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Abstract

With wide spread accessto Internet-basedcomputing
increasingcommunicatiorbandwidthsand powerful desk-
top graphicsfacilities becomingavailable coopeativeand
collaborative computingis gaining popularity in a wide
range of applicationdomainssud as CAD/CAM/CAE Vir -
tual Reality E-entertainmentE-Commete, E-education,
Telemedicineand many other scientificapplications. 3D
Geometricmodelsare important componentsn many of
theseapplications.Thelevel of detail in which sudy models
arerepresentedrarieswith theapplication,butit isaknown
factthatmodelsizesareincreasingandfar exceedvhatcan
be easily downloadedat acceptablespeeddor collabora-
tive computingpurposes.Compessionof suc 3D models
is essential Asa resultin therecentyeais, 3D compession
hasemeged as a new brandh of the geneal field of data
compessionaimedat the useof large 3D models. In this
paperwe will first presentan overviewn of the stateof the
art in 3D compessionand thendescribea new compes-
sion schemethat hasbeendevelopedby the authors. The
new schemeis speciallysuitedto modelsin the engineer
ing classand resultsin mud higher compessionthan all
earlier knowntechniques.

1. Introduction

With penasive network connectvity there are major
changesn the computationabparadigmin a large number
of applications,particularly high performancecomputing
applications,which usually require collaborationamongst
mary distributeduserg21, 24, 2]. Until recently useof the
network for collaboratve computingin suchapplications
hasbeenrestrictedto local ervironments. Further useof
proprietarystandardshave requiredsophisticationand ef-
fort onthe partof the userto exploit distributedcomputing
technology The Internettranscendshis traditionalmodel,
providing native supportfor the global computemweb, and
thusmakingit relatively easielfor usersandcomputerslis-
tributed geographicallyto cooperate.To date,however, it

hasbeenusedprimarily to publishtextual informationover
the World-Wide Weh Cooperatie computingrepresents
the next stepin exploiting wide-scalenetwork connectvity
whereindistributedusersandcomputergylobally cooperate
on commoncomputingproblems.With the developmentof
highly innovative compressiortechniquedor other media
typeslikeimagesmusicandvideo,thelnternetis beginning
to be usedfor more sophisticatedollaboratie computing
applications.

Applications such as CAD/CAM/CAE, Virtual En-
vironments, E-entertainment,E-commerce, E-education,
Telemedicine and mary other such scientific applica-
tions are basedon the shareduse of large and com-
plex 3D representations.Collaborationbetweendesign-
ers/players/userss an increasingly important aspectin
comple design/gaming/visualizatiosituations,as exem-
plified in theaboredomains.3D geometrianodelsatdiffer-
entlevels of detailareusedasrepresentationi the above
applicationdomains,andthus3D geometryis emeging as
anew mediatypeto bedealtwith. Typical 3D dataareoften
verylargein size,rangingfrom severalhundreckilobytesto
severaldozenmegabytes.Developinginteractve real-time
applicationswith suchdataassumesimplicitly or explic-
itly, thattheentiredatacanbeloadedinto mainmemoryfor
efficientrun-timeprocessingThis placesenormousurden
on storagespaceaswell astransmissiorbandwidth. One
way to alleviate this problemis to storecompressedepre-
sentationsAs aresultin therecentyears,3D compression
hasemegedas a new branchof the generalfield of data
compressiomimedat the useof large 3D models.

Any compressiotechniquedesignedor cooperatieuse
of 3D modelsmustincludethefollowing features:

(a) Wide applicability: Must compress3D modelsfor the
mostpopularrepresentatioschemes.

(b) High compessionratio: This is possibleby effective
exploitationof dataredundang exhibited by large3D mod-
els.

(c) Contmwol over lossiness Compressiormay be lossy or
lossless.In caseof lossy compressionthe amountof loss
thatis acceptablavill dependrery muchontheapplication



on hand.Henceusercontroloverthisis very important.

(d) Ubiquitous access simple and fast decompression,
causingminimum overheadduring runtimereconstruction
sothat3D modelscanbeaccesseftom the desktopsandin
future evenfrom mobile computingdevices.

(e) Minimumlatencyin reconstruction Sinceusersarege-
ographicallydistributed, 3D modelsmust be visualisable
with minimumlateng. It shouldnotberequiredthatalarge
part of the compressednodel be available beforethe de-
compressioprocescancommence.

() Multi-resolution representation is highly desirable.
This offersthe basisfor LOD (Level of Detail) processing
of compressedata.

(g) Selectivecomponent-wiseompession In mary such
applications;t is more effective to selectvely compressa
datasetomponent-wiseatherthanthe entiredatasetn to-
tality. It is very desirablethat a compressiorschemein-
cludesthis selectie compressiortapabilityin its encoding
algorithmfor bettercompression.

This paperpresents new 3D compressiorschemehat
includesa numberof the above featuresandcanbe usedin
a large numberof cooperatie computingapplicationsthat
are basedon sharedaccesgo 3D dataover the net. The
new schemas speciallysuitedto modelsin theengineering
classandresultsin much highercompressiorthanall ear
lier known techniquesvhenappliedto modelsin this class.
Therestof this paperis organizedasfollows: In Section2,
we provide the definitionsandotherbackgroundconcepts,
including a brief review of earliertechniquesn 3D com-
pressionIn Section3, we give the detailsof our new com-
pressionscheme.In Section4, we presenimplementation
resultsand compleity analysisof our algorithms. In Sec-
tion 5, we discusameritsof our compressiorschemen the
context of cooperatie computing.Finally, we presentcon-
clusionsandpossibleextensionsn Section6.

2. Background
2.1. Polygon Mesh Models

A polygonmeshmodelis typically definedin termsof
(i) geometry— coordinatevaluesof verticesmakingup the
model,(ii) connectivity- adjacenyg relationshipamongthe
verticeswhich definesthe polygonal facesof the model
(alsocalledastopolagy), and(iii) non-geometricattributes
— vertex/polygon colour, vertex normals,texture, material
propertiesetc.

Polygon meshmodel A polygonmeshmodel O con-
sistsof a set .S of polygon meshesand associatechon-
geometricattributes. A polygonmeshs € S consistsof
asetV of vertices,a set E of edgesanda set P of poly-
gons.Eachvertex correspondso a point positionfrom the

setX = {z; € R®}. A triangle meshis a specialcasewith
all polygonsbeingtriangles.

Connectedomponentsin ameshmodelO, we call two
polygonsasadjacentpolygonsf they shareanedge.There
exists a path betweenpolygonsp; andp; if thereis a se-
quenceof adjacentpolygonsp;, p1, p2, ---,pj. A maximal
subsetD. of themeshmodelO is calleda connecteccom-
ponentif thereexists a path betweenary two polygonsin
O.. Notethata givenmeshmodelmay have multiple con-
nectedcomponents.A meshcanbe trivially decomposed
into its connecteccomponentsisinga simplelabelling al-
gorithm basedon breadth-firstor depth-firsttraversal of
compleity O(n).

A popular data structurefor representingand storing
polygonmeshess to usea sharedist of vertex coordinates
to storethe geometryanda list of vertex indicesfor each
faceto storemeshconnectvity. For triangle mesheof v
vertices,this requiresapproximately3v spaceto storethe
vertex coordinatesand 3t log, v Spaceto storeconnectv-
ity amongtheverticesfor ¢ triangles,wheret nearlyequals
2v. Usingafour-byteprecisionfor thecoordinatesamodel
of 1000 verticeswould require 20K bytesof storageand
morethan 3-5 secondof transmissiortime at typical mo-
demspeeds.The transmissiorcostsincreasenon-linearly
asthenumberof verticesincreasd15].

2.2. Characteristics of Large 3D Models

Natural and Sculptued Objects The digital modelsof
naturalshapesuchasterrains,anatomiessculpturesetc.
aretypically acquiredusingsemi-automati¢echniquedik e
3D scanning?28, 5, 16], satelliteimagery stereogrammetry
or by constructionof iso-surice boundaryin a volumet-
ric image[18]. Suchtechniquesnableaccuratecaptureof
the complex curvaturesin suchnaturalshapes.Modelsin
this classusually have a small numberof connecteccom-
ponentg(often a singlecomponenthaving a large number
of denselydistributed polygons. Terrainmodelsrepresent
naturalsurfacesof theform z = f(z,y). Thissimplegraph
surfacestructurehasbeenexploited by mary specialtech-
niguesdevelopedor theirsimplificationandrendering17].

Architectural/Heritage Monuments Three-dimensional
modelsof architecturaland heritagemonumentsare also
extremelydetailedandrich in texture andmaterialproperty
specifications. Thesemodelshave a much larger number
of connectedcomponents. Often, most of the connected
componentsiresimplegeometricshapesandhave a sparse
distribution of pointsandpolygons. Furthermary vertices
arerepeatedn their geometricpositionsto capturediffer-
ent texturesassociatedvith the differentfacesmeetingat
suchvertices.Dueto this, mary polygonsareadjacenbnly
geometricallybut not topologically The verticesalsohave
associateaghormalsusedwhile computinglocal andglobal
illumination.
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Figure 1. Architectural and engineering models with some examples of most frequently repeating features.

EngineeringDesigns Detailedengineeringnodelssuch
as power plants, aircraft designs,automobileassembilies,
etc. are also examplesof large models, most significant
for industrial applicationssuch as virtual mock-ups,col-
laborative CAD software[21, 2], interactize inspectionof
3D models,etc. While we seldomseeengineeringmod-
elswith texture, they have attributeslike materialproper
tiesassociatedvith meshesSometimesthesemesheslso
havecolourvaluesassociatewvith theverticesof themodel.
Thesemodelsoftenconsistof largenumberof components,
mary of which maybegeometricallymorecomplex thanin
architectural/heritagmodels.

2.3. Distinctive Properties of
Engineering Models

Clearly, architectural/heritagenodelsand engineering
designswhich we shall collectively referto asengineering
models form alarge classof 3D datausedin industrialap-
plications.We obsene somecommonpropertieof models
in this category:

High combinatorialcompleity: Thesemodelshave alarge
numberof simpleto moderately}complex connectedompo-
nents— eachhaving up to afew hundredvertices— forming
combinatoriallycomplex structures.

Repeatindeatuesat differentlevelsof granularity. Many
shapefeaturesat the granularityof connecteccomponent-
andsub-componerievelsrepeain the model.

Multiplicity of representation The repeatinggeometric
shapesiremultiply described. For example,all teethof a
gearhave the samegeometricshapen a singlemeshcom-
ponentof a mechanicabhssemblymodel,yet eachtooth of
thegearis describedvith completegeometricandtopolog-
ical details.

Arbitrary grouping of polygonsacrossmeshes The orga-
nizationof the geometryis in termsof mesheswhereeach
meshis oftenacollectionof all polygonsthatsharehesame
materialpropertyor texture map. This meanshat meshes

1 Although modelingtools and standardile formatshave facilities for
compactrepresentationf suchrepetitionof componentevel featuresjn
practicealmostall commonlyavailablelarge modelsarein fully expanded
format.

in suchmodelsarelikely to consistof multiple connected
components.

Sharpdiscontinuitiesn geometricfeatues Unlike natural

shapesmostgeometricfeaturesn suchmodelshave sharp
edgescornersandotherdiscontinuities.

Modelingerrors. Almost always, thesemodelsare manu-
ally createdusing3D modelingtools, suchassay 3D Stu-

dio MAX [8]. As aresult,suchmodelsoften have repre-
sentationadefectslike erroneouseplicationof geometry

invisible geometricshapesetc.

2.4. Previous Work in 3D Compression

Connectivitycomplession Compressiomf connectvity
(or topology) informationis achieved by defininganden-
coding a traversal of all the polygons/trianglesn sucha
way asto minimiserepeatedeferenceso verticesthatare
sharedby multiple polygons/triangle$l1, 22, 27, 14, 1Q].
All traversalencodingschemesve know encodethe mesh
topology in a losslessmanner A majority of the mesh
compressiortechniquesspecializein the compressiorof
smoothmanifold surfacesrepresentedby triangle meshes
[22, 26, 27].

Geometrycompession Compressiorf geometricdata
and attributesis achiesed by reducingthe precisionwith
which coordinatevalues,normal vector componentsgtc.
arerepresentel7, 26, 27, 20]. Geometriadatais alsocom-
pressedy suppressindnighly detailedandredundanfea-
tures[12, 13] usingtechniquedrom signalprocessingBy
their nature thesetechniquesrenecessarilyossy

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

Progressivecompession In addition to achiering a
compacencodingof themeshmodel,sometechniqueslso
encodehemodelfor progressie disclosurd3, 20, 25].

2.5. Compression Needs of
Engineering Models

Almost all of the previousresearcthasconcentratean
the compressiorof large modelshaving a few connected
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Figure 2. Mesh components that are parts of
polygon mesh models of engineering designs.
Note the sharp edges, corners, discontinuities,
large triangles.

components-oftenasinglemeshof acomplex surfacewith
smoothlyvarying curvature— formedby a densecollection
of alargenumberof smallpolygons(mostlytriangles).The
traversaltechniquesrebestsuitedwhenwe have suchvery
long traversals. Longer the traversalsequencesmalleris
the averagecostof representationAs alreadymentioned,
very large 3D geometricmodelsof the engineeringclass
usually have a large numberof non-smoothmesheswith
small numberof large triangles,often with arbitrary con-
nectvity (seeexamplesin Figure?2). Mesheshave associ-
atedtexture maps/materiapropertiesandverticesneedto
berepeatedHence reducingrepeatedeferenceso vertices
andcreatingongtraversalsequencedoesnotgenerallybe-
comepossible makingthesemethodsot the bestsuited.
All theearlierdevelopedtechniquesail to exploit afun-
damentalproperty that is almostalways presentin engi-
neeringmodels- repeatingoccurrence®f shapefeatures
asshawn in Figure 2. Repeatingfeaturesare repeatedly
encodedby thesecompressiomalgorithms. Such redun-
dang mustbe automaticallydiscoveredin a given model
and specificallyattacled. In the next section,we present
our new techniquefor automaticdiscovery of repeatingge-
ometricfeaturepatternsatdifferentlevelsof granularityand
acompressiorschemehatavoidsrepeatediescriptions.

3. A New Compression Scheme
3.1. Steps in the Compression Technique

The compressiortechniqueproceedsin the following
steps(asillustratedin Figure3):

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

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

Pre-processingIn this step,we eliminatereplicatedver-
ticesthathave identicaltriplesformedby zyz-coordinates,
vertex normalsand texture coordinates. We then decom-
posetheinput modelinto its connectedcomponents.

Discovery of Repeating-eatuies: Discovery of repeat-
ing featuresis a hard problem. The main difficulty lies in
automaticpartitioning of the meshesgo cut out thoseparts
thatrepresentepeatingfeatures.Neitherthe sizesnor the
descriptionf therepeatingeaturesareknown to usa pri-
ori. Basedon the characteristicef the modelsof engineer
ing class,we have evolved heuristicalgorithmsto discover
repeatingfeaturesat threelevels of granularity— (a) con-
necteccomponenfeatures(b) sub-componerfeaturesand
(c) aggreyateassembliesf componenandsub-component
level features.The discoveredrepeatingfeaturesare orga-
nizedin a “mastergeometry— instancetransform”hierar
chy. Thefirst instanceof a featureis labeledas DEF in-
stanceandrepeatingnstancef the featurearelabeledas
USE instances.

Compactencoding After therepeatingeaturesaredis-
covered, the USE instancesand the aggrejate featuresin
the model are compactlyencodedusing referencego the
DEF instancesand transformationsequiredto reconstruct
the original features.The DEF instanceghatrepresenthe
firstinstance®of the geometridfeaturesarecompresseds-
ing geometryandconnectvity compressiomalgorithms.

3.2. Discovery of Repeating Features

We considera polygon meshmodel as an undirected
graphG = (V,E) consistingof verticesV and edges
E. Thetopological structue 7(G') of a sub-graphG’ =
(V',E") of G is defined by the adjaceng relationship
amongits vertices. The geometricrealizationG(G') of the
sub-graphis determinedy the positionsof the verticesof
V' in three-spaceWe definea geometricfeature in a 3D
polygonmeshmodelto bea pair (7", G) correspondingo a
sub-graptof 3D polygonalmeshmodel.

A vector generatedby a function of the kind F
(T,G) — RFiscalledafeatuedescriptor Here,F should
be designedo have thefollowing desirableproperties:

e F mustbeefficiently computable.

e F shouldbeinvariantto somesetof transformations
T of thegeometriaealizationg of thefeature thatis,
F(T,G) = F(T(T,G)). This propertyis desirable
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Figure 3. Steps in compression of large models: acquisition of the model, pre-processing, automatic
discovery of repeating features and compact encoding.

to make thedescriptorsensitve only to the shapeand
connectvity of thefeature.

e F shouldbedescriptivein the sensehatthe descrip-
torsgeneratedor identicalfeaturesmustcorrespond
within sometoleranceandon the otherhandmustbe
considerablydifferentfor non-identicafeatures.For
a“small” differencebetweertwo featureghedispar
ity betweerdescriptorshouldbe small,andfor large
differencebetweenthe featuresthe disparity should
have alargevalue.

e F shouldresultin adescriptorof smalldimensional-
ity sothatwe have a compactdescriptionof thefea-
ture.

Matched Features. Two featuresf; and f» in apolygonal
model O aresaidto be matdedif ||F(f1) — F(f2)|| < e,
wheree is scalartolerancevalue. Note that thesefeatures
could geometricallybe in different positions, orientations
andscale.

Featuresreviewed assub-graph®f the model. Hence
matchingof featureds treatedasa constainedgraphiso-
morphismproblem. Constrainedsincewe seekto obtain
vertex correspondencacrossgraphssuchthatthe geomet-
ric realizationof thefeaturealsomatchesindertransforma-
tion T. All algorithmswe know for graphisomorphismare
of exponentialcomplexity [4]. However, constrainegrob-
lemscanbe solvedmuchfasterin practice[6].

A bruteforcealgorithmto discoverall repeatingeatures
of all possiblesizesgreaterthan k& verticeswould be as
follows. Considerthe model O asa setof n verticesV'.
Constructthe power set(the setof all subsetspf V' having
2™ elements.Fromthis set,remove all the elementsvhich
forminfeasiblefeaturesandthosethathave lessthank ver-
tices. Let the numberof remainingelementsem. Carry
out pairwisecomparisorandmatchingof the remainingel-
ementgo identify the featuresthat repeat. This algorithm

needsD(2™) operationdo constructhepowersetandin the
worstcaseO(m?) operationgo carry out pairwisematch-
ing! Eachof thesepairwisematchingoperationss againa
very complex operationinvolving sub-graphisomorphism
—anNP-completgroblem.

3.3. Feature Discovery Algorithms

A practicalsolutionto the problemof featurediscovery
cannothave exponentialcompleity if we areto dealwith
largemodels.Henceaheuristicalgorithmmustbedesigned
to acceleratéhe processAlso, it is not practicalto seekan
optimal algorithm that will guarantedhe discovery of all
possiblerepeatingeatures.

We describealgorithmsfor discovering repeatingshape
featuresatthreedifferentlevelsof granularity:
Connectedcomponentsn polygonmeshes For example,
in a mechanicalassembly nuts, bolts, fastenersgtc. re-
peatmary times;in architecturalmodelsit is commonto
seestructureshaving mary identical parts(seeexamplein
Figure4(a)). Connecteccomponenfeaturesarethe largest
connectedub-graphsn thegivenmodel.
Sub-componevelstructuies Many smallfeaturegepeat
within or acrossconnectedcomponentin a model. For
example,in a mechanicatAD model,a componentepre-
sentingagearhasmary teeth,eachcorrespondingo a sub-
componentevel feature.Furtheyr mary engineeringnodels
aresimplifiedfor the purposeof visualization.During sim-
plification, multiple componentg&remergedtogetherusing
booleanoperationsor vertex clustering[23] anda new tri-
angulateccompositemeshis generatedjiving asinglecon-
nectedcomponent. Sucha componenthas mary repeat-
ing featuresat sub-componentevel (seeexamplein Fig-
ure4(b)).

Aggregatesof repeatingfeatules Groupsof disjoint fea-
turesarealsofoundto repeain mary 3D models.Ourtech-
niguediscoverssuchmacro-level aggreyatefeatureswhich



Figure 4. Features repeat at different granularities: (a) connected component: part of an architectural
model has 36 instances of a feature having 68 vertices and 132 triangles, (b) sub-component: parts of a
mechanical CAD model, and (c) aggregate: each assembly adds up to 18 connected components, 1112

triangles and 560 vertices.

may be composedrom featuresof the above two types.
Figure4(c) shavsanexample.

3.3.1 Component Level Features

We first carry out discovery of repeatedfeature patterns
at the level of connectedccomponentsusing the following
steps:(a) reolganizethe total setof polygonsin the source
model into a set of connectedcomponentsand (b) dis-
covery of repeatingcomponentevel featuresby pairwise
matchingand build a “mastergeometry— instancetrans-
form” hierarchy

For pair-wise matching,we have useda simpleandef-
ficient techniqguebasedon principal componentanalysis
(PCA) with suitableextensions.We computean orthonor
mal basisin 3-spacehatdescribeghe eccentricitiesof the
connectedcomponentusing the Hotelling transformation
[9]. This basisis usedasa pure rotation matrix to bring
acomponento a normalized(or canonical)orientation.

We take thelist of verticesdefiningthe meshasa cluster
of pointsX = {1, ...,z,} in R to obtainthemean

1 n
m=— T;
n ; ¢
andthe covariancematrix,
C= lime —mmT
n & e )

We thenfind eigervectorsandcorrespondingigervaluesof
C. Thethreenormalizedeigervectorsareusedto construct
apurerotationmatrix R andalsothethe orientedbounding
box (oBB).

Let us denotethe componentas 0.1, Oz, their mean
valuesasm, mo andtheorthogonabasesepresentinghe

respectie eccentricitiesas R, R». If thetwo components
do no matchin their numberof verticesandthedimensions
of their oBBs thenno furthermatchingis attemptedOther
wise,we carryoutafuzzy (i.e. usingnumericaltolerances)
comparisorof positionsof verticesacrosshe components.
If the geometryso aligned matchesin at least 99.9% of
the vertices,thenwe declareO.» to be aninstanceof O,
and also recordthe transformationcompositedas 7_,,, o
RotoT,,, requiredto reconstruct., from O.1, whereRot
= R, o R;''. Matchingverticesimplies matchingtheir po-
sitions, texture coordinatesandvertex normals,if they are
definedfor the givenmodel.

Overcominglimitationsof PCA While attemptingto match
two componentsising PCA, ambiguity canarisewhenthe
componenthave a completelysymmetricalmassdistribu-
tion, becausehe eigervectorswill be similar. Examplesof
sucha caseare: a cylinder, which hasa symmetricalmass
distribution aboutan axis and a sphere,which has sym-
metrical massdistribution aboutthe centreof mass. This
limitation of PCA is overcomeby a minimizationprocedure
reportedby Novotni andKlein [19] to obtainthe bestrota-
tion transformatiorfor matchingof componentsWe con-
siderall possiblerotationsaroundthe axis or centrepoint
of symmetryand choosethe rotation correspondingdo the
maximummatch.For asingleaxisof symmetry R is given
by

R= I&%((M(R(a); Oc1,0c2)|6 € [0,2n])

wherea denotesthe angle of rotation aroundthe axis of
symmetry R(«) the rotationand M (R(a), O¢1,O2) the
measuref matchbetweerthealignedcomponent®).; and

O.2. In caseof sphericalsymmetry the bestalignmentis
obtainedas

R= max (M(R(¢,a,v),0.,0,
e (M(R(9,0,),0:1,002)



wheretheangles(¢, a, 1)) denoteEuleranglesfor parame-
terizationof rotationsin 3D and¢ € [0, 2x],6 € [0, 7], ¢ €
[0,27] .

The rotationspaceis discretizeduniformly. For objects
wherethe massis symmetricalaroundone of the principal
axes(say a cylinder), this is an efficient approachhut not
in caseof sphericalsymmetry The latter situationoccurs
rarelyin practice.

3.3.2 Sub-component level features

We have developeda heuristictechniquéor discoveringre-

peatingsub-componerfieatureswhich usesthe strateyy 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 neighbourhoodf eachvertex and
group thoseverticesthat have topologically and geomet-
rically identical neighbourhoods We carry out an identi-

cal simultaneousreadth-firstraversalaroundthesestart-
ing pointswhile verifying thatthe featuresbeinggrown are
indeedidentical.

To enableeffective groupingof verticeshaving identical
neighbourhoodm agivenmodel,we associata footprint?
with eachvertexin themodel,composeaf thevertex prop-
ertiesinvariantto rigid-body transformation.The footprint
consistof thefollowing four entities:(a) Density | N, |, the
cardinalityof N, thesetof verticesconnectedo v. Theel-
ementsof N, arealso calledthe neighbourhoodf v and
|Ny| is alsocalledthe degree of v; (b) Size L,, average
of the lengthsof the edgesconnectedo v; (c) Curvatuie®:
D,, theaverageof thedihedralanglesof thefacesmeeting
at the edgesconnectedo vertex v; and(d) A secondor-
derdescriptor D2, givenby ﬁ >.Dj,j € N,. Asimple
innerproductdistancaneasurdiasbeenconstructedor de-
terminingthe similarity or disparitybetweertwo givenfea-
turesin thespacedefinedby thefootprints.For engineering
modelsthis compositefootprint hasperformedvery well.

We have choserto associatéootprintsonly with vertices
andnot with higherorderelementdike edgesor polygons
becausén polygonmesheshenumberof polygonsandthe
numberof edgesarein multiplesof the numberof vertices.
While this choicedoesnot affecttheasymptoticcomplexity
of the algorithm, the savings realizedare significantwhen
working with largemodels.

This algorithm returnsa set of patterns(sub-graphs)
whichcorrespondo featureghatrepeain thegivenmodel.
Sincetheprocesof discoveringtherepeatingpatternaises
meshconnectvity for traversal,the matchingpatternsare

2We have borroved the term footprint from the work of Barequetand
Shariron Partial SurfaceandVolumeMatchingin ThreeDimensiong1].
However our definitionanduseof footprintsaresignificantlydifferent.
3Thisis only anapproximatedescriptorof the cunature.

identicalin coordinate®f thevertices(in thesenseof rigid-
bodytransformationpswell asthe connectvity.

3.3.3 Aggregate Features

After carrying out featureinstancedetection,mary USE-

instancesn different meshesare found to have identical
rigid body transformationsThis iso-transformatiorseten-
ablesusto infer repeatingmacio-level structues,i.e., part

assembliesin orderto intuitively understandhow grouping
of iso-transformatiorfieaturesmeanscapturingmacro-level

featureswe take a simpleexample. Consideran architec-
tural model having mary identical pillars, eachconsisting
of anassemblof multiple componenteatures Thediscov-

ery of featuresatthelevel of componentsvould construcia
DEF-USE hierarchyamongidenticalcomponentscrosshe
pillars. If component®f thefirst pillar aremarked asDEF

instancesthe componentof the remainingpillars would

be marked ascorrespondingJSE instanceswith respectre
transformationsAll USE componentdelongingto a pillar

would have identicaltransformatiorassociatethem. Thus
groupingof iso-transformatioruse componentyields as-
semblies.

As a sidebenefitof considerableralue,our schemealso
lets us automaticallyidentify the commonproblemof er
roneousreplicationof componentsn large models- two
instancef a featurehaving the samerigid body transfor
mation. It mustalsobe notedthata use-instancehaving an
identity transformatiorassociatedvith it is alsoa duplicate
componentand mustbe removed. Theseare undesirable
casesof coinciding geometriesn the model. It is almost
impossibleto identify suchcasesvisually. However, they
manifestin interactve walk-throughsof suchmodelsin the
form of unnecessargverheadandalsoasflickeringfacets.

3.4. Reconstruction

The decompressioprocedurefor reconstructiorof the
original modelfrom the compressedepresentatiofis sim-
pleandefficient. While decodingheaggreyatefeaturesthe
following stepsaretakenfor thereconstructiorof eachuse
instance(i) obtainthecentroidm; of the DEF instance(ii)
obtain the rotation matrix R from the quaternioncompo-
nentof thetransformatiorandthe positionvectorms of the
USE instance(iii) transformthe vertex positionsandnor-
mals of the DEF instanceby the compositetransformation
T=T_p,, cRoTp,.

Sinceeachvertexin themodelbeingreconstructed vis-
ited exactly once,the compleity of decompressioproce-
dureis a linear function of the numberof vertices— much
fasterthanthe compressiormlgorithm.



4. Implementation and Analysis
4.1. Experimental Results

Ourheuristicof lookingfor repeatingeaturesatthelevel
of connectedcomponentsresultsin discovery of largest
connectedeaturesandyields large savingsin storage.Ta-
ble 1 shaws the resultsof componentlevel discovery on
somerepresentatie modelsthatwe experimentedvith. The
table is partitionedinto three sections— (a) nameof the
model, (b) the countof componentsyerticesandtriangles
in theoriginalmodel,(c) thecountof DEF instancestcom-
ponentlevel discovered.

#cmp. #vtx #tri | #cmp. #vtx #ri

(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

Table 1. Large number of repeating compo-
nents are detected, thereby yielding savings in
the representation of the model.

Consecutie stepsin our compressiorschemeshowvn in
Figure3 resultin successie improvements.Table2 shavs
a comparisorof file sizesof five representatie large mod-
els (seeFigure 1) on successie applicationof the differ-
ent steps. It is clear that connectvity compressioralone
(“EB alone” columndenoteghe file size on applicationof
Edgebreakr algorithm [22]) cannotachiese this level of
compressionFurtherit may be notedthatthe connectvity
compressioralgorithmis unusableon Helicopterand the
Diwan-i-Khaagnodelsbecausédhey containnon-manifold
components.Note the high compressiomratiost achieved
onthesemodels.

Discovery of aggreate featuresyields an incremental
improvement. This is expectedsincethe saving is only by
avoiding the repeatedepresentationf a rigid body trans-
formation.

Orig gzip EB | comp, Aggr Agor CR

size only only | subco level +[EB]

level +gzip
Cap 1.8M 875K 1.1M | 403K 395K 134K | 0.92
Col 25M 2i1M 13M | 516K 497K 217K | 0.91
DiK | 10.0M 2.8M — | 19M 18M 603K | 0.94
Hel 49M 1.9M — | 1.6M 16M 879K | 0.82
Taj 764K 1.1M 1.1M | 630K 629K 196K | 0.74

Table 2. Comparison of performance of stages
in the compression scheme on large models of
architectural and engineering class.

4CR=1- (compressedize/ original size)

In this encodingscheme Jossinessn reconstructions
introduceddueto the following reasons:(a) the quantiza-
tion of vertex normals,and(b) matching,with a numerical
tolerancepf verticesacrosdeatures Hencefeaturegelated
by DEF-USE relationshipareidenticalonly within thetoler-
ancevalue. Oneinstanceof lossinesdueto toleranceis
illustratedin Figure5 below. This lossof informationcan
be controlledby usingfinertolerancevalues.

(b)

Figure 5. Loss in reconstruction: (a) the re-
constructed model of Taj Mahal, (b) zooming
in near the towers in the left side reveals that
they have been slightly distorted.

4.2. Complexity Analysis and Acceleration

Componentevel featuies A naive implementationin-
volving exhaustie pairwisematchingfor discoveringiden-
tical connecteccomponentevel featureshasa complexity
of O(n?), wheren is thenumberof connectecomponents
in the givenmodel. In mostengineeringnodels,n is large
enoughto warrantthe useof acceleratiortechniques.We
have usedusinggeometrichashing[29] of componentsis-
ing the numberof verticesand trianglesas the hashkey
for acellerationin our algorithm. Before performing de-
tailedmatchingwe alsocheckif thedimension®f theoBBs
match.While theworstcasecompleity evenafterhashing
is O(n?), for mostpracticalsituationsthe benefitis large.

Matchingtwo alignedcomponentsd and B, eachhav-
ing m verticesjs aproceduref O(m) compleity. Finding
the correspondencleetweerthefirst pair of verticesacross
the componentseedsO(m) effort. The correspondence
betweenthe restof the verticesis establishedy carrying
out identicalspanningreeexplorationsin the connectvity
graphsof the meshcomponentsvhile verifying geometric
match— anotherO(m) step. The assumptiorusedin this
caseis that identical componentswill have identical geo-
metricshapeaswell asanidenticalconnectvity. Whenit is
notpossibleo hold thisassumptionamorecomplex proce-
duremustbeused.In caseof themodelswhich have texture
coordinatesassociatedvith vertices,we have seenthat af-
ter alignmentof two componentsthe testfor matchingis a
proces®f O(m?) compleity. Thisis becausén suchmod-
els, to capturedifferenttexture mappingcoordinatesat the



sharedvertex positions,the verticesarerepeatedHence a
singleidenticalspanningreetraversalis not possibleacross
the connectvities of thecomponents.

Sub-componerievel features During the discovery of
sub-componerievel featuresthe computatiorof footprints
is an O(n) operationwheren is the numberof verticesin
the model. On computatiorof a footprint, the vertex index
is hashednto atableusingthevalueof the computedoot-
print. The hashingfunctionis basedon two keys from the
footprintvector:|N, | andL,. Thebucketsformedby hash-
ing the verticesgive us the equivalenceclassef vertices
representingtartingpointsfor growth of repeatingeatures.

Thecompleity of thegrowth phasevarieswith thechar
acteristicsof the given model. If an equivalenceclassof
verticeshask elementseachforming a seedfor growth of
featuresthe analysisproceedsasfollows: The neighbour
hoodsgrown aroundeachelementmustbe matchedo con-
firm a matchor rejectit. This processcantake placeup to
O(k?) times. Matchingary two neighbourhoodbaving m
elementdasa linearcompleity.

The worst casesituationoccurswhen all n verticesin
the modelare classifiedin the sameequivalenceclassand
eachvertex hasa degreeof O(n). In this case the growth
phasehasa compleity of O(n?®). Thusthis algorithmis
boundedby a polynomial time compleity. A configura-
tion that comesclosestto the worst caseis a meshhaving
auniform connectvity andgeometryaroundeachvertex, a
uniformly tessellatedphere.

5. Applicability in Cooperative Computing

In comparisorto all of theearlier3D compressiortech-
niguesour schemds far more suitedfor cooperatie com-
puting applications. This is becausef the following dis-
tinctive features:

Wbrks on geneal polygonalmodels As wasmentioned
earlier polygonalmeshrepresentatiofis the mostpopular
modelingschemehat hasmaximuminteroperability Our
schemeworks extremelywell on polygonmeshmodels. It
canwork ongenerabpolygonalmodels,andis notrestricted
to triangulatedmodelsor just to manifolds. Although the
sub-componenteaturediscovery algorithm usestraversal
of meshgraphsjt doesnotexpectconnectvity representing
manifold topology Further it hasthe uniqueaddedcapa-
bility to handlemodelingdefectsso commonlypresentin
theengineeringlassof models.

Achieves high compessionby exploiting redundancy
presentin engineeringmodels Our compressiormethod
not only usesspeciala priori knowledgeof propertiesof
the modelsof engineeringclass— repeatingshapesjarge
triangles,sharpcorners,edgesetc., but also“learns” more
through the discovery of repeatingfeaturesat different
levels of granularity This specialcapability enablesthe

methodto achieve high compressionmuch higher than
what can be achiered by the algorithmsreportedearlier
The ability to learnalso makesit more widely applicable
acrosanary 3D modelswherefeaturesarelikely to repeat.

Incorporates best developmentsin single component
compession Largeengineeringnodelssuchasaircraftde-
signs, on one hand, have mary repeatinggeometricfea-
tures,andon the otherhand,therearealsosomelarge and
complex componentshathave no repeatingeatures.Such
componentsnustbecompressedsingconnectvity andge-
ometry compressioralgorithmsdevelopedearlier For all
DEF instancesncodingwe canincorporatehebestdevelop-
mentsin the areaof connectvity compressiomesearctand
thusobtainfarbettercompressiomatiosthanthosereported
in theliterature. Table2 shaws clearevidenceof this.

Simple and fast decompession Compressionof the
largestmodel we experimentedwith requiredaboutfour
minutes(234.82seconds)jncluding the time requiredto
load the uncompressedepresentation. However decom-
pressionof the samemodel requiredonly 2.23 seconds.
This is so becausef the lineartime compleity of the de-
compressioralgorithm. Further the reconstructiomalgo-
rithm is very simple to implementand doesnot involve
heary memoryor computationrequirements.Theseprop-
ertiesmake the schemehighly suitablefor implementation
on simple desktopsandothercomputingdevices,enabling
ubiquitousaccesdo sharedrepositoriesof large engineer
ing models.

Low decompessiorlatency Thecompressetbrmathas
DEF instancefeaturesappearingoeforethe corresponding
USE instances.This enableshe decompressioprocedure
to make the element=of the 3D modelaccessiblewithout
ary delay while it processethecompressedepresentation.
Thus the lateny of the decompressiolgorithm for our
schemas very low.

Selectivecompessioncapability: In a cooperatie en-
gineeringdesign ervironment, design actiities are most
likely to be sharedat componentand sub-assembljevels.
Ourschemeddressesompressiopreciselyatthesdevels
andhenceautomaticallyenableselectve compression.

Contmol over lossiness As alreadymentionedJosscan
be controlled by compromisingcompressiorratio with a
suitableincreasein the tolerancefactorto which feature
matchingis carriedout.

6. Conclusions

We have presentech new 3D compressiorschemefor
very large engineeringnodelswith automaticdiscovery of
repeatingfeaturesat its core. We have shovn why sucha
schemeis highly suitedfor cooperatie computingappli-
cations. The testresultsfrom our implementationof this
schemeon a numberof large modelsincluding thosethat



areavailableon the nethave shavn excellentcompression
performance.

Thefundamentatontribution of automaticallydiscover-
ing similar shapefeaturesin a large 3D modelhasample
scopeto beappliedto the other3D geometryhandlingpro-
cesse®f healing,simplificationand progressie transmis-
sion.

The procesof discovering repeatedeaturesis compu-
tationally complex. Hencethe executiontime for com-
pressioris muchlongerthanthe decompressioprocedure
which hasa linear compleity. However, the compression
algorithmis highly parallelin natureandhencein a coop-
eratve computingsituation,the computationsanbe easily
distributed. Detailedmatchingof a pair of featuress com-
pletely independenbf matchingsomeotherpair. Thisin-
dependencef processingasksis one major potentialfor
parallelisatiorof the algorithm. The discovery of repeating
featuresat a particularlevel of granularitycanthereforebe
distributedacrosscomputerson the network. The speed-up
of the parallelimplementatiorwould belinear.

Acknowledgements: The models of Capitol build-
ing, Colosseumand Taj Mahal were downloaded from
www.3dcafe.com. Diwan-i-Khaas model is from Vi-
sions Multimedia VisualizationStudio and the Helicopter
model was downloaded from the Avalon 3D archve
(avalon.viewvpoint.com).
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