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Abstract

We presenta nev geometrycompressiortechniqueparticularly suitablefor 3D meshmodelsof engineeringclass—
architecturaimodels,machineplants,factories,etc. We obsere thatsuchmodelshave a numberof repeatingfeaturesat
variouslevelsof granularity In mostof thewidely availablemodelsin this class the geometriadescriptionof suchfeatures
arealsorepeatedof coursein their positionsandorientations.

Thetechniquedescribedn this paperautomaticallydetectsthe repetitionof featuresandalsorepetitionof groupsof
featuresandthencompactlyencodeghe geometryusinga “mastergeometry- instancetransform”heirarchy The master
geometryitself canbe encodedusing the most suitablegeometrycompressioralgorithm developedearlier and thus our
work is complementaryo all the earlierwork in thisfield.

We have implementedhis techniqueand carriedout testson a numberof representate large 3D models,including
mary thatarefreely availableon the net. Theresultsareexcellentgiving ushigh compressiomatiosfor thesemodels.

1 Intr oduction

Verylarge3D modelsdocumentingrchitecturatlesignsheritageanonumentschemicaplantsandmechanicaCAD designs
arebeingincreasinglydeployedin variousapplicationgnvolving interactive visualizationandInternetbasedaccessVery
oftenthe compleity of these3D modelsfar exceedshe limits of whatcanbe quickly downloadedat popularconnection
speedsaaindwhatcanbe easilystoredandrenderedor interactive explorationon personabesktops Compressiorschemes
for suchlarge 3D geometricmodelshave thusbecomea subjectof intensestudyin recentyears. A brief review of these
schemess presentedn the next section.A new 3D geometrycompressioriechnique devisedby the authorsis presented
afterthatandthisis followedby theresultsfrom a straightforwardimplementatiorof this new technique.

While a numberof mathematicatepresentationsuchas quadrics,bi-polynomials,NURBS, sweepsBooleanoperations
etc. may be usedduring the initial creationof the 3D models,the final evaluatedand storedrepresentatioris usuallyin
theform of polygonalmeshesmostcommonly trianglemeshesMany compressiotechniquesave thereforefocusedon
suchtrianglemeshrepresentationuite naturally specificcompressioschemesrebestsuitedto specificclasse®f such
complex 3D modelswith well distinguishableshapecharacteristics.

Therehave beena few attemptso classify 3D models. Thesearenormally basedon someformulationfor measuringhe

complity of the shapesandtheir representationsAn early attemptis by Forrest[11] in which he classifiesgeometric
modelsalongthreeaxes: geometriccompleity (lines, planes,curves,surfaces,etc.), combinatorialcomplexity (number
of componentsedgesfaces.etc.) anddimensionakcompleity (2D, 2.5D, 3D). More recentattemptshave tried to relate
polygonalrepresentationt® shapefactors[39, 2, 12, 19, 26]. Theshapdactoraddressethe complexity measuralongthe

geometriccompleity dimension.For thework beingreportedin this paper Forrests formulationis moreapplicable.This

is becausearliermethodsaddresgompressiotnf theinherentshapecompleity in singletonsurfaceswhereasourscheme
addressesompressiomf geometricmodelswith high combinatorialcomplexity. Someof the large 3D geometricmodels
presentlybeingworked uponin variouscomputergraphicsresearchHaboratoriesaroundthe world areshawn in Figurel

positionedn Forrests modelclassificatiorspace.

The new 3D geometrycompressiortechniquethat we presentin this paperis particularly suitablefor large digital 3D
modelsof engineeringclass— architecturakcomplexes, heritagemonumentsfactories plants,etc. Unlike digital models
of naturalshapesuchasterrains,anatomiessculpturesandso on, suchengineeringnodelsinvariably have a numberof
repeateccomponentse.g.,windows, pillars, fixtures, etc. in differentorientationsand positions. Typically suchmodels
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consistof alarge numberof small polygonalmesheseachconsistingof up to a few hundredtriangles.In Figurel, these
modelswould betypically positionedn the upperright triangularregion.

Our techniqueseeksto detectrepeatingshapefeaturesin the model so that multiple instancef a shapeor a group of
shapeseednot be storedin all detailsmultiple times. Although mostmodelinglanguagedike vRML [7] andmodeling
tools like 3DStudioMAX [21] have facilities to modelrepeatinggeometriesasinstanceof a prototype,in practice,one
doesin factencountehugemodelshaving no instancestructureinformation. Re-engineeringuchinstancingrelationships
manuallyis avery laborious gxpensve anderrorpronetask. Thefundamentatomponenbf ourtechniqués theautomatic
identificationof repetitve geometricfeaturesn alarge geometricmodelat threedifferentlevels of granularity— features
within andacrosscomponenshapesfeatuerest the granularityof componenshapesndalsoat a macro-level of groups
of features.

The modelis then compactlyencodedusing a “mastergeometry— instancetransform”hierarchy The mastergeometry
itself can be encodedusing the most suitablegeometrycompressioralgorithmsdevelopedearlier and thus our work is
complementaryo all of the earlierwork in this field. To the bestof our knowledge,oursis thefirst significantattemptto
addressompressiomf geometricnodelswith high combinatoriakcompleity.

1.1 Summary of Contrib utions

Ourwork representshefollowing significantcontributions:

1. In thispapemwe pioneettheideaof compressingeometryof 3D polygonalmeshmodelshy removing theredundang
in therepresentationf repeatinggeometrideaturepatterns.

2. We preseninnovative useof patternmatchingtechniquegor the purposeof automatiadiscovery of repeatingeature
patterndgn 3D polygonalmeshmodels.

3. Somesimpleideashave beenintroducedor efficientimplementatiorof our algorithmfor compressiomsingdiscor-
ery of repeatingeaturepatterns.

4. Ourcompressioschemeanincorporatehebestresultsachievedin theareaof connectvity compressioof polygon
meshestherebyalwaysachieving compressiomperformancesit leastasgoodasthosereportedin theliterature[22,
25, 15]. In factfor engineeringnodels,our techniquegiveslarge benefitswhich cannotberealisedby simply using
the connectvity compressiomlgorithms.

Therestof this paperis organizedasfollows. In the next sectionwe briefly outlinethe previousartin theareaof compres-
sionof 3D polygonmeshmodelsanddescribehow thepreviously developedechniquesionotfully exploit theredundancies



in engineeringnodels.In section3, we describdn detailthe differentschemesve have designedor the discovery of geo-
metricfeaturepatternghatrepeatWe alsoanalysehebenefitsof usingthediscovery of repeatingeaturesor compression
of large3D models.In thefollowing section4 we presentheresultsof our experimentswith somerepresentatie engineer
ing models.Finally we concludewith otherpotentialusesof the techniquedor discovery of repeatinggeometricfeatures
in polygonmeshmodels.

2 Previous Work

This sectionprovidesa brief review of the differentschemeslevisedfor compressin@D polygonalgeometricnodelsand
their applicabilityto large modelsof theengineeringlass.

2.1 SomePreliminary Definitions

Polygonmeshmodelsaretypically definedn termsof (a) geometry-thecoordinatevaluesof verticesof themeshesnaking
up the model, (b) connectivity— the relationshipamongthe verticeswhich definesthe polygonalfacesof the mesh(also
calledastopology of the mesh),and(c) attributes- suchascolor, normalandtexture coordinatestthevertices.

Otherinformationsuchastextureimagesandmaterialpropertiesarealsocommonlypresentasapartof themodelsusually
associateavith meshe®r groupsof meshes.

A polygonalmeshmodelO consistof asetS of polygonmeshesndassociatetdion-geometrigproperties A polygonmesh
s € S consistof asetV of verticesasetE of edgesanda setP of polygons.Eachvertex correspondso a point position
fromthesetX = {z; € R®}. An edgee is representedsa pair (v, v2) of referencesnto thelist of vertices.A polygon
pisrepresentedsasequencéu; , va, ..., vy, ) Of referencesnto thelist of vertices.A triangle meshis a specialcasehaving
all triangularpolygons.Generallyin the actualrepresentatioredgesareimplied andnot explicitly stored.

A meshhaving eachedgesharedby at mosttwo polygonsandat leastonepolygonformsa manifold A meshhaving an
edgesharedby morethantwo polygonsrepresenta non-manifold A meshmodelrepresentingmanifold surfaceis closed
if all edgesaresharedoy 2 polygons,otherwiseit is open

In ameshmodel O, we call two polygonsas neighbouringpolygonsif they sharean edge. Thereexists a path between
polygonsp; andp; if thereis a sequencef neighbouringpolygonsp;, pi, ps, ..., p;. A subselD, of themeshmodelO is

calleda connecteccomponentf thereexists a pathbetweenary two polygonsin O.. Note thata given meshmodelmay
have multiple connecteccomponents.A meshcanbe trivially decomposedhto its connecteccomponentsising simple
labellingalgorithm.

Whenderiving a compactencodingfor 3D models therearethreeprocesseshatwork on a polygonalmeshmodel O and
arein somesenseaelated:compressionsimplificationandprogressie disclosure.

Compessionis the procesof deriving a new encodingfor a given polygonalmeshmodelO suchthatthe numberof bits
neededn the new encodings muchsmallerthanthe numberof bits neededor theuncompressetkepresentationf U(O)
andC(0) denotethe numberof bits for the uncompressedndthe compressedersionsrespectiely, thenthe compession
ratio is definedas
U(0) - C(0)

U(0)

Compressioiis saidto belossyif thedecompressioprocessannotgive backthe original polygonmeshmodelexactly.

CR =

Simplificationis the processof deriving a new representatiod®’, often referredto asanimposter for a given polygonal
meshmodel O by which O’ becomesimplerto dealwith normally for renderingpurposesThis is usuallyin theform of
lessemumberof meshesr polygonsor verticesandthe eliminationof fine detailin geometryandassociatedhformation,
etc. Clearly simplificationis a kind of lossycompression A comprehensie review of simplificationtechniquesnay be
foundin [18].

Progressivedisclosue is the procesf deriving a new representationf a given polygonalmeshmodelO, which enables
oneto transmita coarserepresentatiof the modelfirst and subsequentlyransmitthe detailsto refineit. Compression
stratgieshave beenusedin the progressie representatiof modelsto also make the entire transmissiordatacompact.
Many groupshave developedcompressiorschemesncorporatingprogressie disclosurecapabilities[6, 32, 35, 36. The
schemeshatcombinecompressiormndprogressie disclosurealwayshave atrade-of betweencompressiomndthe addi-
tional dataneededor progressre representatioof the models.



2.2 Geometry CompressionStrategies
Most of the geometrycompressiostratgieshave two distinctcomponents:

1. Compessionof topolagy or the connectivityinformation. This is usuallydoneby reducingrepeatedeferenceso
verticesthataresharedoy mary polygons/triangles.

2. Compessionof geometricdata. This is achiezed by reducingthe precisionwith which coordinatevalues,normal
vectorcomponentsetc. arerepresentedndby removing highly detailedfeaturesusingtechniquegrom signalpro-
cessing.

2.2.1 Connectvity Compression

A largebodyof geometrycompressiomesearctasconcentratedn cleverencodingof the connectvity amongthevertices
in the mesh. Typically, the numberof trianglesin a meshis roughly twice the numberof verticesand eachvertex is

referencedn 5 to 7 triangles whichmeanghatlarge partof therepresentationf the modelis thedefinitionof connectvity

amongthevertices.Schemeshatminimize repeatedeferenceso verticesobviously resultin compression.

Almostall of theconnectvity compressiomechnique$l6, 22, 33, 37, 38] encoddriangle/polygorconnectvity in alossless
manner Triangle-triangleadjaceny is exploited by arriving at a suitableorderingof the triangles,suchastriangle strips
andtrianglefans[42]. Recentechnique$38, 16] constructspiralingtrianglespanningreesin which verticesarelabeledin
theorderin whichthey arefirst encountereéh thetriangletree. By defininga smallsetof operatorso encodehetraversal
overthetriangleshigh compressiomatioshave beenachievedfor connectvity encodingtypically afew bits pervertex [33].

Most of the above referenceccompressiorschemesoncentraten triangle meshmodelsrepresentingnanifold surfaces.
A numberof researcherfave devised and extendedcompressioralgorithmsto handlenon-manifoldsurfacesand more
generapolygonmeshmodelg[22, 25, 15].

2.2.2 Geometric Data Compression

Deering[9] usedquantizatiorof coordinatevaluesfrom 32 bitsto 16 bits, a 9-bitindex into agloballist of valuesfor vertex
normalsanda 15-bitrepresentationf color values.Althoughthis strateyy of reducingdatais blatantlylossy it is usableas
long astheresultsfor interactive visualizationarenot deteriorated.

Use of Predictors: Quantizationof coordinatesand color valuesleadsto an indiscriminatetruncationof the accurag
regardlessof the featuresin the geometricmodels. Predictive encodergperform much betterby taking advantageof the
coherencen the datato predictthe value of the next elementin the sequence.Predictorsare designedso that most of
the errorvaluesaresmallandonly a few arelarge. Theseerrorvaluescanthenbe quantizedeffectively andthenentropy
codedfor compactrepresentation.Taubin and Rossignad37] uselinear predictors; Toumaand Gotsman[38] usethe
parallelogram rule to predict subsequentertex positionsin triangle sequencesand Pajarolaand Rossignad32] have
introduceda butterfly predictorscheme.

Signal ProcessingTechniques: Signal processingbasedtechniquesvhich have beenin usefor surfacefairing [34] and
multiresolutionanalysig17] arebasedon the constructiorof a setof basisfunctionsfor decompositiorof a trianglemesh
into signals. The low frequeng componentsn the signalscorrespondo smoothfeaturesandhigh frequeny components
correspondo discontinuitiessuchas creasesfolds and corners. Retainingjust a few frequeny componentsuficesto
capturethe overall perceptuakhapeof the model. This compressiorschemds analogougo the JPEG imagecompression
algorithm[29]. The spectal compessioneffort of Karni andGotsmar23] andwaveletbasedechniqueof Khodalovsky
etal [24] areexamplesof this.

2.3 Applicability to LargeEngineering 3D Models

Almostall of theaboveresearchasconcentratedn the compressiomf large modelshaving afew connectedomponents
— oftena singlemeshof a complex surfacewith continuouslyvarying curvature— formedby a densecollectionof alarge
numberof small polygons(mostly triangles). The graphtraversaltechniquesare bestsuited whenwe have very long
traversals Longerthetraversalsequencesmalleris theaveragecostof representationin mostmodelssuchasarchitectural,
urbanplanning,entertainmentetc., meshedhave associatedexture maps. In orderto capturedifferenttexture mapping



coordinatestthe sharedvertices the verticesarerepeatedDueto this conditionof the data,reducingrepeatedeferences
to verticesandcreatinglong graphtraversalsdoesnot generallypbecomepossible.

Bajaj etal [3] presenttompressiorof CAD models. However, their techniques basedon encodingthe connectvity using
bredth-firsttraversal. Their approachis not muchdifferentfrom the othertechniquesaindwill have the samdimitationsas
describeckarlier

We mustalso note here,that both predictive encodingandthe signal processingapproachwork bestfor smoothsurfaces
with densemeshe®f smalltriangles.Signalprocessingechniqueslsorely heavily onthespecificconnectvity of themesh
for deriving the basisfunctions[24]. Very large 3D geometriomodelsof the engineeringlassusuallyhave alargenumber
of mesheswith smallnumbersof large triangles,oftenwith arbitraryconnectvity. Thearchitecturabndmechanicatab
modelstypically have mary non-smootimeshesnakingthesemethodsot the bestsuited.

3 Discovery of RepeatingFeature Patterns for Compression

The basicapproachn our compressiorschemss to look for redundang in a geometricmodelin the form of repeating
geometryof nearidenticalshapefeaturesandtheneliminatethis redundang by suitablyencodingthe componenshapes
andtheirrepeatingnstances.

Figure 2: Part of the Capitol building model having 36 instancesof a shapefeatureconsistingof 68 verticesand 132
triangles.Eachvertex is definedwith z, y, z coordinatesa vertex normalandtexture coordinates.

Theshapdeatureswe seekareat differentlevelsof granularity:

e Connecteccomponentsn polygonmeshes Engineeringmodelstypically have mary componentsepeatingin the
form of identicalmeshesappearingn differentpositionsandorientations.For example,in a machineplantmodel,
nuts, bolts, fastenersetc. repeatmary times; in architecturalmodelsit is commonto seestructureshaving mary
identicalparts(seeexamplein Figure2). We denotethe setof suchfeaturesdiscoseredin amodelasfeaturesof type
F.

¢ SubsetsfconnecteadomponenpolygonmeshesOftentheseanodelshave featuregsepeatingvithin or acrossneshes.
For example,in amechanicatAD model,a meshrepresenting gearhasmary teeth.Eachof theteethcorresponds
to afeatureof thiskind. We denotethesetof suchfeaturesdiscoveredin amodelasfeaturesof type F,. (Seeexample
in Figure3).

¢ Aggregatesof repeatingfeatues Groupsof disjoint featuresare also found to repeatin mary 3D models. Our
algorithmdiscoverssuchmacro-level aggreyatefeatureswhich may be composedrom featuresof type F; and Fs.
Examplesof suchmacro-level featuresare oftenfoundin architecturamodelswherethereare mary pillars, where
eachpillar is madeof multiple features.

Ouralgorithmautomaticallydetectssetsof featuresF’ (which maybe of type Fy, F» andtheiraggreyatesYhatrepeatwith a
rigid bodytransformationsvithin themodelO. We alsoderivethetransformatiornr : R? — R?, for eachrepeatingnstance
of afeatureto enablecompactencodingn theform of “mastergeometry- instanceransform”hierarchy
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Figure3: Repeatingeaturepatterngn mechanicalcAb models. Featuregepeatat the granularityof subsetf meshes.
Thesefeaturesepeatwithin ameshandalsoacrosgshe meshes.

In agivenscenepnedoesnotknow whichrepeatingeaturepatterndo expect. Hence thetraditionalapproachof matching
3D objects[43, 4, 40, 31, 30] by maintaininga dictionaryof featuresandthenlooking for thosefeaturesn thegivenmodel
is not applicablefor our work. Our goalis to discover repeatingfeaturepatternsn a polygonmeshmodelautomatically
without using a knowledgebaseof known features. We have createda simple and genericalgorithm for discovery of

repeatedeatures.

Hereis a brief sketchof our algorithmfor compressiomf 3D modelsusingdiscovery of repeatinggeometricpatterns:

1. Normalization Sincethegeometrideaturesmayoccurin themodelin ary positionandatany orientationwe obtaina
rotationandtranslatiorinvariant representatiofor facilitatingmatchingof shapdeatures A desirablecharacteristic
of normalizationprocesss thatit shouldbe ablegenerateanindex into a hashtablefor immediategroupingof the
identicalfeatures.Hashingprovidesequialenceclasse®f featuresof the modelwhich canbe goodstartingpoints
for discovery of completefeatureghatrepeat.

2. Growthof repeatingfeatures Within eachequivalenceclassobtainedasmentionedabore, a simultaneougrowth of
featureds attemptedaroundthe neighbourhoof eachmemberof a class. With every stepin growth, a geometric
matchis carriedoutto verifythepattern.During verificationwe alsoobtainthetransformation- for instancearansform
representatioandsubsequenteconstructiorof the original positionandorientationof the featurepattern.

3. Constructionof macmo-level featues A setof disconnectedeaturesthat repeatacrossthe model have the same
transformationassociate@crossthe elementsof the set. Aggregationof featureshaving identical transformations
givesusmacro-level featureghatrepeat.This aggreyationcanbe carriedout at multiple levels.

4. Compactencoding Oncehierarchicalrelationshipsacrossthe repeatingfeaturesare found, a “mastergeometry—
instanceransform”informationis encodedcompactly

This overall schemas very genericin natureandcancaterto variouskinds of models.The specificuseof this schemecan

be customizedo capturespecialfeaturesn a givenclassof models.In thefollowing subsectionsye describan detailthe
techniquesisedfor detectingrepeatingeaturepatterns.

3.1 Feature Patterns at the Level of ConnectedComponents

In mostengineeringnodelswe obsenedthatthereare a large numberof smallto mediumsizedconnecteccomponents,
eachhaving upto a few hundredpolygonson an average. The examplesin Figure 4 shov variousmodelshaving mary

INotethatit is possibleto extendthis invarianceto non-uniformscalingreflectionandshear
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Figure4: Repeatingeaturepatternsin large engineeringnodels. Thesemodelshave multiple repeatingfeatures,mary
occuringat the granularityof connectedomponents.

connectedomponentsepeatingn differentpositionsandorientations For the purposeof compressionit is bestto detect
redundanciest a granularityaslarge as possible. Henceas a heuristicdecisionderived especiallyfor the engineering
models,we carryoutdiscovery of repeatedeaturepatternsatthelevel of connectedomponentén the givenmodel.

For modelshaving repeatingfeaturepatternsat the granularityof connecteccomponentsye usethe following stepsfor
compression:

1. split the modelinto connectedcomponentsand pre-procesghe the modelto remove ary erroneouslyreplicated
geometry

2. carryoutdiscovery of repeatingeaturepatternsat the connectedomponentevel (describedn detailin 3.1.1),

3. build a hierarchyof “mastergeometry— instancetransform”amongthe first occurrencesandrepeatingoccurrences
of thefeaturepatterns.

4. acrosall thefirst occurrencesf thepatternsatthelevel of connectedomponents;arryoutsub-meshtevel discosery
of repeatindeaturepatterndor compaciencodingof featuresat a smallergranularity(asdescribedn 3.2).

5. constructaggreyatesof featureshy groupingrepeatedccurrence®f featureshaving identicaltransformationgde-
scribedin 3.3).

3.1.1 DetectingRepeatingConnectedComponents

Matchingpolygonmesheshasbeenanactive areaof researchn therecentyears[43, 8, 4, 40, 31, 30]. Many sophisticated
algorithmshave beendevelopedfor robustmatchingof similar shapesin ourimplementationve have useda simpletech-
niguebasedn principalcomponenanalysigPcA) thatusesHotellingtransform[13] to determineanormalizecbrientation
of agivenpolygonalmeshfor matchinggeometry We have extendedrCA to overcomethe limitation of ambiguousesult
in casef completelysymmetricmassdistribution. While thisis very simpletechniquejt hasgivenusvery goodresults
aswe will seelaterin this paper

Pre-processing:In an actualimplementatiorof this schemewe alsoneeda preprocessingtagethat healsthe geometry
in the model. Healinginvolvesremoval of erroneousandinvalid geometricentities,say spuriousor duplicatedvertices,
edgesandfaces.Thisis requiredbecausenary modelshave theseproblemsin data,resultingin avoidableinefficiency and



errorsin further analysisanduseof thesemodels. This is a onetime operationand neednot be consideredas part of the
compressioscheme.

The previouswork on healing,alsosometimeseferredto ascaD-datarepair[5, 10, 27] addressethe mismatchbetween
the geometrycreatedor exportedby modelersandthe specificrequirementsmposedby the end-applicationsAlmost all
geometricmodelscreatedusingary of the standarddesign/modelingoolsrequirehealingto handlethis mismatch.

Remaal of ErroneouslyRepeatedseometry:In almostall the modelsthat we have usedfor testingour implementation,
we have found thatthe modelshad avoidableduplicatesor multiples of geometricdata,for example,mary verticeswith
identicaltriples (zyz-coordinatesyertex-normal,texture-coordinates)n our pre-processingtage we remove suchredun-
dantverticesin thedata.PcA is very sensitve to spuriouslyduplicatedvertices.Hencethis stageof pre-processingroved
extremelyimportantfor the modelswe worked with. We have alsofoundin someof the models,overlappingpolygons,
danglingedgesandmissingtextures. I[dentificationandrepairof suchartifactsis a comple« problemandmoreautomated
toolsneedto be developedto healsuchcomplex problems.

Splitting Meshesnto ConnectedComponents:The sourcegeometryhasmeshesvhich may containmultiple connected
component®r partsof multiple connecteccomponents At timesthe sourcepolygonalmeshmay containonly a part of
a connecteccomponent.This happendecausenostmodellerstendto groupall the polygonshaving sameattributeslike
materialandtexture into a singlemesh. Henceit is commonto comeacrossan architecturaimodel,for example,with a
few pillars andsomeunconnectedvalls in the modelforming a singlemesh.We reorganizethetotal setof polygonsin the
sourcemodelinto a new setof meshesuchthat eachmeshin the reoiganizedmodelis a connecteccomponent.This is
doneusinga straightforvardrecursve labellingalgorithmof O(n) complexity.

While this intermediataepresentatiomay be sometimesslightly verboseascomparedo the original collectionof poly-
gons,it is necessaryn the subsequendtepsof our techniquefor detectingnearidenticalcomponentsSplitting the source
geometricdescriptioninto smallerconnecteccomponentslsooften providesa finer granularityfor detectionof repeating
components.

Normalized Orientation: We first obtaina normalizedorientationfor a givenmesh.An orthonormabasisin 3-spacédhat
describesheeccentricitie®f themeshirrespectve of theorientationis computedusingthe Hotelling transformationUsing
this basisasa purerotationmatrix, a meshis broughtto a normalizedorientation.

TheHotellingtransformations basedn statisticalpropertieof vectorrepresentationdiVe take thelist of verticesdefining
themeshasa clusterof points X = {z1, ..., z,} for thefollowing steps.

1. Determinethe centroidof the clusterof the points:
1 n
=

2. Obtainthecovariancematrix, C, as:
1 n
C= Ezlm,mlT —mm?
im

Thisis a symmetricmatrix andits eigervectorsaremutually orthogonal.

3. Determineeigervectorsandcorrespondingigervaluesof the covariancematrix. Sortthe eigervectorsin increasing
orderof eigervalues.Normalizethe eigervectors.

4. Usethethreenormalizedeigervectorsto construcia purerotationmatrix R.

R is the orthonormalbasisthat describeshe eccentricityof the mesh. If T'_,,, represents translationby vector —m
computedn Stepl above, the compositetransformT’_,,, o R placesthemeshin a normalizedorientationat the origin 2.

The orthonormalbasisdeterminedusing this methodis quite sensitve to ary stray geometrythat may be presentin the
model.Hencewe have foundit necessaryo cleanup the meshe®f any unusedverticesandduplicatedriangles.

Our Implementation for Matching Components: We usethe simpletechniquedescribedelow to determinethe extent
of matchbetweertwo connectedomponents.

2|t hasbeenusedearlierby Gottschalket al [14] in their work to obtainan orientedboundingbox (OBB) for a given setof points. On obtainingan
orientedbasisfor agiven mesh the extremalverticesalongeachof thevectorsin the basisgive the sizeof the orientedboundingbox.



1. Obtaincentroids,orthonormalbasisfor the two componentandthe dimensionsof their OBBs asdescribedn the
previous subsectionLet us denotethe componentsisO.1, O.2, their centroidsasm;, my andthe orthogonabases
representingheir respectre eccentricitieas Ry, Ra.

2. If thedimensionof the OBBscorrespondingo thetwo mesheslo not matchthenthereis no matchpossible.

3. Matchthenumberof verticesandnumberof trianglesin eachof thecomponentslf thedifferenceis greateithan5%,
thenthereis no match.We do not seekexactequalityin numberof verticesandtrianglesacrosscomponentsThisis
to accommodatghe existenceof commonlyfound straygeometrythatmight escapehe pre-processinghaseof our
scheme.

4. We obtainthe transformatiomeededo align meshO.; with meshO., asa compositionof the following sequence
of transformations:
(a) translatedy —m;

(b) rotateby usingthetransformation:
Rot:= Ry o R;!

(c) translateby m
Usingthis transformationyve align thetwo meshegor matchinggeometry

5. Wethencarryoutafuzzy comparisorof positionsof verticesandedgesacrosshemesheslf thegeometrysoaligned
matchesgainupto 95%,thenwe declaremeshO., to beaninstanceof meshO.; andalsorecordthetransformation
compositedasT_,,, o RotoT,,, requiredto reconstruc., from O,;.

Matchingverticesimpliesmatchingtheir positions texture coordinatesndvertex normals|f they aredefinedfor thegiven
model.

This methodof matchingmeshess tolerantto smalltopologicalandgeometricalifferencedetweermeshedeingtested.
Also it canhandlemanifoldsandnon-manifoldauniformly andis notrestrictedto trianglemeshes.

First Meshi  DEF Meshj ~ DEF|___ [ Meshk  DEF
Instance | oo 4+ Conn + Atrib Geom + Conn + Attib Geom + Conn + Attrib
Meshes
[]Mesh Instance [] Mesh Instance [ ] Mesh Instance
T1 USE T3 USE T3 USE
["] Mesh Instance ["] Mesh Instance ["] Mesh Instance
T2 USE T5 USE T5 USE
DEF: First Occurrence
[l Mesh Instance [l Mesh Instance [l Mesh Instance USE: Repeating occurrence
T3 USE T4 USE T3 USE .
Tx: Transformation
[]Mesh Instance : []Mesh Instance
T4 USE | Mesh Instance T4 USE
- Tn USE
- []Mesh Instance
| Mesh Instance T6 USE
Tm USE -
| Mesh Instance
Tp USE

Figure5: Creationof equivalenceclasse®f features.

Oncewe have detectedsimilarity of the differentmeshesn the geometricmodel, we can partition the entire modelinto

equivalenceclasseasmentionedearlier All similar meshedelongto a singleclass.Figure5 illustratesthe construction
of equivalenceclasse®f meshedaving similar geometriemasuse-instance®f thefirst occurrencef the geometrywhich

is taggedasthe DEF-instance.A USE-instancels represente@sa namereferenceo the ber-instanceandtherigid body
transformatiorrequiredto reconstructhe original mesh. The transformatioris representeth the form of a purerotation
encodedas a quaternionanda position vector correspondingdo the location of centroidof the use-instance. The DEF-

instancesarerepresentech full detailsincludinggeometryconnectvity andattributes.



Overcoming limitations of PCA: While attemptingto matchtwo componentausing PCA ambiguity canarrise. If the
eigervectorsof thecorrelationmatrix arevery different,it is easyto find the correctcorrespondencacrosgswo components
beingmatched.But whenthe componetsare a completelysymmetricalmassdistribution, eigervectorswill be similar.
Examplesof sucha caseare: a cylinder which hasa symmetricalmassdistribution aboutan axis anda spherewhich has
symmetricaimassdistribution aboutthe centreof mass.

This limitation of PCA is overcomeby a minimizationprocedureo obtainthe bestrotationtransformatiorfor matchingof
componentsThis procedurds similar to that proposedyy Novotni andKlein [30]. Considerall possiblerotationsaround
the axis or centrepoint of symmetrychoosethe rotationcorrespondingo the maximummatch. Thus,for a singleaxis of
symmetry R is givenby

R = max(M (R(a), Oct, 02)l¢ € [0, 27])
wherea denotesthe angleof rotation aroundthe axis of symmetry R(a) denoteghe rotationand M (R(«), O¢1,Oc2)
denoteghe degreeof matchbetweerthe component®).; andO.; whenO,, is alignedwith O.; asdescribeckarliet In
caseof sphericakymmetrythe correctalignmentis obtainedas

k= Rgl,i{(¢)(M(R(¢7a7¢)7OC17002)|¢ € [0,271'],6 € [0,7?],"[7 € [07 277])

wheretheangles(¢, a, 1)) denoteEuleranglesfor parameterizationf three-dimensionalbtations.

Therotationspaceis discretizeduniformly to consideruniformly distributed samples.For a cylindrical symmetry(where
the massis symmetricalaroundone of the principal axes), this is an efficient approach. However in casesof spherical
symmetrythis approachs impracticaldueto thelargenumberof configurationsFortunately componentfiaving spherical
symmetryareveryrarein practice.

3.1.2 Acceleration Techniques

A naive implementatiorof the above schemeof discoveringidenticalconnectedomponentevel featuresn themodelhas
acompleity of O(n?), wheren is thenumberof commectedomponentén the givenmodel.In mostengineeringnodels,
n tendsto belarge. It is very inefficient to compareeachcomponentevel featurewith every othercomponentandcarry
out a geometricmatch. A methodthat allows an accesgo smallerclassof componentdor this matchis incorporatedn
our implementation Our techniquds in the spirit of whatis known asgeometrichashingandindexing in computervision
literature[20, 41]. While the worstcasecomplexity evenafterhashingis O(n?), for mostpracticalsituationsthe speedup
achiesedis substantial.

To achiere hashingof componentsuchthatcandate$or detailedgeometrianatchingareputinto thesamebucket, we need
someinvariantdescriptors.Thesedescriptoramustbeinvariantto the orientationandpositionof the componentdut must
haveidenticalvaluesfor identicalfeaturecomponentsSomeexamplesof suchinvariantpropertiesare:

¢ dimensionof the orientedboundingbox of thecomponent,

¢ surfaceareaof thecomponentthis canbetrivially computedy addinguptheareaf thetrianglesof thecomponent),
or

e asimplecombinatoricdescriptorsuchasnumberof verticesandtrianglesin the component.

In ourimplementationwe carry out hashingusingthe numberof verticesandtrianglesfor hashingandbeforeperforming
adetailedwe checkif thedimensionf the oBBs alsomatch.

Matchingtwo alignedcomponentsd and B having n verticeseachis aprocedureof O(n?) complexity. It is sobecausg¢he
correspondendeetweerverticesof thetwo componentss notknown. Henceeachvertex of mesh4 mustbecomparedvith
everyunmatchedertex of meshB to determinghecorrespondencandalsothecountof matchingvertices.This procedure
is easilyacceleratedby discretizingthe 3D boundingbox of the featurecomponentsnto uniform cellsandclassifyingthe
verticesacrosghesecells. Thetestfor correspondencis thenperformedonly amongthe verticesof the two components
thatlie within acell. Theworstcasecomplexity of this processlsotendsto be O(n?) for therarepathologicaktasesvhere
almostall their verticesareclusteredn afew regionsof their boundingboxes.
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3.2 Sub-meshLevel Feature Patterns

The problemof discovering repeatingpatternswithin or acrosspolygon meshegepresentingconnectedcomponentss
difficult. Thedifficulty lies in automaticpartitioningof the meshego cut out somepartsthatrepresentepeatingpatterns.
We approactthis problemby our techniqueof “growing” patternsbottomup from the granularityof vertices. To enable
effective classificatiorof verticesin a givenmodel,we assigrinvariantfootprints’ to eachvertex in themodel. A footprint
canbea scalaror vectorvaluewhich mustbe invariantunderrotationsandtranslationsandshouldbe “descriptive” in the
sensehattwo verticesshouldbesaidto representhesameeatureif thestructureformedby theirrespectieneighbourhoods
is mostlyidentical. Also, the footprintsmustenableusto effectively discriminatebetweentwo verticesif they belongto
differentfeaturedn thelocal neighbourhood.

More formally, to form a footprintwe mustselectinvariantproperties/ ( f) overthefeaturesf € F' in the modelsuchthat
underalineartransformationX’ = T'X of coordinates/(f) = I(T'(f)). In ourimplementatiorwe have soughtinvariance
to rigid-bodytransformatiory.

Examplesof invariantpropertieshat canbecomefootprintsfor a vertex v in a polygonmeshare: (a) | N, |, the numberof
verticesconnectedo v, whereN, is thesetof verticesconnectedo v. Theelement®of N, arealsocalledtheneighbourhood
of v, (b) L,, the averageof the lengthsof the connectecedges,(c) D,, the averageof the dihedralanglesof the faces
meetingattheedgesconnectedo vertex v. Thesepropertiesaredescriptie of thelocal features] NV, | describeshedensity
atthevertex v, L,, describeghe sizeof thefeature,and D,, approximateshe surfacecurvatureat vertex . In additionto
theseinvariantpropertieshasedon thefirst orderneighbourhooaf the vertices we canalsousefootprintscomputecover
higherorderneighbourhoodswWe have experiencedhatthe higherorderinvariantquantitieshelpin distinguishingbetween
featuresln ourimplementatiorwe useavectorfootprintconsistingof | N, |, L,,, D, andasecondrderfootprintelemenin
theform of averageof D; wherej € N,. A simpledistancemeasurdiasbeenconstructedor determiningthe similarity or
disparitybetweertwo givenfeaturesn thespaceadefinedby thefootprints. For engineeringnodelsthis compositefootprint
hasperformedvery well.

We describeour algorithmof discoveringrepeatingsub-meshevel featurepatternsasfollows:

1. Computation of Footprints:

(a) Computethefootprintsfor eachvertex v in themodel.

(b) Createequivalenceclasseof verticeshaving nearidenticalfootprints. Let us denoteequivalenceclassesas
C;, andthe setof equivalenceclassesasC. The verticeshaving identicalfootprintsrepresentmatchinglocal
featuresandarelik ely to form goodstartingpointsfor the “growth” of identicalpatternsaroundthem.

(c) Mark all theverticesasnotvisited

2. Growth Phase: This phaseattemptsa simultaneougrowth of the patternsaroundthe verticesin the equivalence
classegseeds)Theconnectvity in thepolygonmeshis consideredsa graphwith verticesasthe nodesof thegraph
andthe sidesof the polygonsconnectingverticesmaking up the edgesin the graph. Consideringone equivalence
classatatime, a bredth-firstgrowth is carriedour simultaneousharoundeachseedwhile geometricallyverifying if
the patternamatchaftereachstepin traversal.

This phases appliedto eachequialenceclassC;:

(a) Associatea patterncontainemwith eachvertex in the currentequivalenceclass. A patterncontaineris a struc-
ture consistingof currentseed currentneighbourhooga queueof bredth-firsttraversalbf_g, a list of vertices
makingup the patternpattern Initialize the queuef eachof the patternsoy insertingthe correspondingeed
vertex.

(b) While thequeuesf_q arenotempty:

i. For eachpatterncurrentseed= headof the queuebf_q.

ii. For eachpattern,currentneighbourhood= N,y rent_seeqd- The elementsof the neighbourhoodresorted
in the non-decreasingrderof the euclideardistanceof the seedfrom the neighbour This neighbourhood
containsonly thoseverticeswhich are not marked asvisited. If currentneighbourhoods non-emptyfor
lessthantwo patterncontainersskip this iterationin theloop.

3We have borraved the term Footprint from the work of Barequetand Sharir on Partial Surface and Volume Matchingin Three Dimensions[4].
However our definitionanduseof footprintsaresignificantlydifferent.
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iii. Matchtheneighbourhoodby comparinghefootprintsof thecorrespondinglementsn currentneighbourhood
(Note: Within an equivalenceclass,it is possibleto obtain multiple typesof repeatingpatterns.Careis
takento do all the houseleepingto keeptrack of thesemultiple growths. To trackthe multiple patternghe
patterncontainetasanelementref pointingto the next matchingpatternsothatrepeatingoatternscanbe
tracked duringthe simultaneougrowth.)

iv. Toeachpartialpatternof currentioop, applytheVerificationStep(3) to verify thatthepatternsareinstances
of thesamefeaturesobtainableby rigid-bodytransformations.

If thepatternsatthislevel of growth matchthenaddtheelement®f theneighbourhoodo thecorresponding
gueuedf_g. Also addthe matchedverticesto the correspondingatternlists.

v. Theverticesthatareaddedo patternsaremarkedasvisited

3. Verification Step: This phasehastwo purposesfirstly verify geometricmatchbetweenrthe two featuresdentified
assimilar basedon their footprintsandconnectvities, secondlydeterminethe transformationr. Giventwo patterns
representedsatwo sequencesf verticeshaving oneto onecorrespondencéhe patterngestedfor amatch:

(a) selectsomethreenon-collinearverticesfrom one patternandthe correspondingetof threeverticesfrom the
otherpattern,

(b) determinghetransformatiorto align thesetwo setsof vertices,

(c) transformthetwo patternausingthis transformatiorandverify if the correspondingerticesin thetwo patterns
matchgeometricallywithin atolerance.

This algorithmreturnsa setof patternswhich correspondeaturesthat repeatin the given model. Sincethe processof
discoreringtherepeatingpatternausesmeshconnectvity for traversal thematchingpatternsareidenticalin coordinatef
thevertices(in the senseof rigid-bodytransformationjpswell asthe connectvity.

We have choserto associatehe footprintswith verticesandnotwith higherorderelementdike edgesor polygons.Thisis
becausdtuler’s relationfor planargraphs[28] indicatesthatfor triangle mesheghe numberof trianglesis roughly twice
thenumberof vertices,andthe numberof edgess roughlythricethe numberof vertices.

This “mastergeometry— instancetransform” hierarchyamongthe repeatingfeature patternsis encodedcompactlyas
discussedbelow.

3.2.1 Analysis

Compessionof Vertex List: The compressedepresentatiomf the list of verticesthat constitutethe repeatingpatterns
is obtainedusingthe following scheme.On obtainingthe patternswe renumberthe verticesand alsothe indicesin the
polygonlists suchthatthe sequencesf the verticesbelongingto the repeatingpatternsare groupedby the patternsand
have a contiguoushumberingwithin the groups.Thevertex list for eachpatternformsa nodethatrepresentsitherthefirst
occurrencef the patternor its repeatedccurrencelf thepatternnodeis thefirst occurrencéhenit consistof anintegerk
indicatingthe numberof verticesin the patternfollowedby coordinate®f the k vertices.If it is arepeatedccurrencethen
it consistf anintegerreferenceo thefirst occurrencearigid-bodytransformatiorto reconstructhe original positionand
orientationandanintegerindicatingthe numberof elementf this occurrenceghatmatchwith thefirst occurrenceA rigid
bodytransformatiorcanberepresented termsof apurerotationandatranslation.Sinceapurerotationcanberepresented
usinga quaterniorwith four floatsanda translationvectorwith threefloats,the representatiofor transformatiorrequires
only sevenfloatingpointnumbers.

Thus a repeatednstancerequiresthreeintegersand seven point numbersas opposedo 3k floating point numbersfor
representin@g repeatedccurrenceof a patternhaving k vertices. We notethatfor a patternof four or moreverticesthis
schemeof encodingbeginsto yield compression.

Compleity Analysis: The computationof footprintsis an O(n) operationwheren is the numberof verticesin the model.
On computationof a footprint the vertex index is hashedinto using the value of the computedfooprint. The hashing
functionis basedon two keys from thefootprint vector: | N, | and L,,. The bucketsformedby hashingthe verticesgive us
the equivalenceclasse®f verticesrepresentingtartingpointsof growth of repeatingeatures.Classificatiorof a vertex is
aconstantime compleity operation.

The compleity of the Growth Phasevarieswith the characteristicef the givenmodel. Theworstcasedependsn charac-
teristicssuchasthe maximum|N, | in the model,numberof equivalenceclasse®f vertices sizeof thelargestequivalence
classnhumberof repeatingieaturepatternsaandsizesof thefeaturepatterndn termof numberof vertices.ln anequivalence
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classof k vertices theworstcasecomplexity of the growth of featureds O(k?). This caseoccurswhenit is not possibleto
grow ary repeatingpatternsstartingfrom the seedsn theclass.

Figure6: Exampleof repeatingstructuresia) eachstructureaddsupto 18 meshes]112trianglesand560vertices;and(b)
eachstructureaddsup to 6 meshes212trianglesand470vertices(notethattherecould be gapsin automaticcompositing
of suchmacrostructures).

3.3 AggregateFeatures

Most large engineeringplant modelshave mary repeatednstancesot only of meshesut also of structuresformedby
groupsof meshesFor example,apillar in anarchitecturamodelis oftenformedusingnumerousmallmeshesndusually
thereare mary suchpillars acrossthe model; in mechanicalcAb models,mary identical structuresare formedusingan
assemblyof partswhich repeatin multiple locations.

Figure6 shavstwo examplesof repeatingnacro-lezel componentgonsistingof multiple meshesAfter carryingoutmesh-
levelinstancedetectionmary use-instance®f differentmeshesrefoundto have nearidenticalrigid bodytransformations.
This iso-transformationsetenableaus to infer repeatingmacio-level componenstructues Figure 7 shows aggreyation
of iso-transformatiorinstancegdrawn in shadedernvelopes)to identify macrostructuresin the model. Note that these
macrostructuresmay not always correspondo completeuseridentifiablecomponentaggreyates. Therecould be gaps
in the automaticcompositingof suchmacrostructurespecausef the needfor numericaltolerancesvhile matchingthe
models(seeFigure6(b)). Thesegapsdo not represenainy shortcomingof this approachsincethe goalis notto correctly
reconstructhe completestructureshut to obtainaslarge structuresaspossibleto minimize the repeatedepresentationf
transformations.

As a side benefitof considerablevalue,our schemealsolets us automaticallyidentify the commonproblemof erroneous
duplicationof meshesn large models. In Figure 7, we seethattherearetwo instancesf Mesh-khaving the samerigid
bodytransformatiorassociatedvith them. This is an undesirablecaseof coincidinggeometriesn the model. It is almost
impossibleto identify suchcasesvisually to healthe modelto remove suchartifacts. It mustalso be notedthat a UsSE-
instancehaving anidentity transformatiorassociatedavith it is alsoa duplicatemesh,andmustberemoved.

3.4 Structure of CompressedStorage

For compactlystoringthemasteidefinitionof componentsye make useof thegeometryandconnectvity encodingschemes
reportedearlier Figure 8 shows the elementsof the compressedtoragewe usefor our scheme. The storagestructure
consistsof a file header;descriptionof numberof materialnodes,numberof DEF-meshesand numberof macro-level
componentstructures;a global list of representatie normal directions;a list of DEF-meshes;and a list of macro-level
componenstructures.
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First Mesh i DEF Mesh j DEF Meshk  DEF

Instance Geom + Conn + Attrib Geom + Conn + Attrib T Geom + Conn + Attrib
Meshes
[| Mesh Instance [ | Mesh Instance [| Mesh Instance [
T1 USE T3 USE T3 USE !
— 1
1
[| Mesh Instance [ | Mesh Instance [| Mesh Instance :
T2 USE T5 USE T5 USE |
— 1
Structure 1 || | LI L] 1
e Mesh Instance Mesh Instance Mesh Instance e 1
T3 USE T4 USE T3 USE Duplicated
’7 - Mesh
Structure 2 | Mesh Instance - [ Mesh Instance
T4 USE | Mesh Instance T4 USE
- Tn USE
- [ | Mesh Instance
~| Mesh Instance T6 USE
Tm USE Structure 3 "
| Mesh Instance
Tp USE

Figure7: Creationof equivalenceclassef geometricshapesmesh-leel taggingof instancesandidentificationof iso-
transforminstancessrepeatingstructuresAlso notetheidentificationof duplicategeometries.

HEADER (version, id, description of model) ‘

SIZE

number of materials, number of DEF-meshes
number of structures

LIST OF MATERIALS

Material:
Name
Ambient, diffuse, specular, shininess
Transparency, emission, light-cone

| LIST OF QUANTIZED NORMALS |

LIST OF DEF-INSTANCES

Mesh
Name
Material, texture
Vertex geometry, texture coordinates
Vertex normal indices into list of
quantized normals

LIST OF STRUCTURE INSTANCES

Structure
Mesh count
List of DEF-instance names
List of USE-instance names
Rigid body transformation
quaternion (describing rotation)
position vector (for translation)

Figure8: Structureof compressedtorage
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Quantizationof vertex normals: In the sourcemodel, eachvertex hasan associatechormal (3 floats). A simple lossy
compressioriechniques to maintaina globallist of normalsfor the scene.Using Deerings strateyy [9] we build a global
list of normalsby uniformly tessellatinga unit sphere We thenrepresentertex normalsusingindicesto theclosestentries
in thelist. More sophisticatedlobal quantizatiormethodscanbe usedfor encodinghormals.

Encodingmeshesas triangle-strips: In our currentimplementation for encodingthe connectvity information of DEF-
mesheswe have implementeda simple algorithmfor traversingverticesin the meshandforming OpenGLtype triangle
strips.More sophisticate@ncodingschemeslescribedn Section2 canalsobe usedfor evenmorecompactistorage.

Repesentationof macio-level componentstructues: Macro-level structurecomponentsconsistof one or more USE-
instancesepresentedy (i) asequencef integerreferenceso DEF-instanceprecedinghelist of structures(ii) asequence
of meshnamedor thecorresponding Se-instancesgiii) rigid bodytransformatiorconsistingof arotationandatranslation,
representedsinga quaternion(4 floats)andatranslationvector(3 floats).

3.4.1 Reconstructionof the Model

During reconstructiorfrom the compressedepresentatiorf the model, the DEF-meshesare obtainedfrom the file by
straight-forvard parsingof the name-waluepairs. The vertex normalsof thesemeshesre obtainedfrom the globallist of
vertex normals.

While building the structureinstancemeshesfor the reconstructiorof eachuse-meshthe following stepsaretaken: (i)
obtainthecentroidm; of theDEF-mesh i) obtaintherotationmatrix R from the quaterniorcomponenbf thetransforma-
tion andthe positionvectorms, of the use-mesh,(iii) transformthe vertex positionsandnormalsof the DEF-meshby the
compositeransformatiol” = T_,,, o Ro T,,,.

4 Resultsand Discussion

We carriedout our testson alargenumberof 3D modelsthatareavailablefor downloadonthenet. We presensomedetails
of our resultson six of theseshown in Figure4. Theresultsdemonstratéhe effectivenesf the methodon suchmodels.
On Diwan-i-Khaaamodel,for example,our algorithmgivesusover 90% compressiomatio. It is importantto notethatthis
performancehasbeenachiezed without usingany specialtechniquedor connectvity encodingof the DEF-meshesn the
model.

4.1 Detectionof RepeatingComponentShapes

Thefollowing tableshavs theresultsof our techniqudor detectingrepeatingcomponenshapesn the six models.Clearly
in suchengineeringnodelsa smallnumberof componenshapesrerepeatedn differentpositionsandorientations.

Model Total No. No. of No. of
of meshes| DEF-meshes| USE-meshes
in original

Capitol 2662 93 2569

Colosseum 1129 20 1109

Diwan-i-Khaas 3726 848 2878

Helicopter 976 480 496

Piping 1051 122 929

Taj Mahal 375 45 330

The savings achievedin storingthe datain termsof actualamountof geometryand connectvity canbe gaugedrom the
tablebelow.
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Model No. of No. of No. of No. of

vertices | triangles | vertices| triangles

(orig) (orig) (DEF) (DEF)

Capitol 52606 87258 | 10347 19944
Colosseum 69868 | 135159 18912 38103
Diwan-i-Khaas|| 295695| 162590| 44363 46165
Helicopter 105079 | 187929| 76231| 136372
Piping 13103 20794 3753 6366
Taj Mahal 65323 | 126453 | 28427 55238

Anotherimportantobsenationthatwe have madehasbeenthatin mostmodelsa smallnumberof shapeghatrepeatmost

oftenaccountfor a large partof the model. The following tableshows the four mastercomponenshapeghatrepeatmost

oftenin the six modelsandthe correspondingavings in storagespace.The numberof bytesdenotedn the compressed
encodingcolumncompriseof the spaceneededor the storageof the DEF-instancejntegerreferenceso the DEF-instance
andtherigid bodytransformationgssociateavith the use-instances.

DEF || No. of No. total # bytes No. | % saved
mesh inst | of bytes | #bytes| in compr | of bytes
permesh encoding saved
Capitolbuilding:
[y 220 824 | 181280 3233 | 178047 98.22
{ 199 1856 | 369344 4034 | 365310 98.91
LY 36 2192 | 78912 2577 | 76355 96.73
A\ 18 3760 | 67680 3947 | 63733 94.17
Colosseum:
] 105 1072 | 112560 2216 | 110344 98.03
) 96 624 | 59904 1669 | 58235 97.21
& 92 736 | 67712 1737 | 65975| 97.43

| 36 10592 | 381312 10977 | 370335 97.12
Diwan-i-Khaas:

/ 102 1136 | 115872 2247 | 113625 98.06
€ 36 14032 | 505152 14417 | 490735 97.15
7 24 35552 | 853248 35805 | 817443 95.80
v 24 9760 | 234240 10013 | 224227 95.73
Helicopter:
@ 49 3648 | 178752 4176 | 174576 97.66
g 49 1408 | 68992 1936 67056 97.12
@ 16 823 | 13312 988 | 12180 92.00
& 8 5160 | 41280 5237 36043 87.31
Piping:
7 79 400 | 31600 1258 30342 96.02
D 36 848 | 30528 1233 29295 95.96
Q 10 1792 | 17920 1891 | 16029 89.45
N 4 4096 | 16384 4129 12255 74.80
TajMahal:
a 80 4248 | 339840 5117 | 334723 98.49
| 8 39432 | 315456 39509 | 334723 87.48
& 4 46376 | 185504 46409 | 139095 74.89
| 4 23920 | 95680 23953 71727 74.97

4.2 Reductionin StorageRequirements

Thefollowing tableshavs reductionin file sizes(in bytes)from the original raw datato thecompresseébrmat.
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Model original | original || compressed compressed| CR

(9zip) (9zip) || (%)
Capitol 1790767 875337 433922 211720]] 88.1
Colosseum|| 2503030 2090255 570931 4019741 83.9

D’-Khaas 10072648| 2850640 1978765 671828 || 93.3
Helicopter 4891936| 1916270 1664592 899383 || 81.6
Piping 469891 | 172964 133329 35876 || 92.3
Taj Mahal 2329465| 1122914 757002 467413 || 79.9

The compressiorachieved hereis by avoiding detailedmultiple descriptionf repeatingneshesOnly DEF-instancesre
written out in detail usingsimpletechniquedor compressedingle meshencoding.For the DEF-instancemeshencoding,
we have simply usedgzi p. This givesusanideaof the minimum compressiorperformanceve canexpect. Clearly we

canachieve evenbetterperformancey usingbettersinglemeshandinstancearansformatiorcompressiorschemes.

5 Conclusion

We have presentedh new 3D compressiorschemeparticularly suitedto very large engineeringmodels,with repeating
geometricshapefeatures.Testresultsfrom a straightforward implementatiorof this schemeon a numberof large models
including thosethat are availableon the net have shovn excellentcompressiomperformance.The schemeusesHotelling
transformbasedregistrationtechniqueandsimplegeometrymatchingprocedureor identifying nearidenticalmeshesand
thendetectdso-transformatiorgroupsof USE-instanceso determineepeatingstructuresn thegivenmodel. Compression
is achievedby representingnly the mastergeometryin full detailsandavoiding the detaileddescriptionof theinstances.

Our approachis significantly differentfrom earlierapproachesvhich have tried to compresdarge single meshcurvature
continuoussurfaces. Our schemeis somavhat analogoudo dictionary-basedlgorithms[29] for compressiorof text;
componenshapes&andgroupsof suchcomponentsake the placeof dictionaryphrases.

The basicprinciple of detectingsimilar shapefeaturesin a large 3D modelhasamplescopeto be appliedto the other
3D geometryhandlingprocessesf healing,simplificationand progressie transmission.Fuzzy matchingcanhelp usin
detectingandcorrectingsmallgeometricandtopologicalerrors.SimplificationandLoDs of a DEF-instanceneshor agroup
of meshesautomaticallywill sene mary meshesn the modelthatareuse-instancesThe obsenationthatit is only afew
componentshataccountfor a large partof the modelis significantasit may leadto an optimal progressie transmission
sequence.
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