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Abstract

With wide spread accessto Internet-basedcomputing,
increasingcommunicationbandwidthsand powerfuldesk-
topgraphicsfacilitiesbecomingavailable, cooperativeand
collaborative computingis gaining popularity in a wide
rangeof applicationdomainssuch asCAD/CAM/CAE,Vir-
tual Reality, E-entertainment,E-Commerce, E-education,
Telemedicineand manyother scientificapplications. 3D
Geometricmodelsare important componentsin many of
theseapplications.Thelevelof detail in which such models
arerepresentedvarieswith theapplication,but it is a known
factthatmodelsizesareincreasingandfar exceedwhatcan
be easilydownloadedat acceptablespeedsfor collabora-
tive computingpurposes.Compressionof such 3D models
is essential.Asa resultin therecentyears,3D compression
hasemerged as a new branch of the general field of data
compressionaimedat the useof large 3D models. In this
paperwe will first presentan overview of the stateof the
art in 3D compressionand thendescribea new compres-
sion schemethat hasbeendevelopedby the authors. The
new schemeis speciallysuitedto modelsin the engineer-
ing classand resultsin much higher compressionthan all
earlier knowntechniques.

1. Introduction

With pervasive network connectivity there are major
changesin the computationalparadigmin a large number
of applications,particularly high performancecomputing
applications,which usually requirecollaborationamongst
many distributedusers[21, 24, 2]. Until recently, useof the
network for collaborative computingin suchapplications
hasbeenrestrictedto local environments. Further, useof
proprietarystandardshave requiredsophisticationandef-
fort on thepartof theuserto exploit distributedcomputing
technology. TheInternettranscendsthis traditionalmodel,
providing native supportfor the globalcomputerweb,and
thusmakingit relatively easierfor usersandcomputersdis-
tributedgeographicallyto cooperate.To date,however, it

hasbeenusedprimarily to publishtextual informationover
the World-Wide Web. Cooperative computingrepresents
thenext stepin exploiting wide-scalenetwork connectivity
whereindistributedusersandcomputersgloballycooperate
on commoncomputingproblems.With thedevelopmentof
highly innovative compressiontechniquesfor othermedia
typeslikeimages,musicandvideo,theInternetisbeginning
to be usedfor moresophisticatedcollaborative computing
applications.

Applications such as CAD/CAM/CAE, Virtual En-
vironments, E-entertainment,E-commerce,E-education,
Telemedicine and many other such scientific applica-
tions are basedon the shareduse of large and com-
plex 3D representations.Collaborationbetweendesign-
ers/players/usersis an increasingly important aspect in
complex design/gaming/visualizationsituations,as exem-
plified in theabovedomains.3Dgeometricmodelsatdiffer-
ent levelsof detailareusedasrepresentationsin theabove
applicationdomains,andthus3D geometryis emerging as
anew mediatypeto bedealtwith. Typical3D dataareoften
verylargein size,rangingfrom severalhundredkilobytesto
severaldozenmegabytes.Developinginteractive real-time
applicationswith suchdataassumes,implicitly or explic-
itly, thattheentiredatacanbeloadedinto mainmemoryfor
efficient run-timeprocessing.Thisplacesenormousburden
on storagespaceaswell as transmissionbandwidth. One
way to alleviate this problemis to storecompressedrepre-
sentations.As a resultin therecentyears,3D compression
hasemergedas a new branchof the generalfield of data
compressionaimedat theuseof large3D models.

Any compressiontechniquedesignedfor cooperativeuse
of 3D modelsmustincludethefollowing features:
(a) Wide applicability: Must compress3D modelsfor the
mostpopularrepresentationschemes.
(b) High compressionratio: This is possibleby effective
exploitationof dataredundancy exhibitedby large3D mod-
els.
(c) Control over lossiness: Compressionmay be lossy or
lossless.In caseof lossycompression,the amountof loss
thatis acceptablewill dependverymuchon theapplication



onhand.Henceusercontrolover this is very important.
(d) Ubiquitous access: simple and fast decompression,
causingminimum overheadduring runtimereconstruction
sothat3D modelscanbeaccessedfrom thedesktopsandin
futureevenfrom mobilecomputingdevices.
(e) Minimumlatencyin reconstruction: Sinceusersarege-
ographicallydistributed, 3D modelsmust be visualisable
with minimumlatency. It shouldnotberequiredthata large
part of the compressedmodel be available beforethe de-
compressionprocesscancommence.
(f) Multi-resolution representation: is highly desirable.
This offers the basisfor LOD (Level of Detail) processing
of compresseddata.
(g) Selectivecomponent-wisecompression: In many such
applications,it is moreeffective to selectively compressa
datasetcomponent-wiseratherthantheentiredatasetin to-
tality. It is very desirablethat a compressionschemein-
cludesthis selective compressioncapabilityin its encoding
algorithmfor bettercompression.

This paperpresentsa new 3D compressionschemethat
includesa numberof theabove featuresandcanbeusedin
a largenumberof cooperative computingapplicationsthat
are basedon sharedaccessto 3D dataover the net. The
new schemeis speciallysuitedto modelsin theengineering
classandresultsin muchhighercompressionthanall ear-
lier known techniqueswhenappliedto modelsin thisclass.
Therestof this paperis organizedasfollows: In Section2,
we provide the definitionsandotherbackgroundconcepts,
including a brief review of earlier techniquesin 3D com-
pression.In Section3, we give thedetailsof our new com-
pressionscheme.In Section4, we presentimplementation
resultsandcomplexity analysisof our algorithms. In Sec-
tion 5, we discussmeritsof our compressionschemein the
context of cooperativecomputing.Finally, we presentcon-
clusionsandpossibleextensionsin Section6.

2. Background
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A polygonmeshmodel is typically definedin termsof
(i) geometry– coordinatevaluesof verticesmakingup the
model,(ii) connectivity– adjacency relationshipamongthe
verticeswhich definesthe polygonal facesof the model
(alsocalledastopology), and(iii) non-geometricattributes
– vertex/polygoncolour, vertex normals,texture, material
properties,etc.

Polygon meshmodel: A polygonmeshmodel " con-
sists of a set # of polygon meshesand associatednon-
geometricattributes. A polygonmesh $&%'# consistsof
a set ( of vertices,a set ) of edgesanda set * of poly-
gons.Eachvertex correspondsto a point positionfrom the

set +-,/.1032�%547698 . A triangle meshis aspecialcasewith
all polygonsbeingtriangles.

Connectedcomponents: In ameshmodel " , wecall two
polygonsasadjacentpolygonsif they shareanedge.There
exists a path betweenpolygons: 2 and :<; if thereis a se-
quenceof adjacentpolygons: 2>= : ? = :3@ =BACADAC= :<; . A maximal
subset"FE of themeshmodel " is calleda connectedcom-
ponentif thereexists a pathbetweenany two polygonsin
" E . Note thata givenmeshmodelmayhave multiple con-
nectedcomponents.A meshcanbe trivially decomposed
into its connectedcomponentsusinga simplelabellingal-
gorithm basedon breadth-firstor depth-first traversal of
complexity "HG�I�J .

A popular data structurefor representingand storing
polygonmeshesis to usea sharedlist of vertex coordinates
to storethe geometryanda list of vertex indicesfor each
faceto storemeshconnectivity. For trianglemeshesof K
vertices,this requiresapproximatelyLMK spaceto storethe
vertex coordinatesand LMN9OCP�Q @ K spaceto storeconnectiv-
ity amongtheverticesfor N triangles,whereN nearlyequalsR K . Usingafour-byteprecisionfor thecoordinates,amodel
of 1000 verticeswould require20K bytesof storageand
morethan3-5 secondsof transmissiontime at typical mo-
demspeeds.The transmissioncostsincreasenon-linearly
asthenumberof verticesincrease[15].
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Natural and Sculptured Objects: The digital modelsof

naturalshapessuchasterrains,anatomies,sculptures,etc.
aretypically acquiredusingsemi-automatictechniqueslike
3D scanning[28, 5, 16], satelliteimagery, stereogrammetry
or by constructionof iso-surfaceboundaryin a volumet-
ric image[18]. Suchtechniquesenableaccuratecaptureof
the complex curvaturesin suchnaturalshapes.Models in
this classusuallyhave a small numberof connectedcom-
ponents(often a singlecomponent)having a largenumber
of denselydistributedpolygons. Terrainmodelsrepresent
naturalsurfacesof theform jk,ml�Gn0 =po J . Thissimplegraph
surfacestructurehasbeenexploitedby many specialtech-
niquesdevelopedfor theirsimplificationandrendering[17].

Architectural/Heritage Monuments: Three-dimensional
modelsof architecturaland heritagemonumentsare also
extremelydetailedandrich in textureandmaterialproperty
specifications.Thesemodelshave a much larger number
of connectedcomponents.Often, most of the connected
componentsaresimplegeometricshapesandhave a sparse
distribution of pointsandpolygons.Furthermany vertices
arerepeatedin their geometricpositionsto capturediffer-
ent texturesassociatedwith the different facesmeetingat
suchvertices.Dueto this,many polygonsareadjacentonly
geometricallybut not topologically. Theverticesalsohave
associatednormalsusedwhile computinglocal andglobal
illumination.
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EngineeringDesigns: Detailedengineeringmodelssuch
as power plants, aircraft designs,automobileassemblies,
etc. are also examplesof large models,most significant
for industrial applicationssuch as virtual mock-ups,col-
laborative CAD software [21, 2], interactive inspectionof
3D models,etc. While we seldomseeengineeringmod-
els with texture, they have attributeslike materialproper-
tiesassociatedwith meshes.Sometimes,thesemeshesalso
havecolourvaluesassociatedwith theverticesof themodel.
Thesemodelsoftenconsistof largenumberof components,
many of whichmaybegeometricallymorecomplex thanin
architectural/heritagemodels.
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Clearly, architectural/heritagemodelsand engineering
designs,which we shallcollectively referto asengineering
models,form a largeclassof 3D datausedin industrialap-
plications.We observesomecommonpropertiesof models
in this category:
High combinatorialcomplexity: Thesemodelshavea large
numberof simpletomoderatelycomplex connectedcompo-
nents– eachhaving up to a few hundredvertices– forming
combinatoriallycomplex structures.
Repeatingfeaturesat different levelsof granularity: Many
shapefeaturesat the granularityof connectedcomponent-
andsub-componentlevelsrepeatin themodel.
Multiplicity of representation: The repeatinggeometric
shapesaremultiply described? . For example,all teethof a
gearhave thesamegeometricshapein a singlemeshcom-
ponentof a mechanicalassemblymodel,yet eachtoothof
thegearis describedwith completegeometricandtopolog-
ical details.
Arbitrary groupingof polygonsacrossmeshes: The orga-
nizationof thegeometryis in termsof meshes,whereeach
meshisoftenacollectionof all polygonsthatsharethesame
materialpropertyor texture map. This meansthat meshes�

Althoughmodelingtoolsandstandardfile formatshave facilities for
compactrepresentationof suchrepetitionof componentlevel features,in
practicealmostall commonlyavailablelargemodelsarein fully expanded
format.

in suchmodelsare likely to consistof multiple connected
components.
Sharpdiscontinuitiesin geometricfeatures: Unlike natural
shapes,mostgeometricfeaturesin suchmodelshave sharp
edges,cornersandotherdiscontinuities.
Modelingerrors: Almost always, thesemodelsaremanu-
ally createdusing3D modelingtools,suchassay, 3D Stu-
dio MAX [8]. As a result, suchmodelsoften have repre-
sentationaldefectslike erroneousreplicationof geometry,
invisiblegeometricshapes,etc.
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Connectivitycompression: Compressionof connectivity
(or topology) information is achieved by defininganden-
coding a traversalof all the polygons/trianglesin sucha
way asto minimiserepeatedreferencesto verticesthatare
sharedby multiple polygons/triangles[11, 22, 27, 14, 10].
All traversalencodingschemeswe know encodethemesh
topology in a losslessmanner. A majority of the mesh
compressiontechniquesspecializein the compressionof
smoothmanifold surfacesrepresentedby triangle meshes
[22, 26, 27].

Geometrycompression: Compressionof geometricdata
and attributes is achieved by reducingthe precisionwith
which coordinatevalues,normal vector components,etc.
arerepresented[7, 26, 27, 20]. Geometricdatais alsocom-
pressedby suppressinghighly detailedandredundantfea-
tures[12, 13] usingtechniquesfrom signalprocessing.By
their nature,thesetechniquesarenecessarilylossy.

Attributessuchascolourandmaterialpropertiesarealso
compressedby reducingthe precisionof their representa-
tion [7].

Progressivecompression: In addition to achieving a
compactencodingof themeshmodel,sometechniquesalso
encodethemodelfor progressivedisclosure[3, 20, 25].
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Almost all of thepreviousresearchhasconcentratedon
the compressionof large modelshaving a few connected
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components– oftenasinglemeshof acomplex surfacewith
smoothlyvaryingcurvature– formedby a densecollection
of a largenumberof smallpolygons(mostlytriangles).The
traversaltechniquesarebestsuitedwhenwehavesuchvery
long traversals. Longer the traversalsequence,smalleris
the averagecostof representation.As alreadymentioned,
very large 3D geometricmodelsof the engineeringclass
usuallyhave a large numberof non-smoothmeshes,with
small numberof large triangles,often with arbitrarycon-
nectivity (seeexamplesin Figure2). Mesheshave associ-
atedtexturemaps/materialproperties,andverticesneedto
berepeated.Hence,reducingrepeatedreferencestovertices
andcreatinglongtraversalsequencesdoesnotgenerallybe-
comepossible,makingthesemethodsnot thebestsuited.

All theearlierdevelopedtechniquesfail to exploit a fun-
damentalproperty that is almostalways presentin engi-
neeringmodels- repeatingoccurrencesof shapefeatures
as shown in Figure 2. Repeatingfeaturesare repeatedly
encodedby thesecompressionalgorithms. Such redun-
dancy mustbe automaticallydiscoveredin a given model
andspecificallyattacked. In the next section,we present
our new techniquefor automaticdiscoveryof repeatingge-
ometricfeaturepatternsatdifferentlevelsof granularityand
acompressionschemethatavoidsrepeateddescriptions.

3. A New Compression Scheme
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The compressiontechniqueproceedsin the following
steps(asillustratedin Figure3):

Uniform format: Models are available in 3D Studio
binary file formats (having extensions.3ds or .max),

Alias ¾Wavefrontformat(extension.obj) andsoon. These
modelsconsistof meshgeometry, connectivity, vertex nor-
mals, material definition and sometimes,texture maps.
Acrossvariousfile formats,similar informationis captured
in differentdataformatsanddatastructures.We translate
thesedatainto our native datastructurecapturingall these
elementsof themodelsinto a singleunifiedformat.

Pre-processing: In thisstep,weeliminatereplicatedver-
ticesthathave identicaltriplesformedby 0 o j -coordinates,
vertex normalsand texture coordinates.We then decom-
posetheinputmodelinto its connectedcomponents.

Discovery of RepeatingFeatures: Discovery of repeat-
ing featuresis a hardproblem. The main difficulty lies in
automaticpartitioningof the meshesto cut out thoseparts
that representrepeatingfeatures.Neitherthe sizesnor the
descriptionsof therepeatingfeaturesareknown to usa pri-
ori. Basedon thecharacteristicsof themodelsof engineer-
ing class,we have evolvedheuristicalgorithmsto discover
repeatingfeaturesat threelevels of granularity– (a) con-
nectedcomponentfeatures,(b) sub-componentfeaturesand
(c) aggregateassembliesof componentandsub-component
level features.Thediscoveredrepeatingfeaturesareorga-
nized in a “mastergeometry– instancetransform”hierar-
chy. The first instanceof a featureis labeledas DEF in-
stanceandrepeatinginstancesof the featurearelabeledas
USE instances.

Compactencoding: After therepeatingfeaturesaredis-
covered, the USE instancesand the aggregatefeaturesin
the model are compactlyencodedusing referencesto the
DEF instancesand transformationsrequiredto reconstruct
the original features.The DEF instancesthat representthe
first instancesof thegeometricfeaturesarecompressedus-
ing geometryandconnectivity compressionalgorithms.
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We considera polygon meshmodel as an undirected
graph ÂÃ,ÃG!( = )kJ consistingof vertices ( and edges
) . The topological structure Ä�G!ÅbÆ J of a sub-graphÂ�ÆÇ,
G½( Æ�= ) Æ J of Â is defined by the adjacency relationship
amongits vertices.Thegeometricrealization Å�G!Å Æ J of the
sub-graphis determinedby thepositionsof theverticesof
( Æ in three-space.We definea geometricfeature in a 3D
polygonmeshmodelto bea pair G�Ä = Å�J correspondingto a
sub-graphof 3D polygonalmeshmodel.

A vector generatedby a function of the kind È É
G�Ä = Å�J�ÊË47Ì is calleda featuredescriptor. Here,È should
bedesignedto have thefollowing desirableproperties:

Í È mustbeefficiently computable.

Í È shouldbe invariant to somesetof transformationsÎ
of thegeometricrealizationÅ of thefeature,thatis,

ÈTG�Ä = Å�Jd,ÏÈ�G Î G�Ä = Å�J³J . This propertyis desirable
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to makethedescriptorsensitiveonly to theshapeand
connectivity of thefeature.

Í È shouldbedescriptivein thesensethatthedescrip-
torsgeneratedfor identicalfeaturesmustcorrespond
within sometoleranceandon theotherhandmustbe
considerablydifferentfor non-identicalfeatures.For
a “small” differencebetweentwo featuresthedispar-
ity betweendescriptorsshouldbesmall,andfor large
differencebetweenthe featuresthe disparityshould
havea largevalue.

Í È shouldresultin a descriptorof smalldimensional-
ity sothatwe have a compactdescriptionof thefea-
ture.

Matched Features: Two featuresl_? and l^@ in a polygonal
model " aresaidto bematchedif Ø�È�G!l�?�JVÙ�ÈTG½l^@�JBØ�Ú§Û ,
where Û is scalartolerancevalue. Note that thesefeatures
could geometricallybe in different positions,orientations
andscale.

Featuresareviewedassub-graphsof themodel. Hence
matchingof featuresis treatedasa constrainedgraph iso-
morphismproblem. Constrained,sincewe seekto obtain
vertex correspondenceacrossgraphssuchthat thegeomet-
ric realizationof thefeaturealsomatchesundertransforma-
tion

Î
. All algorithmswe know for graphisomorphismare

of exponentialcomplexity [4]. However, constrainedprob-
lemscanbesolvedmuchfasterin practice[6].

A bruteforcealgorithmto discoverall repeatingfeatures
of all possiblesizesgreaterthan Ü verticeswould be as
follows. Considerthe model " as a set of I vertices ( .
Constructthepowerset(thesetof all subsets)of ( havingRMÝ

elements.Fromthis set,remove all theelementswhich
form infeasiblefeaturesandthosethathave lessthan Ü ver-
tices. Let the numberof remainingelementsbe Þ . Carry
out pairwisecomparisonandmatchingof theremainingel-
ementsto identify the featuresthat repeat.This algorithm

needs"HG R�Ý J operationstoconstructthepowersetandin the
worstcase,"HG�Þ @ J operationsto carryout pairwisematch-
ing! Eachof thesepairwisematchingoperationsis againa
very complex operationinvolving sub-graphisomorphism
– anNP-completeproblem.
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A practicalsolutionto theproblemof featurediscovery
cannothave exponentialcomplexity if we areto dealwith
largemodels.Henceaheuristicalgorithmmustbedesigned
to acceleratetheprocess.Also, it is not practicalto seekan
optimal algorithm that will guaranteethe discovery of all
possiblerepeatingfeatures.

We describealgorithmsfor discoveringrepeatingshape
featuresat threedifferentlevelsof granularity:
Connectedcomponentsin polygonmeshes: For example,
in a mechanicalassembly, nuts, bolts, fasteners,etc. re-
peatmany times; in architecturalmodelsit is commonto
seestructureshaving many identicalparts(seeexamplein
Figure4(a)). Connectedcomponentfeaturesarethelargest
connectedsub-graphsin thegivenmodel.
Sub-componentlevelstructures: Many smallfeaturesrepeat
within or acrossconnectedcomponentsin a model. For
example,in a mechanicalCAD model,a componentrepre-
sentingagearhasmany teeth,eachcorrespondingto asub-
componentlevel feature.Further, many engineeringmodels
aresimplifiedfor thepurposeof visualization.During sim-
plification,multiple componentsaremergedtogetherusing
booleanoperationsor vertex clustering[23] anda new tri-
angulatedcompositemeshis generatedgiving asinglecon-
nectedcomponent. Sucha componenthasmany repeat-
ing featuresat sub-componentlevel (seeexamplein Fig-
ure4(b)).
Aggregatesof repeatingfeatures: Groupsof disjoint fea-
turesarealsofoundto repeatin many 3D models.Our tech-
niquediscoverssuchmacro-level aggregatefeatureswhich
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may be composedfrom featuresof the above two types.
Figure4(c) showsanexample.

3.3.1 Component Level Features

We first carry out discovery of repeatedfeaturepatterns
at the level of connectedcomponentsusing the following
steps:(a) reorganizethetotal setof polygonsin thesource
model into a set of connectedcomponents,and (b) dis-
covery of repeatingcomponentlevel featuresby pairwise
matchingand build a “mastergeometry– instancetrans-
form” hierarchy.

For pair-wise matching,we have useda simpleandef-
ficient techniquebasedon principal componentanalysis
(PCA) with suitableextensions.We computeanorthonor-
mal basisin 3-spacethatdescribestheeccentricitiesof the
connectedcomponentusing the Hotelling transformation
[9]. This basisis usedas a pure rotationmatrix to bring
acomponentto a normalized(or canonical)orientation.

We takethelist of verticesdefiningthemeshasacluster
of points +í,î.�0 ? =BACADAC= 0 Ý 8 in 47ï to obtainthemean

Þð,
ñ
I

Ýò
2Có ? 0 2

andthecovariancematrix,

ô ,
ñ
I

Ýò
2Có ? 0 2 03õ2 Ù`Þ�Þ�õ A

Wethenfind eigenvectorsandcorrespondingeigenvaluesofô
. Thethreenormalizedeigenvectorsareusedto construct

apurerotationmatrix ö andalsothetheorientedbounding
box (OBB).

Let us denotethe componentsas " E>? , " E�@ , their mean
valuesas Þ ? , Þ @ andtheorthogonalbasesrepresentingthe

respective eccentricitiesas ö�? , ö�@ . If the two components
dono matchin theirnumberof verticesandthedimensions
of their OBBs thenno furthermatchingis attempted.Other-
wise,we carryout a fuzzy (i.e. usingnumericaltolerances)
comparisonof positionsof verticesacrossthecomponents.
If the geometryso alignedmatchesin at least 99.9% of
the vertices,thenwe declare" E�@ to be an instanceof " E>?
and also recordthe transformationcompositedas ÷�ø�ù
ú�û
Rot û^÷ ùßü requiredto reconstruct" E�@ from " E>? , whereRot
,möF@�ûiö ø ?? . Matchingverticesimpliesmatchingtheir po-
sitions,texturecoordinatesandvertex normals,if they are
definedfor thegivenmodel.
Overcominglimitationsof PCA: While attemptingto match
two componentsusing PCA, ambiguitycanarisewhenthe
componentshave a completelysymmetricalmassdistribu-
tion, becausetheeigenvectorswill besimilar. Examplesof
sucha caseare: a cylinder, which hasa symmetricalmass
distribution aboutan axis and a sphere,which has sym-
metricalmassdistribution aboutthe centreof mass. This
limitation of PCA is overcomeby aminimizationprocedure
reportedby Novotni andKlein [19] to obtainthebestrota-
tion transformationfor matchingof components.We con-
siderall possiblerotationsaroundthe axis or centrepoint
of symmetryandchoosethe rotationcorrespondingto the
maximummatch.For asingleaxisof symmetry, ö is given
by ö´,�ý�þ^ÿ������� G���G½öHG
	�J = "�E>? = "�E�@1JB¾ �±%� � = R���� J
where 	 denotesthe angleof rotation aroundthe axis of
symmetry, öHG
	�J the rotation and ��G�öHG�	�J = " E>? = " E�@ J the
measureof matchbetweenthealignedcomponents" E>? and
" E�@ . In caseof sphericalsymmetry, the bestalignmentis
obtainedas

öî, ý�þ^ÿ������� ��� ��� G���G�öHG�� = 	 =�� J = " E>? = " E�@ J³J



wheretheanglesG�� = 	 =�� J denoteEuleranglesfor parame-
terizationof rotationsin 3D and �±%� � = R���� =�� %� � = ��� =�� %
� � = R���� .

The rotationspaceis discretizeduniformly. For objects
wherethemassis symmetricalaroundoneof theprincipal
axes(say, a cylinder), this is an efficient approach,but not
in casesof sphericalsymmetry. The lattersituationoccurs
rarelyin practice.

3.3.2 Sub-component level features

Wehavedevelopedaheuristictechniquefor discoveringre-
peatingsub-componentfeatureswhich usesthestrategy of
“growing” patternsbottomup from featuresat the lowest
level of granularity– vertices.
We begin the growth of featuresbottomup, startingfrom
identical verticesin the model. To obtain thesestarting
points, we analysethe neighbourhoodof eachvertex and
group thoseverticesthat have topologically and geomet-
rically identical neighbourhoods.We carry out an identi-
cal simultaneousbreadth-firsttraversalaroundthesestart-
ing pointswhile verifying thatthefeaturesbeinggrown are
indeedidentical.

To enableeffectivegroupingof verticeshaving identical
neighbourhoodsin agivenmodel,weassociatea footprint@
with eachvertex in themodel,composedof thevertex prop-
ertiesinvariantto rigid-bodytransformation.Thefootprint
consistsof thefollowing four entities:(a)Density: ¾ ����¾ , the
cardinalityof � � , thesetof verticesconnectedto K . Theel-
ementsof � � arealsocalled the neighbourhoodof K and
¾ ���9¾ is alsocalled the degreeof K ; (b) Size: !"� , average
of the lengthsof theedgesconnectedto K ; (c) Curvatureï :# � , theaverageof thedihedralanglesof thefacesmeeting
at the edgesconnectedto vertex K ; and (d) A secondor-
derdescriptor,

# @� , givenby ?$ %'&�$)( # ; , *�%+� � . A simple
innerproductdistancemeasurehasbeenconstructedfor de-
terminingthesimilarity or disparitybetweentwo givenfea-
turesin thespacedefinedby thefootprints.For engineering
modelsthis compositefootprinthasperformedverywell.

Wehavechosento associatefootprintsonly with vertices
andnot with higherorderelementslike edgesor polygons
becausein polygonmeshesthenumberof polygonsandthe
numberof edgesarein multiplesof thenumberof vertices.
While thischoicedoesnotaffect theasymptoticcomplexity
of the algorithm,the savings realizedaresignificantwhen
workingwith largemodels.

This algorithm returns a set of patterns(sub-graphs)
whichcorrespondto featuresthatrepeatin thegivenmodel.
Sincetheprocessof discoveringtherepeatingpatternsuses
meshconnectivity for traversal,the matchingpatternsare,

We have borrowed the term footprint from thework of Barequetand
Shariron Partial SurfaceandVolumeMatchingin ThreeDimensions[1].
However ourdefinitionanduseof footprintsaresignificantlydifferent.-

This is only anapproximatedescriptorof thecurvature.

identicalin coordinatesof thevertices(in thesenseof rigid-
bodytransformation)aswell astheconnectivity.

3.3.3 Aggregate Features

After carrying out featureinstancedetection,many USE-
instancesin different meshesare found to have identical
rigid bodytransformations.This iso-transformationseten-
ablesusto infer repeatingmacro-level structures,i.e., part
assemblies. In orderto intuitively understandhow grouping
of iso-transformationfeaturesmeanscapturingmacro-level
features,we take a simpleexample. Consideran architec-
tural modelhaving many identicalpillars, eachconsisting
of anassemblyof multiplecomponentfeatures.Thediscov-
eryof featuresat thelevel of componentswouldconstructa
DEF-USE hierarchyamongidenticalcomponentsacrossthe
pillars. If componentsof thefirst pillar aremarkedasDEF

instances,the componentsof the remainingpillars would
bemarkedascorrespondingUSE instanceswith respective
transformations.All USE componentsbelongingto a pillar
would have identicaltransformationassociatedthem.Thus
groupingof iso-transformationUSE componentsyields as-
semblies.

As a sidebenefitof considerablevalue,our schemealso
lets us automaticallyidentify the commonproblemof er-
roneousreplicationof componentsin large models- two
instancesof a featurehaving thesamerigid body transfor-
mation.It mustalsobenotedthata USE-instancehaving an
identity transformationassociatedwith it is alsoaduplicate
component,andmustbe removed. Theseareundesirable
casesof coincidinggeometriesin the model. It is almost
impossibleto identify suchcasesvisually. However, they
manifestin interactivewalk-throughsof suchmodelsin the
form of unnecessaryoverheadandalsoasflickeringfacets.

e�� �V�¡¿¹��Z\���V�M[�WY£�Z<[Y]½���

The decompressionprocedurefor reconstructionof the
original modelfrom thecompressedrepresentationis sim-
pleandefficient. Whiledecodingtheaggregatefeatures,the
following stepsaretakenfor thereconstructionof eachUSE

instance:(i) obtainthecentroidÞ ? of theDEF instance,(ii)
obtain the rotation matrix ö from the quaternioncompo-
nentof thetransformationandthepositionvector Þ�@ of the
USE instance,(iii) transformthe vertex positionsandnor-
malsof the DEF instanceby the compositetransformationÎ ,Ò÷ ø ù ú�û^öÒû�÷ ù ü .

Sinceeachvertex in themodelbeingreconstructedisvis-
ited exactly once,thecomplexity of decompressionproce-
dureis a linear function of the numberof vertices– much
fasterthanthecompressionalgorithm.



4. Implementation and Analysis
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Ourheuristicof lookingfor repeatingfeaturesatthelevel
of connectedcomponentsresults in discovery of largest
connectedfeaturesandyields largesavings in storage.Ta-
ble 1 shows the resultsof componentlevel discovery on
somerepresentativemodelsthatweexperimentedwith. The
table is partitionedinto three sections– (a) nameof the
model,(b) the countof components,verticesandtriangles
in theoriginalmodel,(c) thecountof DEF instancesatcom-
ponentlevel discovered.

#cmp. #vtx #tri #cmp. #vtx #tri
(orig) (orig) (orig) (DEF) (DEF) (DEF)

Capitl 2662 52606 87258 93 10347 19944
Coloss 1129 69868 135159 20 18912 38103
D-i-K 3726 295695 162590 848 44363 46165
Helcpt 976 105079 187929 480 76231 136372
Taj 375 65323 126453 45 28427 55238

0��<è<� v'x\z+19��u�s<v��\t3�7è3v9u5�9�`u�v��3v_�Y~�r��9sº|M�3�����9Ö
��v9��~�����u�v5�<v_~²v_|^~²v_��¶�~B}9v9u�v9è��T�Yr�vY����r��9s`���_×9r��9s\�dr��
~B}�v�u�v��_uwv���v9��~��_~�r����5�9�ß~B}9vT�¢� �<v9�Õz

Consecutive stepsin our compressionschemeshown in
Figure3 resultin successive improvements.Table2 shows
a comparisonof file sizesof five representative largemod-
els (seeFigure 1) on successive applicationof the differ-
ent steps. It is clear that connectivity compressionalone
(“EB alone”columndenotesthefile sizeon applicationof
Edgebreaker algorithm [22]) cannotachieve this level of
compression.Furtherit maybenotedthat theconnectivity
compressionalgorithm is unusableon Helicopterand the
Diwan-i-Khaasmodelsbecausethey containnon-manifold
components.Note the high compressionratios2 achieved
on thesemodels.

Discovery of aggregatefeaturesyields an incremental
improvement.This is expectedsincethesaving is only by
avoiding the repeatedrepresentationof a rigid body trans-
formation.

Orig gzip EB comp, Aggr Aggr CR
size only only subco level +[EB]

level +gzip

Cap 1.8M 875K 1.1M 403K 395K 134K 0.92
Col 2.5M 2.1M 1.3M 516K 497K 217K 0.91
DiK 10.0M 2.8M — 1.9M 1.8M 603K 0.94
Hel 4.9M 1.9M — 1.6M 1.6M 879K 0.82
Taj 764K 1.1M 1.1M 630K 629K 196K 0.74

0��<è<� v±®Àz�éV�3������u>r����3�¥�����3vYu!�w�Yup���<��|Mv7�9�
��~��Ys<v��
rD�`~�}�v5|M�3���_uwv����Br��3�¥��|_}�v9��v��3�¹���_u�s<v`�¢���\vY� �d�9�
�_uw|_}<r�~�vY|^~Bt<uw�����<���±v9�9s�r��9v_vYu>r���s±|����Y���^z
3
CR= 1 – (compressedsize/ original size)

In this encodingscheme,lossinessin reconstructionis
introduceddueto the following reasons:(a) the quantiza-
tion of vertex normals,and(b) matching,with a numerical
tolerance,of verticesacrossfeatures.Hencefeaturesrelated
by DEF-USE relationshipareidenticalonly within thetoler-
ancevalue. One instanceof lossinessdue to toleranceis
illustratedin Figure5 below. This lossof informationcan
becontrolledby usingfiner tolerancevalues.

(a) (b)q3r s�t\u�v&ëÀz/1Y����� r��îu�vY|M�3�9��~�u³t<|^~�r��3�ÀÓmã³�<ä¥~B}9v&u�vMÖ
|M�3�9��~�u³t<|^~²v_���¢���\vY�b�9�40��65�°±�<}<�9� ¶¡ã�è\ä 7^� �3�¢rD�9s
r�� �9vY��u�~B}9vT~����ßvYuw��rD�`~�}�v±� vM��~k�Br·�<v±u�v_×�v_��� �H~B}��Y~
~�}�v��5}��Y×�v5è3v�v9�5�B�·r s�}�~�� �¢�3r���~²�9u�~²v_��z
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Componentlevel features: A naive implementationin-
volving exhaustivepairwisematchingfor discoveringiden-
tical connectedcomponentlevel featureshasa complexity
of "HGnI @ J , whereI is thenumberof connectedcomponents
in thegivenmodel. In mostengineeringmodels,I is large
enoughto warrantthe useof accelerationtechniques.We
have usedusinggeometrichashing[29] of componentsus-
ing the numberof verticesand trianglesas the hashkey
for acellerationin our algorithm. Before performingde-
tailedmatchingwealsocheckif thedimensionsof theOBBs
match.While theworstcasecomplexity evenafterhashing
is "HGnI @ J , for mostpracticalsituationsthebenefitis large.

Matchingtwo alignedcomponents8 and 9 , eachhav-
ing Þ vertices,is aprocedureof "HG�ÞTJ complexity. Finding
thecorrespondencebetweenthefirst pair of verticesacross
the componentsneeds"HG�ÞTJ effort. The correspondence
betweenthe restof the verticesis establishedby carrying
out identicalspanningtreeexplorationsin theconnectivity
graphsof the meshcomponentswhile verifying geometric
match– another"HG�ÞTJ step. The assumptionusedin this
caseis that identical componentswill have identical geo-
metricshapeaswell asanidenticalconnectivity. Whenit is
notpossibleto holdthisassumption,amorecomplex proce-
duremustbeused.In caseof themodelswhichhavetexture
coordinatesassociatedwith vertices,we have seenthataf-
ter alignmentof two components,thetestfor matchingis a
processof "HG�Þ @ J complexity. Thisis becausein suchmod-
els, to capturedifferenttexturemappingcoordinatesat the



sharedvertex positions,theverticesarerepeated.Hence,a
singleidenticalspanningtreetraversalis notpossibleacross
theconnectivitiesof thecomponents.

Sub-componentlevel features: During the discovery of
sub-componentlevel features,thecomputationof footprints
is an "HGnI�J operationwhere I is the numberof verticesin
themodel.On computationof a footprint, thevertex index
is hashedinto a tableusingthevalueof thecomputedfoot-
print. Thehashingfunction is basedon two keys from the
footprintvector: ¾ � ��¾ and !"� . Thebucketsformedby hash-
ing the verticesgive us the equivalenceclassesof vertices
representingstartingpointsfor growthof repeatingfeatures.

Thecomplexity of thegrowth phasevarieswith thechar-
acteristicsof the given model. If an equivalenceclassof
verticeshas Ü elements,eachforming a seedfor growth of
features,the analysisproceedsasfollows: The neighbour-
hoodsgrown aroundeachelementmustbematchedto con-
firm a matchor rejectit. This processcantake placeup to
"HG½Ü @ J times.Matchingany two neighbourhoodshaving Þ
elementshasa linearcomplexity.

The worst casesituationoccurswhen all I verticesin
the modelareclassifiedin the sameequivalenceclassand
eachvertex hasa degreeof "HGnI�J . In this case,thegrowth
phasehasa complexity of "HGnI ï J . Thus this algorithmis
boundedby a polynomial time complexity. A configura-
tion that comesclosestto the worst caseis a meshhaving
a uniform connectivity andgeometryaroundeachvertex, a
uniformly tessellatedsphere.

5. Applicability in Cooperative Computing

In comparisonto all of theearlier3D compressiontech-
niquesour schemeis far moresuitedfor cooperative com-
puting applications.This is becauseof the following dis-
tinctive features:

Workson general polygonalmodels: As wasmentioned
earlier, polygonalmeshrepresentationis the mostpopular
modelingschemethat hasmaximuminteroperability. Our
schemeworksextremelywell on polygonmeshmodels.It
canwork ongeneralpolygonalmodels,andis not restricted
to triangulatedmodelsor just to manifolds. Although the
sub-componentfeaturediscovery algorithm usestraversal
of meshgraphs,it doesnotexpectconnectivity representing
manifold topology. Further, it hasthe uniqueaddedcapa-
bility to handlemodelingdefectsso commonlypresentin
theengineeringclassof models.

Achieves high compressionby exploiting redundancy
presentin engineeringmodels: Our compressionmethod
not only usesspeciala priori knowledgeof propertiesof
the modelsof engineeringclass– repeatingshapes,large
triangles,sharpcorners,edgesetc.,but also“learns” more
through the discovery of repeatingfeaturesat different
levels of granularity. This specialcapability enablesthe

method to achieve high compression,much higher than
what can be achieved by the algorithmsreportedearlier.
The ability to learnalsomakes it more widely applicable
acrossmany 3D modelswherefeaturesarelikely to repeat.

Incorporates best developmentsin single component
compression: Largeengineeringmodelssuchasaircraftde-
signs, on one hand, have many repeatinggeometricfea-
tures,andon theotherhand,therearealsosomelargeand
complex componentsthathave no repeatingfeatures.Such
componentsmustbecompressedusingconnectivity andge-
ometrycompressionalgorithmsdevelopedearlier. For all
DEF instanceencodingwecanincorporatethebestdevelop-
mentsin theareaof connectivity compressionresearchand
thusobtainfarbettercompressionratiosthanthosereported
in theliterature.Table2 showsclearevidenceof this.

Simple and fast decompression: Compressionof the
largestmodel we experimentedwith requiredabout four
minutes(234.82seconds),including the time requiredto
load the uncompressedrepresentation.However decom-
pressionof the samemodel requiredonly 2.23 seconds.
This is sobecauseof the linear time complexity of the de-
compressionalgorithm. Further, the reconstructionalgo-
rithm is very simple to implementand doesnot involve
heavy memoryor computationrequirements.Theseprop-
ertiesmake theschemehighly suitablefor implementation
on simpledesktopsandothercomputingdevices,enabling
ubiquitousaccessto sharedrepositoriesof large engineer-
ing models.

Lowdecompressionlatency: Thecompressedformathas
DEF instancefeaturesappearingbeforethe corresponding
USE instances.This enablesthe decompressionprocedure
to make the elementsof the 3D modelaccessible,without
any delay, while it processesthecompressedrepresentation.
Thus the latency of the decompressionalgorithm for our
schemeis very low.

Selectivecompressioncapability: In a cooperative en-
gineeringdesignenvironment, designactivities are most
likely to be sharedat componentandsub-assemblylevels.
Ourschemeaddressescompressionpreciselyat theselevels
andhenceautomaticallyenablesselectivecompression.

Control over lossiness: As alreadymentioned,losscan
be controlledby compromisingcompressionratio with a
suitableincreasein the tolerancefactor to which feature
matchingis carriedout.

6. Conclusions

We have presenteda new 3D compressionschemefor
very largeengineeringmodelswith automaticdiscovery of
repeatingfeaturesat its core. We have shown why sucha
schemeis highly suitedfor cooperative computingappli-
cations. The test resultsfrom our implementationof this
schemeon a numberof large modelsincluding thosethat



areavailableon thenethave shown excellentcompression
performance.

Thefundamentalcontributionof automaticallydiscover-
ing similar shapefeaturesin a large 3D modelhasample
scopeto beappliedto theother3D geometryhandlingpro-
cessesof healing,simplificationandprogressive transmis-
sion.

The processof discovering repeatedfeaturesis compu-
tationally complex. Hencethe execution time for com-
pressionis muchlongerthanthedecompressionprocedure
which hasa linear complexity. However, the compression
algorithmis highly parallelin natureandhencein a coop-
erativecomputingsituation,thecomputationscanbeeasily
distributed.Detailedmatchingof a pair of featuresis com-
pletely independentof matchingsomeotherpair. This in-
dependenceof processingtasksis onemajor potentialfor
parallelisationof thealgorithm.Thediscoveryof repeating
featuresat a particularlevel of granularitycanthereforebe
distributedacrosscomputerson thenetwork. Thespeed-up
of theparallelimplementationwould belinear.
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