranslatedEdgeUses[ v1Partition].AppendTriple

( ledsEdgeUseID++, T.v1Coords, T.v2Coords);
v2Partition = GetPartition( T.v2Coords);
UntranslatedEdgeUses[ v2Partition].AppendTriple

( ledsEdgeUseID++, T.v2Coords, T.v3Coords);
v3Partition = GetPartition( T.v3Coords);
UntranslatedEdgeUses[ v3Partition].AppendTriple

( ledsEdgeUseID++, T.v3Coords, T.v1Coords);
g

7.2 Stage Two

Stagetwo is thevertex hashtablebuilding andtranslationstage.If
the input �le is large,this hashtablewill not �t in memory;there-
fore,we usea partitionedhashtable.With partitionedhashtables,
we only build onememory-sizedpiece(a “partition”) of a larger
hashtableat a time. Most Unix implementationsnow supportthe
mlock() function,whichweuseto lock thepartitionsin memory
while we areaccessingthem.

Usingpartitionedhashtablesrequiresestimatinghow many hash
tablepartitionswe will needanddividing theinput into thatmany
datapartitionsbeforewe processit. We take thehashvalueof the
vertex, modulo the numberof partitions,as the index of the data
partition in which to storethe input. This assuresthat all of the
input correspondingto the sameentry in the hashtablewill be in
thesameinput datapartition. Oncethedatais partitioned,we read
onedatapartitionat a time andbuild its correspondinghashtable
partition.

We translatethe two endpointverticesin the input in separate
steps.For the �rst translationstep,we partition the “untranslated
edge-use”arraybasedon thehashvalueof theedge-use's �rst end-
point's coordinates.We try to predictthenumberof 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 randomhashingshouldmake the partitions

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

The input to stagetwo consistsof the “untranslatededge-use”
dynamicarraypartitions;the outputconsistsof threenew arrays:
the“vertex coordinate”dynamicarray, containingthevertex coor-
dinatescorrespondingto eachuniquevertex ID, an“edge-use's root
vertex” array, containingeachedge-useID with the vertex ID for
its correspondingroot vertex, anda “translatededge-use”dynamic
arraywith thesameentriesastheinput untranslatededge-usesbut
with the vertex-usecoordinatesreplacedby vertex IDs. Figure6
shows thedata�o w betweenthesearraysandthehashtableparti-
tionsduringbothtranslationstepsof stagetwo.

 Untranslated
 Edge-Use
 partition 1

 Untranslated
 Edge-Use
 partition 2

 Vertex Hash Table
 partition 1

 Vertex Hash Table
 partition 2

Step 1 Step 2

 Semi-translated
 Edge-Use
 partition 2

 Semi-translated
 Edge-Use
 partition 1

Stage Two

 Vertex 
 Coordinates

 Translated
 Edge-Use
 partition 1

 Translated
 Edge-Use
 partition 2

 Translated
 Edge-Use
 partition 4

 Translated
 Edge-Use
 partition 3

 Edge-Use's
 Root Vertex
 partition 1

 Edge-Use's
 Root Vertex
 partition 2

Figure6: Data �ow for the two vertex translationstepsof stage
two. Theoutputis indicatedbyboldboxes.Weusethesamehash
table partitions for both stepsbut repartition and visit the hash
tablepartitions in reverseorder in steptwo. Notethat there are
more partitionsat theendfor theedge hashtablewewill build in
stage three, sincethere are more edgesthanvertices.

Someof thesearraysarestaticandsomearedynamic.We out-
put the “edge-use's root vertex” information in one array per in-
put partition,thusensuringthateachresultingarraywill also�t in
memory(for latersorting). Thesearrayswill have thesamenum-
berof entriesastheinputpartitions;therefore,wecanallocatethem
statically. On theotherhand,the“translatededge-use”information
needsto bepartitioneddifferently thanthe input; therefore,we do
not know its partition sizesand thuscannotallocatestaticarrays
for them.We alsodo not know how many distinctverticeswe will
have; therefore,we must usea dynamicarray to hold the vertex
coordinatesaswell.

Beforeprocessingeach“untranslatededge-use”partition,weal-
locateits vertex hashtablepartition andlock it in memory. The
inputkey to thevertex hashtableis acoordinatetriple, andthedata
storedin thehashtablealongwith thekey is thecorrespondingver-
tex ID.

After we have allocatedthe vertex hashtablepartition for the
“untranslatededge-use”array partition, we perform the �rst ver-
tex translationstep(seeFigure7 for pseudo-code).We readeach
untranslatedentry < Edge-UseID, Endpoint1 Coordinates,End-
point 2 Coordinates> from the input partition in turn, and look
up the coordinatesof the middle �eld of the entry, Endpoint1, in
thevertex hashtablepartition. If thecoordinatesarenot found in
thehashtable,we assignthenext sequentialvertex ID to theseco-
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ledsVertexID = 1;
foreach vertex-partition vP f

allocate VtxHashTables[ vP];
lock VtxHashTables[ vP];
foreach triple <EdgeUseID, Vtx1Coords, Vtx2Coords>

in UntranslatedEdgeUses[ vP] f
VtxID = VtxHashTables[ vP].LookUp( Vtx1Coords);
if !( VtxID) f //it's a new vertex

VtxID = ledsVertexID++;
VtxHashTables[ vP].Insert( Vtx1Coords, VtxID);
VtxCoordinates.Append( Vtx1Coords);

g
//output edge-use's root vtx

EdgeUseRootVertex[ vP].AppendPair
( EdgeUseID, VtxID);

//repartition based on vtx2 hash value
newP = GetPartition( Vtx2Coords);
SemiTranslatedEdgeUses[ newP].AppendTriple

( EdgeUseID, VtxID, Vtx2Coords);
g
free UntranslatedEdgeUses[ vP];
unlock VtxHashTables[ vP];

g
Figure7: Pseudo-codefor stage two,vertex translationstepone.

ordinates,recordthis vertex ID in thepreviously emptyhashtable
entry, alongwith thecoordinates,andappendthecoordinatetriple
astheID-th entry in the“vertex coordinate”array. (Whenwe pro-
cesssubsequentpartitions,we usethe samecounterfor assigning
vertex IDs andoutputthemto thesame,unpartitioned,“vertex co-
ordinate”array.) Otherwise,wereadthepreviouslyassignedvertex
ID from the hashtable. This endpointis the root vertex for the
directededge-use;we take its vertex ID alongwith the edge-use
ID from the original entry and appendthe pair < Edge-UseID,
Vertex ID > to thecurrent“edge-use's root vertex” arraypartition.
Finally, we replacethe middle �eld of the original entry with the
vertex ID andappendthe semi-translatedtriple, < Edge-UseID,
Vertex ID, Endpoint2 Coordinates> , to theappropriateintermedi-
ate“semi-translatededge-use”arraypartition.This timewechoose
thepartitionbasedon thehashvalueof the �nal �eld in theentry,
the coordinatesof Endpoint2, sincethat is the next �eld we will
behashing.(Theinput waspartitionedbasedon thehashvalueof
the coordinatesof Endpoint1, which in generalwill be found in
a differenthashtablepartition thanEndpoint2; hencetheneedto
re-partition.)Eventhoughwe arere-partitioning,however, we can
still usestaticarrays,becauseeachvertex appearsthesamenumber
of times in both endpointpositions;therefore,the partitionswill
be thesamesizeaslast time. After processingeach“untranslated
edge-use”arraypartition,we free its memory. We unlock thecor-
respondingvertex hashtablepartition,allowing it to bepagedout
of memory, but do not freeit yet.

In the secondvertex translationstep, we translatethe second
endpointcoordinatein each“semi-translatededge-use”to a ver-
tex ID usingthe samehashtablepartitionswe built in translation
stepnumberone (seepseudo-codein Figure 8). We processthe
partitionsin the oppositeorderthis time, startingwith the “semi-
translatededge-use”partitioncorrespondingto thelastvertex hash
tablepartitionthatwe built, sincethis hashtablepartitionwill still
be in memory. Again, we lock eachhashtablepartition in mem-
ory while it is in use. We appendthe resultingtranslatedtriple,
< Edge-UseID, Vertex ID, Vertex ID > , to theappropriate“trans-
latededge-use”arraypartition(this timebasingthepartitionchoice
on thehashvalueof theedge,usingthe lexicographicallyordered
pairof vertex IDs asthehashkey). Wecanfreeeachvertex hashta-
blepartitionandits corresponding“semi-translatededge-use”array
partitionafterwe �nish processingit.

foreach vertex-partition vP f
lock VtxHashTables[ vP];
foreach triple <EdgeUseID, VtxID1, Vtx2Coords>

in vSemiTranslatedEdgeUses[ vP] f
VtxID2 = VtxHashTables[ vP].LookUp( Vtx2Coords);

// order endpoints lexicographically
if ( VtxID1 < VtxID2)

Key = ( VtxID1, VtxID2);
else

Key = ( VtxID2, VtxID1);
// Find edge-use partition

euP = GetPartition( Key);
TranslatedEdgeUses[ euP].AppendTriple

( EdgeUseID, VtxID1, VtxID2);
g
free VtxHashTables[ vP];
free SemiTranslatedEdgeUses[ vP];

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

If theentirevertex hashtable�ts in memoryandwearenotpar-
titioning, thenwecanperformtranslationsteptwo at thesametime
asstepone,sincewe'll alwaysbe looking at the same,lone hash
tablepartition to �nd both vertex-useIDs for the triple. In fact, if
we have not partitioned,thenwe could further optimizeby look-
ing up only onetime eachthethreedistinctvertex coordinatesthat
appearasoppositeendpointsof the threeconsecutive untranslated
edge-useentriesfor a singletriangle. This will halve the number
of vertex-uselookupscomparedto the partitionedcase. Further-
more,the“edge-use's root vertex” arrayfor theunpartitionedcase
would not needto recordtheedge-useID explicitly sincethey will
be generatedsequentially. Even if we have multiple partitions,
someedgeswill still have bothendpointsin thesamepartition. If
we �nd uponhashingthesecondendpointat theendof translation
stepone that it belongsin the samepartition, we translateit im-
mediatelyandoutput the fully translatedtriple directly insteadof
goingthroughthesemi-translatedtables.

7.3 Stage Three
In stagethree,we build a partitionededgehashtable in order to
matchupedge-usesthatareonthesameedge.Weoutputan“edge-
use's sibling” dynamicarraythat recordssibling pointer informa-
tion, andalsorecordtheID of oneedge-useperedgein a “distinct
edges”dynamicarray(in stagefour we will build thegloballinked
list of edgesfor the LEDS from this array). Our input is the par-
titioned “translatededge-use”arrayoutput in stagetwo, steptwo.
Figure9 shows thedata�o w duringstagethree.

Before processing each “translated edge-use” partition of
< Edge-UseID, Vertex ID, Vertex ID > entries,we in turn allo-
catean edgehashtable partition for it. Again, sincewe will be
accessingthehashpartitionrandomly, we lock it in memory. The
input key to this hashtableis thelexicographicallyorderedpair of
vertex IDs of theendpointsof theedge-use(again,we usethelexi-
cographicorderingto hidethedirectionof theoriginal edge-useso
thatwecanmatchit with theunorientededge).Whenweoutputthe
partitioned“translatededge-use”arrayat theendof stagetwo, we
basedthepartitionchoiceonthehashvalueof this inputkey. In ad-
dition to storingtheinputkey, theedgehashtable'sdata�eld entry
will storeup to two edge-useIDs for the edge,in the “�rst edge-
use”�eld andthe“most recentedge-use”�eld (shown in Table4),
asdetailedbelow andin pseudo-codein Figure11.

Key LesserVertex ID GreaterVertex ID
Data First Edge-UseID MostRecentEdge-UseID

Table4: Anedge hashtablekey-datapair.
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 Translated 
 Edge-Use
 partition 1

 Edge Hash Table
 partition 1

 Translated
 Edge-Use
 partition 2

 Edge Hash Table
 partition 2

 Edge Hash Table
 partition 3

 Edge Hash Table
 partition 4

 Edge-Use's Sibling
 partition 1

 Edge-Use's Sibling
 partition 2

 Edge-Use's Sibling
 partition 3

 Edge-Use's Sibling
 partition 4

 
 Distinct 
 Edges Array 

Stage Three

 Translated
 Edge-Use
 partition 3

 Translated
 Edge-Use
 partition 4

Figure9: Data �ow for stage three. Theoutput is indicatedby
bold boxes.

One partition of the “translatededge-use”array at a time, we
look up eachentry's lexicographicallyorderedvertex IDs in the
edgehashtablepartition we have allocatedfor it. If the edgeis
not found, we make a new entry for it in the hashtablepartition,
recordingthe edge-useID (the �rst �eld of the “translatededge-
use” input triple) in the“�rst edge-use”�eld. We alsoappendthis
edge-useID to the“distinct edges”array.

If thereis alreadyanentryfor theedgein thehashtablepartition,
and it hasthe “�rst edge-use”data�eld �lled but not the “most
recentedge-use”�eld, this is thesecondedge-usefor theedge.We
readthedatafrom the“�rst edge-use”�eld in orderto appendtwo
new entriesto the“edge-use's sibling” array: onepair of edge-use
IDs representingthepointerfrom thecurrentto the �rst edge-use,
andonepair of edge-useIDs representingthepointerfrom the�rst
to the currentedge-use.Thenwe recordthe currenttriple's edge-
useID in the“most recentedge-use”�eld.

For input that wasguaranteedto be 2-manifold,these�rst two
edge-useswould beall thesiblingsfor theedge;eachedge-useof
thepairwouldpointto theother, its solesibling. If thiswasthecase
for all edges,wewouldnotneedto recordthemostrecentedge-use
in the hashtable. In fact, we could deletethe edge's whole entry
afterprocessingthesecondedge-usein orderto freeupmorespace
in the hashtable. But for non-manifoldparts,we canhave more
thantwo edge-usesperedge.

Whena non-manifoldedge-usehashesto anedgeentry thatal-
readyhasbothof its data�elds �lled by two otheredge-usesfor the
edge,we alsoappendtwo new entriesto the “edge-use's sibling”
array (refer to Figure10): onepair of edge-useIDs representing
thepointerfrom thecurrenttriple'sedge-useto the“�rst edge-use”
recordedin thehashtable(asbefore),andonepairof edge-useIDs
representingthepointerfrom the“most recentedge-use”recorded
in the hashtable to the currenttriple's edge-use.This latter sib-
ling pointer information will, when the actualLEDS edge-useis
�lled in, overridethe “edge-use's sibling” pair we recordedwhen
we processedthe“most recentedge-use,” backwhenwe recorded
that its sibling was the �rst edge-use. In the LEDS, the sibling
pointersof theedge-usesat eachedgewill thusform onecircular
list, thoughtheorderof thelist will dependontheinput�le andwill
notnecessarilyberadiallysorted.(Wedoradialsortinglaterand/or
divide up thecoincidentedge-usesinto pairsto make a pseudo-2-
manifoldrepresentationif aparticularapplicationrequiresit.) Then
we overwritethe“most recentedge-use”�eld in thehashtableen-
try with the currentinput entry's edge-useID, so that we canadd
additionalsiblings to the �nal circular list. Later, whenwe pro-

cessthe“edge-use's sibling” array, we will have two entriestelling
uswhatshouldberecordedin thesibling pointer�eld for someof
thesenon-manifoldedge-uses.We mustbe sureto take the latter
one.

edge-use's sibling
array additional 
entries:

EU1EU2
EU2EU1

EU1EU3
EU3EU2

EU1EU4
EU4EU3

EU1 EU4

EU3EU2

EU1 EU2

EU1 EU3

EU2

circular list 
thus far:

hash table entry
(most recent EU 
overwritten):

V1,V2 EU1        

V1,V2 EU1EU2

V1,V2 EU1EU3

V1,V2 EU1EU4

V1

V2

key first
EU

most recent
EU

non-manifold part non-manifold edge

EU4

EU3

EU2

EU1

V2

V1

Figure10: Werecord each edge-usethathashesto anedge in one
of the data �elds in the hashentry. If the “�r st edge-use” data
�eld is full, werecord it in the“most recentedge-use”data �eld
andappendtwo new entriesto the“edge-use's sibling” array, as
illustrated.Interpretingeach new siblingarray entryto over-ride
anypreviousentriesfor thesameedge-use, wegetthecircular list
shownon theright after each additionaledge-useis added.

We repeatthis processfor eachof the input partitions. We can
freethememoryfor each“translatededge-use”arraypartitionand
its correspondingedgehashtablepartitionaftereachhasbeenpro-
cessed,sincethey arenot reused.

7.4 Stage Four

Wewait until this �nal stageto actuallyallocatetheLEDSvertices,
edge-usesandfaces.We �ll in anarrayof onetypeof LEDS ele-
mentat a time usingtheinformationin the intermediatearrayswe
have built, sortingthem�rst (if notalreadysorted)by theID of the
LEDSelementwith whichtherelationshipeachentrydescribeswill
bestored.The larger input arrayswill be storedin multiple parti-
tions which individually �t in memory. We sort thesepartitions
separatelyandthenperformthe�nal “merge” stageof amerge-sort
implicitly: we keepa pointerto thenext unprocessedentryin each
partitionof apartitionedarray, andreadfrom thepartitionwedeter-
minecontainsthedatafor thenext sequentialID beingprocessed.
We will only be makingonesequentialpassthrougheachsorted
partitionduring themerge; therefore,we will only needoneblock
of eachsortedpartitionin memoryata time.
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foreach edge-use-partition euP f
allocate EdgeHashTable[ euP];
lock EdgeHashTable[ euP];
foreach triple <EdgeUseID, VtxID1, VtxID2>

in TranslatedEdgeUses[ euP] f
if ( VtxID1 < VtxID2)

Key = ( VtxID1, VtxID2);
else

Key = ( VtxID2, VtxID1);
Data = EdgeHashTable[ euP].LookUp( Key);

//first edge-use for edge
if (! Data) f

EdgeHashTable[ euP].SetFirstEdgeUse
( Key, EdgeUseID);

DistinctEdges.Append( EdgeUseID);
g

//second edge-use for edge
elseif ( Data.FirstEdgeUse and

! Data.MostRecentEdgeUse) f
EdgeUsesSibling[ euP].AppendPair

( EdgeUseID, Data.FirstEdgeUse);
EdgeUsesSibling[ euP].AppendPair

( Data.FirstEdgeUse, EdgeUseID);
EdgeHashTable[ euP].SetMostRecentEdgeUse

( Key, EdgeUseID);
g

//subsequent edge-use for non-manifold edge
elseif ( Data.FirstEdgeUse and

Data.MostRecentEdgeUse) f
EdgeUsesSibling[ euP].AppendPair

( EdgeUseID, Data.FirstEdgeUse);
EdgeUsesSibling[ euP].AppendPair

( Data.MostRecentEdgeUse, EdgeUseID);
EdgeHashTable[ euP].SetMostRecentEdgeUse

( Key, EdgeUseID);
g

g
free EdgeHashTable[ euP];
free TranslatedEdgeUses[ euP];

g
Figure11: Pseudo-codefor stage three.

We cannot�ll in the edge-uses�rst becausewe will not have
the information neededto �ll in all of their �elds until after we
have processedthe vertices. We do not �ll in the faces�rst be-
causefor triangulatedinput thereis no intermediatefacedatathat
we canfreeafter �lling themin; therefore,we want to delayallo-
catingthe facesaslong aspossibleto minimize the total memory
requirements.Thus,we �ll in the vertices�rst. Verticespoint to
edge-uses,andin orderto derive thesepointervalues,we needto
know thelocationof the �nal LEDS edge-usearray;therefore,we
mustallocateit before�lling in thevertices.

Now we allocateandprepareto �ll in thedatain theLEDS ver-
tex array. We can�ll in eachLEDS vertex's coordinates�eld di-
rectly while readingsequentiallyfrom the “vertex coordinate”ar-
ray, which is indexed by vertex ID; therefore,we do not needto
do any additionalpreparationfor that �eld. The informationwe
needin orderto �ll in eachvertex's other�eld, the“�rst edge-use”
�eld, is storedin the“edge-use's rootvertex” arraypartitions.Each
of thesepartitionswascreatedwith theedge-useIDs in increasing
(thoughnot consecutive) order. Although we will needthe infor-
mationin thatorderlaterfor theedge-uses,for theverticeswe sort
eachof thesepartitionsby vertex ID to put them in the order in
which we will createtheverticesandto bring all of theedge-uses
for a single vertex together. (We could make a separatecopy to
sort in vertex ID order, but it is actuallymoreef�cient to sortand

f(n)=3n

f(n)= (n)mod3
n+1{

f(n)= n/3

 Edge-Use's Sibling
 partition 1

 Edge-Use's Sibling
 partition 2

 Edge-Use's Sibling
 partition 3

 Edge-Use's Sibling
 partition 4

 Vertex 
 Coordinates

 Edge-Use's
 Root Vertex
 partition 2

 Vertex's
 Edge-Uses
 partition 2

 Edge-Use's Next
 Vertex Edge-Use
 partition 2

 LEDS 
 Edge-Uses 

 LEDS 
 Vertices
 

 LEDS 
 Faces
 

 
 Distinct
 Edges Array 

 
 Edge List 

 Edge-Use's
 Root Vertex
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 Vertex's
 Edge-Uses
 partition 1

 Edge-Use's Next
 Vertex Edge-Use
 partition 1

Figure12: Data �ow for stage four. Theoutput is indicatedby
bold boxes.Theinput consistsof the“edge-use's sibling” parti-
tionsoutputin stage three, aswell as thevertex coordinatesand
“edge-use's root vertex” partitionsoutputin stage two,stepone.

thenre-sortbackto theoriginal order.) Sincethe“edge-use's root
vertex” arraypartitionwasbuilt from a singlehashpartition,parti-
tionedbasedonvertex coordinates,all of theedge-usesfor asingle
vertex will appearin thesamepartition. Thuswe canmaintainthe
samepartitions(which will again�t in memory)and sort within
eachto geta “vertex's edge-uses”orderedarray.

7.4.1 LEDS Vertices

Now we have all the datareadyin the correctorder to �ll in the
verticessequentially. (Pseudo-codefor theseoperationsis givenin
Figure13.) We �nd thecoordinatesof thecurrentvertex immedi-
ately from thenext entry in the “vertex coordinate”array. For the
vertex's �rst edge-use,we �nd the “vertex's edge-uses”partition
whosenext entry containsthe currentvertex's ID. Therewill be
severalentriesfor this vertex, correspondingto all of its edge-uses.
Werecordits �rst edge-useentryin theLEDSvertex, translatingthe
edge-useto a pointerbasedon its ID andtheaddressof theLEDS
edge-usearray. Thevertex's remainingedge-useswill bestoredin
theedge-usesthemselves.

Now that we have groupedthe edge-usestogetherby root ver-
tex, wecanoutputentriesfor the“edge-use's next vertex edge-use”
array(referto Figure14). We readeachadditionalsequentialentry
for thecurrentvertex from its “vertex's edge-uses”input partition
andappenda pair of edge-useIDs to the correspondingpartition
of the“edge-use's next vertex edge-use”array: the ID of theprior
edge-usefor thecurrentvertex just readfrom theinput, andtheID
of the edge-usein the currententry. After processingthe last en-
try for the currentvertex, we alsooutputa pair of IDs to link its
edge-usebackto the�rst edge-usefor thevertex. Thesepairswill
betranslatedto thepointersin theLEDSedge-usesthatwill form a
circularly linkedlist of all theedge-usesrootedat thevertex.

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

7.4.2 LEDS Edge-Uses

Along with theLEDS edge-uses,we build theglobal linked list of
pointersto oneedge-useper edgefrom the “distinct edges”array
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//sort edge-uses by root vertex
foreach vertex-partition vP

VtxEdgeUses[ vP] =
EdgeUseRootVertices[ vP].SortOnSecond();

foreach vertex-ID vID f
//find partition with edge-uses for the vtx

foreach vertex-partition vP f
VtxEdgeUse = VtxEdgeUses[ vP].GetNext();
if ( VtxEdgeUse.Second== vID) f

VtxEdgeUses[ vP].Increment();
break;//(out of inner foreach)

g
g

//initialize the vIDth LEDS vertex
VtxFirstEdgeUseID = VtxEdgeUse.First;
Vertices[ vID].Init( VtxCoordinates[ vID],

&EdgeUses[ VtxFirstEdgeUseID]);
//translate remaining edge-uses for the vtx
//into edge-use's next vtx edge-use entries

VtxPrevEdgeUseID = VtxFirstEdgeUseID;
while ( VtxEdgeUses[ vP].Valid()) f

VtxEdgeUse = VtxEdgeUses[ vP].GetNext();
if ( VtxEdgeUse.First == vID) f

VtxCurEdgeUseID = VtxEdgeUse.Second;
EdgeUsesNextVtxEdgeUse[ vP].AppendPair

( VtxPrevEdgeUseID, VtxCurEdgeUseID);
VtxEdgeUses[ vP].Increment();
VtxPrevEdgeUseID = VtxCurEdgeUseID;

g else f //complete circular list
EdgeUsesNextVtxEdgeUse[ vP].AppendPair

( VtxPrevEdgeUseID, VtxFirstEdgeUseID);
break; //(out of while)

g
g

g
free VtxCoordinates;
foreach vertex-partition vP

VtxEdgeUses[ vP] =
EdgeUseRootVertices[ vP].SortOnFirst();

Figure13: Pseudo-codefor �lling in LEDSverticesin stage four.

constructedin stagethree.Wewould like this list in thesameorder
that theseedge-useswill bestored,in orderthat later we canef�-
ciently look up eachedge-usein thelist in sequence.Thereforewe
sort thearrayby ID (in place,if it �ts in memory, otherwisewith
anexternalmergesort).Thenwe readthroughthesortedarray, ap-
pendinganentrycontainingapointerto eachedge-useto theglobal
edgelist (deriving thepointeraddressfrom theaddressof thestart
of theLEDS edge-usearrayandtheedge-useID). At theend,we
freetheinput “distinct edges”array.

Next, we �ll in the edge-uses.This requiressomeadditional
sortingbeforewebegin. Wemustsortthenew “edge-use's sibling”
arraypartitions. The edge-use's siblingswill be partitionedbased
on edges;therefore,all of the information for a single edge-use
will be in the samepartition, andwe can maintainthe partitions
for sorting. Recallthat if the input wasnon-manifold,we needto
maintainthe order of multiple siblings listed for the sameedge-
useandonly recordthe last one listed. We alsoneedto sort the
partitionsof the “edge-use's next vertex edge-use”array that we
just createdwhile �lling in theLEDS vertex array, sortingthemby
theID of the�rst �eld in eachedge-usepair.

TheIDs for theothertwo LEDSedge-uses'�elds weneedto �ll,
the “edge-use's face” andthe “edge-use's next-in-loop edge-use,”
arederivedfrom theID of theedge-usewe will storethemin. The
edge-usewith ID n will point to a facewith ID bn=3c andit will
point to a next-in-loop edge-usewith ID n � 2 if (n)mod 3 = 0,

" vertex
edge-use"
entries:

V1EU13
V1EU19
V1EU73
V1EU91

EU13EU19
EU19EU73
EU73EU91
EU91EU13

" edge-use next
vertex edge-use"
entries:

V1

EU91

EU13 EU73

EU19

circular list:

EU13 EU19

EU73EU91

vertex neighborhood

Figure14: The“vertex edge-use” array entriesfor each vertex
are usedto �ll in the “edge-usenext vertex edge-use” array en-
tries for all of theedge-usesrootedat that vertex.

andID n + 1 otherwise. The only other informationwe needto
translatetheIDs to pointersis theaddressof theLEDS facearray;
therefore,weallocateit now.

Thenwe go aheadand�ll in theLEDS edge-usessequentially,
�nding theappropriatepartitionwhosenext entrycontainsthecur-
rentedge-use's ID for eachof thethreepartitionedarrays.We can
actuallyavoid having to look at multiple “edge-use's next vertex
edge-use”partitionsto �nd theonecontainingthecurrentedge-use
ID, becausewe createdthesepartitionsfrom the “edge-use's root
vertex” arraypartitionswithout re-partitioning.Therefore,oncewe
have foundthepartitionindex of the“edge-use's rootvertex” parti-
tion containingthecurrentedge-useID, we know thatwe will �nd
the identicaledge-useID asthe next item in the “edge-use's next
vertex edge-use”partitionwith thesameindex:

foreach edge-use-ID euID f
foreach vertex-partition vP f

EdgeUseVtx =
EdgeUseRootVertices[ vP].GetNext();

if ( euID == EdgeUseVtx.First) f
EdgeUseEdgeUse =

EdgeUseNextVtxEdgeUses[ vP].GetNext();
assert( euID == EdgeUseEdgeUse.First);
EdgeUseRootVertices[ vP].Increment();
EdgeUseNextVtxEdgeUses[ vP].Increment();
break; //(out of inner foreach)

g
g
NextVtxEdgeUseID = EdgeUseEdgeUse.Second;
RootVtxID = EdgeUseVtx.Second;
//(initialize euIDth LEDS edge-use's
// RootVtx & NextVtxEdgeUse here)

g
Wetranslatetheedge-use,face,andvertex IDs to pointersbased

ontheir ID valueandtheaddressof thestartof therespectiveLEDS
array. After all theedge-usesare�lled in, we freethepartitionsfor
thesethreeremainingpartitionedarraysof intermediatedata.

7.4.3 LEDS Faces

Finally, we�ll in theLEDSfacearray. Eachface'souterloopedge-
useis derived from the faceID: the outer loop edge-usefor face
with ID n will haveID 3� n. Thepointeraddressis computedfrom
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the addressof the edge-usearrayandthe edge-useID. The inner
loop list pointerfor eachfaceis null for triangulatedinput.

8 Results
For comparisonwith the naive in-memoryalgorithm, we ran the
out-of-corealgorithmon thesameknot sculpture�les, againunder
Linux with 32 MB of RAM. For smaller�les, whereall or most
all data�ts in memory, the out-of-corealgorithm can take up to
threetimeslongerto build theLEDS thanthenaive algorithm,due
to the time requiredto write the intermediatedata. For our coher-
ent input �les, thebreak-evenpoint comesafter400,000triangles;
for randominput,break-evencomesafter70,000triangles(seeFig-
ure15). With themillion triangletestpart,we morethanmake up
for the overheadof the intermediatedatawith drasticallyreduced
thrashing.For thecoherentmillion triangletestpart,thenaivealgo-
rithm takes82 timesaslong astheout-of-corealgorithm. For the
randomizedmillion triangle testpart, the naive algorithmwasso
slow thatwe hadto terminateit aftertwo days,but theout-of-core
algorithmperformsalmostidentically on the coherentandon the
randomizedmillion triangleinputs,at just underandjust over � ve
minutes,respectively. For thelargestrandomized�le on which we
successfullyranthenaive algorithm,the600,000triangletestpart,
thenaive algorithmtook over 500 timesaslong astheout-of-core
algorithm.
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Figure15: Comparisonof in-memoryandout-of-core algorithm
LEDSbuild timeson large knot sculpture �les underLinux with
32MB RAM.Theout-of-core algorithmperformsequallywell on
the coherent and non-coherent input. Thenaivealgorithm takes
82timesaslongastheout-of-corealgorithmonthecoherentmil-
lion triangle input,andover500timesaslongon therandomized
600,000triangle input.

Typical partsareneitherquite ascoherentas the original knot
sculpturetest�les nor asrandomasthe randomizedversions.For
otherpartsof asimilarsize,wewouldexpectspeed-upssomewhere
in between82 and500 times. To test this hypothesis,we ran the
naive and out-of-corealgorithmson an STL �le of the Stanford
dragonreconstructedfrom laserrange�nder datawhich contained
870,000triangles,againusing32 MB of RAM. On averageit took
9 hoursand15 minuteswith the naive algorithm,but only 4 min-
utesand11secondswith theout-of-corealgorithm,aspeed-upof a
factorof 133.

9 Memor y Usage
If theout-of-corealgorithmis not implementedcarefully, it canre-
quire far more virtual memorythan the in-memoryalgorithm, in
orderto storeits intermediatedata. To minimize its virtual mem-
ory requirements,we free eachintermediatearrayandhashtable
partitionassoonaswe have �nished processingit, so thatwe can
re-usethe memory. With this careful memorymanagement,our
out-of-coreimplementationusesalmostexactly the sameamount
of memoryasthein-memoryalgorithm(seeFigure16). For thein-
memoryalgorithm,both hashtablesarebuilt simultaneously, and
we cannotfree themuntil the entireLEDS is built. For the out-
of-corealgorithm,we build the hashtablepartitionssequentially,
freeingthevertex hashtablebeforeallocatingtheedgehashtable,
andfreeingthembothbeforeallocatingtheLEDS.Wealsoallocate
the LEDS vertices,edge-uses,andfacesin stages,allowing us to
freeall of theremainingintermediatedatabefore�nally allocating
theLEDS faces.An additionaladvantageof theout-of-corealgo-
rithm is thatmostof theintermediateandall of the�nal arrayscan
beallocatedin theexactsizeneeded,sothatlessmemoryis wasted.
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Figure16: Comparisonof memoryusage for theout-of-core and
in-memoryalgorithmsondifferentsizedknotsculpture �les.

10 Spatial Partitioning
Thegeneralout-of-corealgorithmdescribed,while it buildsatopo-
logicaldatastructureveryef�ciently , maynotbeoptimalwhencon-
sideredtogetherwith the runningtime of theapplicationthatuses
theLEDS. This is becauseit maynot organizethedatawithin the
LEDSoptimally, dependingon theaccesspatternsof theparticular
applicationthatwill be usingthedata. An applicationcanalways
re-sortthe arraysof vertices,edge-uses,andfacesafter they have
beenconstructed,but if we alreadyknow whatapplicationwill be
usingthedatastructure,wemightbeableto build it sothatits order
is bettertunedto theaccesspatternsof thatapplicationin the �rst
place.Often,aspatiallycoherentorganizationis desirable.

With thebasicbuild algorithm,facesandedge-usesarestoredin
thesameorderthatthey appearin theinput. If thereis spatialcoher-
encein theinput, it will bepreservedin theLEDS.For triangulated
input,weexploit thesimplenumericrelationshipsbetweentheface
IDs andedge-useIDs to avoid having to recordthis informationin
intermediatearrays.Thusany advantagesfrom changingtheIDs at
thestartto inducea differentordering,ratherthanre-sortingat the
end,would beoffsetby theaddedoverheadof thesenew interme-
diatearrays.Therefore,therewouldbelittle advantageto changing
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theorderof thefacesandedge-usesduringtheinitial build, unless
theinputwasknown to benon-coherent.

The basicbuild algorithm can destroy any input coherencein
the caseof the vertices,however. The vertex usesare randomly
assignedto partitionsduringtheinitial readof thedata;if thereare
many partitions,this will effectively shuf�e themwhenthevertex
IDs areassignedsequentiallywithin eachpartition. Therefore,it
might be worthwhile to wait until after the �rst passthroughthe
datato partition for vertex hashing.This would allow usto gather
statisticson the distribution of the verticesduring the initial read,
so that we could divide the vertex-usesinto partitions that were
spatiallycoherentandstill hadroughlyequalsizes.

Whenwe processa �le for solid freeformfabrication,we must
slice it into closelyspacedparallellayers. We performtheseslice
calculationsusing a sweep-planeslicer that looks at the vertices
in increasingz-coordinateorder [17]. Therefore,we have imple-
menteda spatialpartitioningschemethat dividesthe verticesinto
partitionsbasedon increasingz-coordinate.

We do not know thez-extentsor distribution of thedatabefore
we begin, which preventsusfrom knowing whereto placethepar-
tition boundariesfor equalpartitionsizesa priori . During the�rst
passthroughthetriangleinput data,we merelyrecorda singledy-
namicarrayof the vertex coordinatesof eachsequentialinput tri-
angle,and �nd the minimum and maximumz value for the �le.
We still do not know thedistribution in z; thereforewe �rst evenly
divide therangeof input z valuesinto small intervals,many more
thanthe�nal numberof partitionsweneed,andlatercombinecon-
secutiveintervalsinto partitionsof evensizes.(Ourintervalsarenot
unlike thebucketsusedby Kitsuregawaetal. to tunepartitionsizes
during hashjoins [13], but we simultaneouslysort and tunewith
our intervals,optimizingfor processingthatwill occuraftertheini-
tial spatialhashjoin aswell.) We allocatea bin for eachsequen-
tial interval, with the �rst bin correspondingto thelowestinterval.
Thenwereadthroughthearrayof vertex coordinates,transforming
eachsetof threeverticesde�ning atriangleinto three“untranslated
edge-use”entries,storingeachentryin thebin correspondingto the
interval containingthez-coordinateof its �rst endpoint. We also
updatean array that recordsthe numberof entriesthat have been
placedin eachbin.

Then we look at the bin sizesand contentsto assignpartition
boundariesto getpartitionsof roughlyequalsizes.Theidealparti-
tion sizeis equalto thetotal numberof entriesdividedby thetotal
numberof partitions.For the�rst partition,we addup thenumber
of entriesin the �rst i bins until 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 the i th bin,
andif this total is greaterthanor equalto 10%undertheidealsize,
bins1 to i � 1 will bethepartition. In eithercase,thez-boundary
of thepartition is calculatedandrecorded(thehighestbin number
timesthe constantbin z-heightfor the �rst partition). Otherwise,
we will have to divide thei th bin betweenthe�rst andsecondpar-
titions (this will only occur if we allocatedtoo few bins or if the
vertex datais very unevenly distributedin z). Our implementation
performsa quicksorton the whole bin andthen�nds the entry at
thepositionfor an idealpartitionsize;we recordthez coordinate
of this edge-use's �rst endpointasthez-boundaryof thepartition.
For betterperformance,wecouldmodify thequicksortto terminate
oncewe had an acceptablenumberof entrieslessthan the pivot
point andusethe pivot point for the z-boundary. Sincewe rarely
needto split bins,theadditionalcomplexity of modifyingquicksort
did notseemworthwhile.

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

within 10%of thesumof theidealsizes.This preventserrorsfrom
building up, which could leave the �nal partition,consistingof all
remainingentries,constrainedto be muchtoo small or too large.
With our scheme,individual partitionsizeswill, in theworstcase,
still benomorethan20%largeror smallerthantheidealsize.

Recallthatwe partitionverticestwice: onceto translatethe�rst
endpointin the untranslatededge-uses,thenagainto translatethe
secondendpointin thesemi-translatededge-uses.For 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). Whenwerepartitiontheoutputof this �rst transla-
tion step,weactuallyallocatepartitions,usingthez-boundarytable
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 processthebins in order;recall that it is alsoin the
�rst translationstepthatwe assignIDs to theverticesin theorder
thatweprocessthem.Therefore,the�nal vertex tablewill besorted
to thesamegranularityasthebin boundaries.Morebinswill result
in a �ner sort.

Of course,thebin partitioningschemetakeslongerthanrandom
partitioning. In Figure17, we comparethe total timesto build the
LEDS followedby slicingwith thesweepplaneslicerunderLinux
with 32MB RAM. Ourinput is the200,000triangleknotsculpture,
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Figure17: Comparisonof build timesversusslicetimesfor ran-
dompartitioningandz-coordinatebasedvertex partitioningwith
different bin sizes,using the 200,000triangle knot sculpture as
input.

we make a total of 402slicesthroughit, andwe use10 partitions.
Allocating250binstotal(25binsperpartitiononaverage),thetotal
build plusslicetimewasfasterthanwith randompartitioning,even
thoughthe build time waslonger. Using 1,000bins (100 bins per
partition), the build time increasedeven more,andthe savings in
analyzingandslicingno longeroffsettheincreasedbuild time.

11 Conc lusion
Wehavedescribedthedesignandimplementationof anout-of-core
algorithm for building a topologicaldatastructurefrom unorga-
nizedinput. We have demonstratedperformanceimprovementsof
two ordersof magnitudeoveranaiveapproachby usingournew al-
gorithm.Unlike somealgorithmsthattradeoff spacefor speed,we
areable to achieve thesespeed-upswithout increasingthe virtual
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memoryrequirements.Ourout-of-corealgorithmmakesbuilding a
very largetopologicaldatastructurefeasible,regardlessof theco-
herenceof the input. As future work, we alsoplan to investigate
parallelizingour algorithmto run acrossmultiple nodesin a clus-
ter, in orderto bene�t bothfrom parallelismandfrom theaggregate
memorycapacityof thecluster.

Traditionally, main memorycapacityhasboundedthe sizeand
complexity of geometricmodels. This historic spacelimitation is
arti�cial, giventhemuchhigherstoragecapacitiesthatarecheaply
available from magneticdisks. Using out-of-coretechniques,we
cantake advantageof disk spaceby modifying our algorithmsto
transformrandomdisk accessesinto sequentialdisk accesses.We
haveshown how techniquesfrom thedatabaseliteraturecanbesuc-
cessfullyappliedto a geometricproblemto dramaticallyincrease
the scalethat is tractableon a given machine.The applicationof
databasetechniquesin this context is quitenatural,andwe believe
it holdspromisefor scalablesolutionsto otherproblemsin geomet-
ric modeling.
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