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Abstract

As thenumberof 3D modelsavailableonthe Webgrows, thereis anincreasingneedfor a
searclengineto helppeoplend them.Unfortunatelytraditionaltext-basedsearcttechniques
are not always effective for 3D data. In this paper we investigatenen shape-basedearch
methods.The key challengesreto develop query methodssimple enoughfor novice users
andmatchingalgorithmsrobustenoughto work for arbitrarypolygonalmodels.We present
web-basedearctenginesystemhatsupportgjueriesbasedn 3D sketches2D sketches 3D
models and/ortext keywords. For theshape-baseguerieswe have developedanen matching
algorithmthatusessphericaharmonicgo computediscriminatingsimilarity measurewithout
requiring repair of model degeneracie®r alignmentof orientations. It provides 46—245%
betterperformancahanrelatedshapenatchingmethodsduring precision-recaléxperiments,
andit is fastenoughto return queryresultsfrom a repositoryof 20,000modelsin undera
second.Thenetresultis agrowing interactve index of 3D modelsavailableonthe Web (i.e.,
aGooglefor 3D models).

1 Intr oduction

Over the lastfew decadesgcomputersciencehasmadeincredibleprogressn computeraidedre-
trieval and analysisof multimediadata. For example,supposeyou want to obtainan imageof
a horsefor a Ponverpointpresentation.A decadeago, you could: 1) draw a picture,2) goto a
library andcopy apicture,or 3) goto afarmandphotograpla horse.Today you cansimply pick
asuitableimagefrom themillions availableontheweh Althoughwebsearchs commonplacéor
text, imagesandaudio,theinformationrevolution for 3D datais still in its infangy.

However, threerecenttrendsarecombiningto accelerateéhe proliferationof 3D models Jead-
ingto atimein thefuturewhen3D modelswill beasubiquitousasothermultimediadataaretoday:
(1) new scannerandinteractve toolsaremakingconstructiorof detailed3D modelspracticaland
costeffective, (2) inexpensve graphicshardwareis becomingaster(at3 Moore'sLaw), causing
anincreasingdemandor 3D modelsfrom a wide rangeof people,and(3) thewebis facilitating
distribution of 3D models.



Thesedevelopmentsarechanginghe way we think about3D data.For years,a primarychal-
lengein computergraphicshasbeenhow to constructinteresting3D models. In the nearfuture,
the key questionwill shift from “how do we constructthem?” to “how dowe nd them?”. For
example,considera personwho wantsto build a 3D virtual world representing city scene.He
will need3D modelsof cars,streetlamps,stopsigns,etc. Will he buy a 3D modelingtool and
build themhimself? Or, will heacquirethemfrom a large repositoryof 3D modelson the Web?
We believe thatresearchn retrieval, matching,recognition,andclassi cationof 3D modelswill
follow the sametrendsthatcanalreadybe obseredfor text, imagesaudio,andothermedia.

An importantquestionthenis how peoplewill searchfor 3D models.Of coursethe simplest
approachs to searchor keywordsin lenames,captionsor context. However, this approackcan
fail: (1) whenobjectsarenotannotatede.g.,“"B19745.wrl"), (2) whenobjectsareannotatedvith
inspeci c or dervative keywords(e.qg.,“yellow.wrl” or “sarah.wrl”),(3) whenall relatedkeywords
are so commonthat the query resultcontainsa ood of irrelevant matchege.g., searchingfor
“faces” i.e., humannot polygonal),(4) whenrelevant keywordsare unknavn to the user(e.g.,
objectswith misspellecor foreignlabels),or (5) whenkeywordsof interestwerenotknown atthe
time the objectwasannotated.

In thesecasesandothers,we hypothesizehatshape-basequerieswill be helpful for nding
3D objects.For instanceshapecancombinewith functionto de ne classe®f objects(e.g.,round
coffee tables). Shapecanalsobe usedto discriminatebetweensimilar objects(e.g.,deskchairs
versudoungechairs).Thereareeveninstancesvherea classis de ned entirelyby its shapge.g.,
thingsthatroll). In theseinstances’a pictureis worth a thousandvords’

Our work investigatesnethodsfor automaticshape-basecktrieval of 3D models. The chal-
lengesaretwo-fold. First, we mustdevelopcomputationatepresentationsf 3D shapgshapede-
scriptors) for which indicescanbe built andsimilarity queriescanbeansweredckf ciently. In this
paperwe describenovel methoddor searchin@D databasessingorientationinvariantspherical
harmonicdescriptorsSecondwe must nd userinterfaceswith which untraineduserscanspecify
shape-basedueries. In this paper we investigatecombinationsof 3D sketching,2D sketching,
text, andinteractve re nementbasedon shapesimilarity. We have integratedthesemethodsnto
asearchenginethatprovidesa publicly availableindex of 3D modelsonthe Web (Figurel).

The paperis organizedasfollows. The following sectioncontainsa review of relatedwork.
Section3 providesanoverview of our systemwhile discussiorof themainresearclissuesappears
in Sections4-7, andimplementatiordetailsare providedin Section8. Section9 presentexper
imentalresultsof studiesaimedat evaluatingdifferentqueryand matchingmethods. Finally, a
brief summaryandconclusiorappearsn Sectionl0, followedby a discussiorof topicsfor future
work in Sectionl1.

2 RelatedWork

Dataretrieval andanalysishave recentlybeena very active areaof researct30, 52]. The most
olbviousexamplesaretext searctenginege.g.,Google[22]), which have becomepartof our daily
lives. However, content-basedetrieval and classi cationsystemshave also beendevelopedfor
othermultimediadatatypes,includingaudio[34], imageq23], andvideo[94].

Retrieval of databasedn shapehasbeenstudiedin several elds, includingcomputevision,
computationajeometry mechanicalCAD, and molecularbiology (see[2, 9, 15, 54, 68, 93] for
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Figurel: Screenshoof our searchenginefor 3D models. It allows a userto specifya queryusingary
combinationof keywords and sketches(left). Then, for eachquery it returnsa ranked setof thumbnail
imagesrepresentinghe 16 bestmatching3D models(right). The usermay retrieve ary of the 3D models
by clicking onits thumbnail,and/orhe mayre ne the searchby editingthe originalinputor by clicking on
the“Find Similar Shape’ink belov ary thumbnail.

sunweys of recentmethods).However, mostprior work hasfocusedon 2D data[33, 45, 62]. For
instance several content-basednageretrieval systemsallow a userto sketcha coarselydetailed
pictureandretrieve similarimagesbasedn color, texture,andshapesimilarities(e.g.,[45]). Ex-
tendingthesesystemdo work for 3D surfacemodelsis non-trivial, asit requires nding a good
userinterfacefor specifying3D queriesandan effective algorithmfor indexing 3D shapes.One
problemfor indexing 3D surfacess boundaryparameterizationAlthoughthe 1D boundarycon-
toursof 2D shapedave a naturalarclengthparameterizatior3D surfacesof arbitrarygenusdo
not. As aresult,commonshapedescriptordor 2D contours(e.g.,[7, 8, 48,53, 92, 98]) cannot
be extendedo 3D surfacesandcomputationallyef cient matchingalgorithmsbasedon dynamic
programminge.g.,[87, 90]) cannotbe appliedto 3D objects. Anotherproblemis the higherdi-
mensionalityof 3D data,which makesregistration, nding featurecorrespondencesnd tting
modelparametersnoreexpensve. As aresult,methodghatmatchshapesisinggeometrichash-
ing [50] or deformationg3, 46,67,79,89]) aremoredif cult in 3D.

Shape-baseecognitionof 3D objectsis a coreproblemin computervision. However, in vi-
sion, imagesor rangescansof objectsare usually obtainedfrom speci ¢ viewpoints,in scenes
with clutter andocclusion. Rangeimagesrequirepartial suracematching[17, 24, 26, 91], and
2D imagesarefurthercomplicatedby perspectie distortionsandlighting variations.Oftenthese
problemsareaddressetly methodshatsearchfor local correspondencdsetweerfeaturege.g.,
[36, 47, 51, 55]), which are expensve and do not readily lead to an indexable representation.
Ratheywe focuson 3D modelsof isolatedobjects(e.g.,abunry or ateapot)in 3D model les in-
tendedor computergraphicsvisualizationor inclusionin avirtual world. While thesemodelsare
mostlyfree of sensonoiseandocclusionsthey usuallycontainonly unolganizedsetsof polygons
(“polygonsoups”) possiblywith missing,wrongly-orientedintersectingdisjoint,and/oroverlap-
ping polygons. The lack of a consistensolid and surfacemodelmakesthemdif cult for shape
analysisMeanwhile, xing degeneratenodelsis adif cult openproblem[11, 37,60].

For 3D objectmodels,mostshapeanalysiswork hasfocusedon registration,recognition,and
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pairwisematchingof surfacemeshes.For instanceyepresentationfor registeringand matching
3D surfacesinclude ExtendedGaussiarimages[39], SphericalAttribute Images[28, 29|, Har
monic Shapdmageq101], ShapeContets[13, 59, Spinimageg47]. Unfortunatelythesepre-
vious methodsusuallyrequireeithera priori registrationof objects'coordinatesystemsr search
to nd pairwisecorrespondencesuring matching. Volumetricdissimilarity measuredasedon
wavelets[35] or EarthMover's Distance[75] assumdhat a topologicallyvalid surfacemeshis
availablefor every object. Otherapproachesare basedon comparinghigh-level representations
of shapesuchasgeneralizedtylinders[19], superquadric§83], geons[97], shockgraphs[81],
medialaxes[10], andskeletons[20, 21, 38, 85. Methodsto computetheserepresentationare
usuallytime-consumin@ndsensitve to smallfeatures Also, mostdo notreadilyleadto ameans
for indexing alarge databas¢g80].

Finally, shapesiave beenindexed basedon their statisticalproperties.The simplestapproach
represent®bjectswith featurevectors[30] in a multidimensionakpacewherethe axesencode
globalgeometrigoropertiessuchascircularity, eccentricityor algebraianomentg70, 88]. Other
methoddave consideredhistogram®f geometricstatisticd1, 6, 16, 32,64]. ForinstanceAnkerst
et al. [4] proposedshapehistogramsdecomposinghellsand sectorsarounda model's centroid.
Besl [16] usedhistogramsof the creaseanglefor all edgesin a 3D triangularmesh. Osadaet
al. [64] representeghapeswith probability distributions of geometricpropertiescomputedfor
pointsrandomlysampledon anobjects surface. Oftenthesestatisticalmethodsare not discrimi-
natingenougho make subtledistinctionsbetweerclasse®f shapege.g. livingroomchairsversus
diningroomchairs).

While several projectshave beeninvestigating3D searchenginesconcurrentlywith ours[66,
86], they aremainly focusedon speci ¢ datatypes,suchasmechanicaCAD parts(e.g.,[14, 18,
71,42]), proteinmoleculege.qg.,[5, 49)), or culturalartifacts[74, 78]. Othersonly supportgueries
basedntext and le attributes(e.g.,[57]). To ourknowledge noprevioussystemhas:(1) indexed
alargerepositoryof computergraphicsmodelscollectedfrom the Web, (2) supported®D and3D
sketchinginterfacesfor shape-basequeriesor (3) studiedinteractiondetweertext andshapéan
thesearchor 3D data.Thesetopicsareinvestigatedn this paper

3 SystemOverview

Theorganizationof our systemis shavn in Figure2. Executionproceedsn four steps:crawling,
indexing, querying,andmatching. The rst two stepsare performedoff-line, while the lasttwo
aredonefor eachuserquery Thefollowing text providesanoverview of eachstepandhighlights
its mainfeatures:

1. Crawling: We build adatabasef 3D modelsby crawvling the Weh 3D datastill represents
a very small percentagef the Web, and high quality modelsrepresentin equally small
percentagef all 3D data. So, we have developeda focusedcrawler thatincorporatesa
measuref 3D model“quality” into its pagerank. Usingthis crawler, we have downloaded
17,834VRML modelsfrom the Weh We augmentthis databasevith 2,873 commercial
modelsprovidedby 3D vendorg44, 25|.

2. Indexing: We computeindicesto retrieve 3D modelsef ciently basedon text and shape
gueries. In particular we have developeda new 3D shapedescriptorbasedon spherical
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harmonicghatis descriptve, concise,ef cient to compute robustto modeldegeneracies,
andinvariantto rotations.

3. Querying: We allow a userto searchinteractvely for 3D models. Our systemsupports
guerymethodsasedon text keywords, 2D sketching,3D sketching,modelmatching,and
iterative re nement.We nd thatmethodsasedn bothtext andshapecombineto produce
betterresultsthaneitheronealone.

4. Matching: Foreachuserquery ourwebsenerusestsindex to returnthesixteen3D models
thatbestmatchthe query Our methodanswers3D shapegueriesin lessthana quarterof a
secondor ourrepository;and,in practicet scalesub-linearlywith the numberof indexed
models.

World
WI de _» Repostory of
3D Models

Ofline

Figure2: Systenmorganization.

The main researchssueat the heartof this systemis how to provide shape-basedueryin-
terfacesandmatchingmethodshatenableeasyandef cient retrieval of 3D modelsfrom alarge
repository In the following two sections,we discusstheseissuesin detail for differentquery
interfaces.

4 ShapeQueries

The most straight-forvard shape-basedueryinterfaceis to provide the searchenginewith an
existing 3D modelandaskit to retrieve similar ones.Our searchenginesupportghis stratgy in
two ways.

First,theusemaytypethenameof a le to beuploadedrom hiscomputere.g.,“c:\dolphin.wrl "),
andthenthe systemsearche$or 3D modelswith similar shapesThis methodis usefulfor nding
moreobjectsof thesametype(e.g.,givenonechair, nd 100others)or for nding moreinstances
of aspeci ¢ 3D object(e.g.,checkingfor illegal copiesof a proprietarymodel).

Secondthe usermay searchfor modelswith shapedik e onereturnedn a previoussearchoy
clicking onthe“Find Similar Shape’link underits imageon aresultspage(bluetext in Figurel).
This methodis usefulfor iteratively re ning searche$o honein onaspeci c classof objects.

Themainchallengan supportingthese3D shape-basesimilarity queriess to nd acompu-
tationalrepresentationf shapdgashapedescripto) for whichanindex canbebuilt andgeometric
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matchingcanbe performedef ciently . Generallyspeakingthefollowing propertiesaredesirable
for a shapedescriptor It shouldbe: (1) quick to compute(2) conciseto store,(3) easyto index,
(4) invariantundersimilarity transforms(5) insensitve to noiseandsmall extra features(6) in-
dependenbf 3D objectrepresentationtessellationor genus,(7) robustto arbitrarytopological
degeneraciesand(8) discriminatingof shapalifferencesat mary scales.

Unfortunatelyno existing shapedescriptothasall thesepropertiesMost high-level shapeaep-
resentationssuchasgeneralizeaylinders[19], superquadricE83], geong97], shockgraphg482],
medial axes [10], and skeletons[20, 38, 85] requirea consistenimodel of the objects bound-
ary andinterior, which is dif cult to reconstrucfor highly degeneratecomputergraphicsmod-
els[11, 37, 60]. OthershaperepresentationgsuchasExtendedGaussiarimages[39], Spherical
Attribute Imageg[28, 29], momentg70, 88], andwavelets[35], requirea priori registrationinto
a canonicakoordinatesystemwhich s dif cult to achiese robustly. Finally, statisticalshapede-
scriptors,suchasfeaturevectors[30] andshapedistributions[64] are usuallynot discriminating
enoughto distinguishbetweersimilar classe®f objects.

We proposeanovel shape-descriptdrasedn sphericaharmonics Themainideais to decom-
posea 3D modelinto a collectionof functionsde ned on concentricspheresandto usespherical
harmonicgo discardorientationinformation(phase¥or eachone. This yields a shapedescriptor
thatis bothorientationinvariantanddescriptve. While the original shapecannotbereconstructed
from this representationrgomparisorof two descriptorgrovidesa provablelower boundon the
L, distanceébetweerthem.

A signi cant adwvantageof our approachs thatit canbe indexed without registrationof 3D
modelsin a canonicalcoordinatesystem. While othershave usedsphericalharmonicsto obtain
multiresolutionrepresentationsf shapg77, 95, they requirea priori registrationwith principal
axes.In ourexperiencewe nd thatprincipalaxesarenotgoodataligningorientation®f different
modelswithin thesameclass.Figure3 demonstratethis problemfor acollectionof mugs.Despite
the fact that the mugshave similar shapesthe derived principal axes are quite different. The
mainreasons thatcontritutionsto the second-ordemomentausedfor rotationalalignmentscale
guadraticallywith distancerom the centerof masswhich causesmalldifferencesn the handles
of the mugsto affect the principalaxessigni cantly. The netresultis pooralignmentsandpoor
matchscoredor algorithmsthatrely uponthem.Our methodakesadvantageof phaseelimination
to avoid this problem.

Figure3: A collectionof mugsdravn with their principal axes. Despitethe similarity in the models,the
principalaxesorientthemodelsin very differentways.



As comparedo otherrotationinvariantshapesignaturesyve expectour sphericalharmonics
descriptorto be morediscriminatingof similar shapes.It is uniqueup to rotationsof indepen-
dentfrequeng component®n concentricspheresand characterizea shapeat differentresolu-
tions. Otherrotationallyinvariantdescriptorsliscardsigni cantly moreinformation.For example,
Ankerstet al. [4] usea histogramof the distancedrom eachsurfacepoint to the object’s center
of massasa 1D descriptor This amountgto usingthe zeroth ordersphericalharmonicin each
concentricshell. Our methodencodeshigherfrequeng informationin a 2D descriptoy which
providesmorediscriminatingpower.

Themainstepsfor computinga sphericaharmonicshapedescriptorfor a setof polygonsare
shawvn in Figure4:

1. First,werasterizéhepolygonalsurfacesntoa2R 2R 2R voxel grid, assigningavoxel
avalueof 1if it is within onevoxel width of a polygonalsurface,andassigningt a value
of 0 otherwiset We usuallychooseR to be 32, which providesadequateyranularityfor
discriminatingshapesvhile Itering outhigh-frequeng noisein the original data.

To normalizefor translatiorandscale we move the modelsothatthe centerof masdies at
thepoint(R; R; R), andwe scaleit sothatthe averagedistanceérom non-zerovoxelsto the
centerof massis R=2. We usethis approaciratherthana simpleronebasedon the center
andradiusof theboundingspherebecausd is lesssensitve to outliers.

2. We treatthe voxel grid asa (binary) real-\aluedfunction de ned on the setof pointswith
lengthlessthanor equalto R andexpresshefunctionin sphericaktoordinates:

f(r; ; )= Voxel(rsin( )cos()+ R;rcos()+ R;rsin()sin( )+ R)
wherer 2 [O;R], 2 [0; ],and 2 [0;2 ]. By restrictingto thedifferentradii we obtaina

fr(s)=10 )
3. Usingsphericaharmonicswe expresseachfunctionf, asasumof its differentfrequencies:
X
fe(5 )= 75 )

m

where

me .oy X E(2m+l)(m jnj)!
s )= S 4 (m + jnj)!

n= m
(Thatis, thefunctionf " is the projectionof thefunctionf, ontothem-thirreduciblerepre-
sentatiorof therotationgroupactingon the spaceof sphericafunctions.)

Pmn (cos )e" :

4. Notingthatthedifferentirreduciblerepresentationare x edunderrotation,andnotingthat
rotationsdo not changethe L , normof functions,we obsere thatthe valuekf "k doesnot
changeif we rotatethe functionf,. We de ne a rotationinvariantsignaturefor f, asthe
collectionof scalargk f °k; kf 'k; : ::g.

Note: we do not attemptto reconstructind Il the volumetricinterior of the objectsoasto work with arbitrary
“polygon soups”,a generaland commonlyfound classof computergraphicsmodels. Fixing degeneratamodelsto
form a consistensolid interiorandmanifoldsurfaceis a dif cult openproblem[11, 37, 60].
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5. Combiningthesedifferentsignaturesover the differentradii, we obtaina two-dimensional
rotationinvariantsphericalharmonicsdescriptorfor the 3D model,with the valueatindex
(ro; mg) correspondingdo the length of the mg-th frequeng of the restrictionof f to the
spherewith radiusr .

Figure4: Computingour sphericaharmonicshapedescriptor

To comparetwo sphericalharmonicsdescriptorsywe simply computethe Euclideandistance
betweerthem. Retrieving the K bestmatchedor a 3D querymodelis equivalentto solvingthe
K nearest-neighbonsroblemin a high-dimensionakpace. Although this problemis known to
be hardin the worst case,we canbuild a searchalgorithmthat works ef ciently in practiceby
searchingn multiple 1D spaceg43]. Ourimplementatiorworksin two passesin the rst pass,
we quickly computea lower boundfor the distancebetweenthe querymodelandall modelsin
the databaséy nding the M -nearesnheighborson the projectionsof the spaceonto coordinate
axes(M >> K). In the secondpasswe computethe true distanceto the models,sortedby the
lower bounddistance We stopwhenthedistancdo thecurrentK -th nearestmodelis smallerthan
thesmallesiower boundof theremainingmodels.Whencomputingthetrue distanceto a model,
we usethemostsigni cant sphericaharmonicsrst, allowing usto stopwhenthedistanceo that
modelis above our currentthreshold.In practicea full comparisoris requiredfor a smallsubset
of thedatabas¢experimentaresultsarepresented Section9).

5 Sketch Queries

Of course shapesimilarity queriesareonly possiblevhentheuseralreadyhasarepresentate 3D
model.In somecaseshewill beableto nd oneby usingatext search.However, in othercases,
hewill haveto createit from scratch(atleastto seedhesearch).

An interestingopenquestionthenis “what type of modelingtool shouldbe usedto create
shapedor 3D retrieval queries?”.This questionis quite differentthantheoneasledin traditional
geometricmodelingresearch.Ratherthan providing a tool with which a trainedusercancreate
modelswith exquisite detail and/orsmoothnesgroperties,our goal is to allow novice usersto
specifycoarse3D shapeguickly. In particular theinterfaceshouldbe easyto learnfor rst time
visitorsto awebsite.Of coursethisrequirementulesoutalmostevery 3D modelingtool available
today—i.e.,it would notbe practicalto requireeverybodywho wantsto usea 3D searchengineto



take a threeweektraining courseto learnthe complicatedmenustructureof a commercialCAD
tool. Insteadwe have investigatedwo alternatves.

The rst approaclisto specifyshapegueriesvith asimple3D sketchingtool, suchasTeddy[41]
or Sketch[100]. To investigatethis approachwe have developeda queryinterfacein which the
usercreatesa simple3D modelwith Teddy[41], andthenthesystenretrievessimilarmodelsusing
thematchingalgorithmsdescribedn the previoussection(seeFigure5). Unfortunatelyour early
experiencesuggesthat evenits simple gestureinterfaceis still too hardfor novice and casual
usersto learnquickly. During informal studies we obsenedthat mostpeopledo not readily un-
derstandextrusions”and“cuts; andthey have adif cult time gettingusedto rotatinga 3D model
to getthe properviewpoint for modelingoperations.Moreover, only certaintypesof shapesan
be createdwith Teddy(blobby objectswith topologicalgenuszero). We believe thatmaking3D
toolsevensimplerwould requirefurtherconstraint®on thetypesof shapeshatcouldbeproduced.
Thus,we weremotivatedto look for alternatesketchingparadigms.

Figure5: 3D sketchqueryinterface.

Oursecondapproachs to drav 2D shapesvith a pixel paintprogramandthenhave thesystem
matchtheresultingimage(s}o 2D projectionsof 3D objectyFigure6). Themainadwantageof this
approachis thatthe interfaceis easyto learn. All but the mostnovice computerusershave used
a 2D paint programbefore,andthereare no complicatedviewing or manipulationcommands.
Of course the main disadwantageis that 2D imagesgenerallyhave lessshapeinformationthan
3D models. We compensatéor this factorsomavhat by allowing the userto drav multiple 2D
projectionsof anobjectin orderto betterde ne its shape.

The main challengein implementingthis approachis to develop algorithmsthat match2D
sketchedo 3D objects.This problemis signi cantly differentthanclassicalonesin computetvi-
sionbecause¢he 2D inputis hand-dravn ratherthanphotographi@andtheinterfaceis interactve.
Thus,we mustconsiderseveralnen questionsHow do peopledrav shapes¥hatviewpointsdo
they select™How shouldtheinterfaceguideor constraintheusersinput?Whatalgorithmsarero-
bustenoughto recognizenuman-dravn sketches” hesearebig questionsyith implicationswell
beyondthe scopeof this paper Unfortunately the vastliteratureon how trainedartistsdraw [72],
how peopleusecharacteristiwiews [65], andhow computergecognizgphotographicmageq36]
is notdirectlyapplicablen our case Ratheywe areinterestedn how untrainedartistsmake quick
sketchesandhow a computercanmatchthemto 3D objects.



Figure6: 2D sketchqueryinterface.

To investigateahesequestionsye rst ranapilot studyin which 32 studentérom anintroduc-
tory computeiscienceclasswereinstructedo “draw theshapeof an< object>" for eightdifferent
objects.Thestudentsvereonly told whatto draw, nothow to draw it, andthey hadonly 15seconds
for eachobject. Whatwe found is that peopletendto sketchobjectswith fragmentedboundary
contoursandfew otherlines,they arenot very geometricallyaccurateandthey usearemarkably
consistensetof view directions(seeFigure7). Interestingly the mostfrequentlychosenviews
werenot characteristiziews [65], but insteadonesthatweresimplerto draw (front, side,andtop
views). Theseresultsgive us cluesabouthow to matchsketchedo 3D objectsin our system.

Figure7: Sketchesby peoplesimply asled to “draw the shapeof a” camarocar, cow, dog, humanwith
armsout, mug,DC10airplaneandsofa.

For a setof sketchesenteredby a user we matchthemto projectedimagesof 3D models
renderedrom differentviewpointsandreturnthe bestmatchegasin [61] andothers).During a
preprocessinghasewe renderthumbnailimageswith theboundarycontoursof each3D objectas
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seenfrom 13 orthographicziew directions.As shavn in Figure8, we take viewpointsatthecenter
of thethreefacesthe four top corners andthe middle of six edgesof a cube(tilt views).? Then,
for eachquerywith m sketchesye computehematchscorefor any 3D objectastheminimalsum
of m (out of 13m) pairwisesketch-to-thumbnaitlissimilaryscores subjectto the constraintthat
no thumbnailcanbe matchedo morethanonesketch. This samplingensureghatary sketched
view is within 225 of asampledview. Moreover, it alsotakesadvantageof thefactthatsome3D
modelswill bealignedwith Cartesiaraxes,in which caseour sampledviews perfectlymatchthe
views preferredby users.We enhancehis effect evenfurther by labelingthreesketchwindows
“Side View,” “Front View,” and“Top View” in our system.

(a) 3 Sideviews (b) 4 Cornerviews

(c) 6 Tilt views

Figure8: 2D boundarycontoursrenderedrom 13 views of eachobject.

Matchinghanddravn sketchedo projectedsilhouettesof 3D modelsposesanothermproblem.
Althoughwe promptuserswith examplesketchescontainingcleanboundarycontoursuserinput
is often madeup of fragmentedsketch marks. Thus, we cannotuseef cient contourmatching
algorithms(e.g.,[7, 8, 92]). Instead,we comparesketchesand renderedviews with animage
matchingmethod.To handledeformation@andgeometridnaccuraciesye rst applythedistance
transformto both the sketchandrenderedmage. This helpsmake our methodrobustto small
variationsin the positionsof lines,asin Chamfermatching[12] andHausdorf matching[40]. It
alsoprovidesanindexabledistancemeasure.

For casesvhere3D modelsarearbitrarily oriented,the imagematchingmethodmustbe ro-
bustto re ections androtationsin the imageplane. To addresghis issue,we usea 2D analog
of the sphericalharmonicsmethoddescribedn the previous section. Figure9 demonstratethe
detailsof our processi(1) Computethe distancetransformof the boundarycontour (2) Obtaina
collectionof circularfunctionsby restrictingto differentradii. (3) Expandeachcircularfunction
asasumof trigopnometricfunctions.(4) Usingthefactthatrotationsdo not changehe amplitude
within afrequeng, de ne the signatureof eachcircularfunctionasa list of the amplitudesof its
constituentrigonometrics.(5) Finally, combinethesedifferentsignaturego obtaina 2D signa-
turefor the boundarycontour We index thesedescriptoraisingthe samenearesneighborsearch
methoddescribedn Section4. This methodis inspiredby Zahnand Roskies'work on Fourier

20ur matchingmethodis invariantto rotationsandre ections, soviews rotatedaroundthe view directionor from
theoppositesideof theobjectarenotneeded.

11



Descriptord99], which providesa rotationinvariantsignaturefor boundarycurves, obtainedby
computingthe Fourierseriesandstoringonly theamplitudeof eachfrequeng component.

Figure9: Computingour shapedescriptoifor boundarycontours.

6 TextQueries

Our systemalsosupportssearchingor 3D modelsby matchingkeywordsin their textual descrip-
tions. To supporthisfeature we construciarepresentate documentor each3D model. Thetext
in thatdocumenincludesthemodel lename, theanchorandnearbytext parsedrom its referring
Webpage andASCII labelsparsedrom insidethemodel le. Forinstanceweincludepartnames
(e.g.,”"DEF” nodesin VRML), texture le namesandinformational elds (e.g.,the”"WorldInfo”
nodein VRML).?

Eachdocuments preprocesselly removing commonwords(stopwords) thatdon't carrymuch
discriminatinginformation,suchas“and”, “or”, “my”, etc. We usethe SMART systems stoplist
of 524 commonwordsaswell aswordsspeci ¢ to our domain(e.g. “jpg”, “www”, “transform”,
etc.)[76]. Next, the text is stemmed(normalizedby remaoving in ectional changeslusingthe
Porterstemmel[69]. Finally, synoryms of the lename (without the extension)areaddedusing
WordNet[58].

In orderto matchdocumentdo userspeci ed keywords or to other documentswe usethe
TF-IDF/Roctio method[73], a popularweightingandclassi cationscheméor text documents.
Thismethodassignsa similarity scorebasedn aterm'sfrequeng in thedocumentndits inverse
frequeny overall documentsWe usethe Bow toolkit [56] in ourimplementation.

7 Multimodal Queries

Sincetext andshapegueriescanprovide orthogonahotionsof similarity correspondingp function
andform, our searchengineallows themto be combined.

We supportthis featurein two ways. First, text keywordsand 2D/3D sketchesnaybe entered
in a singlemultimodalquery Secondtext andshapeinformationenteredn successie queries
canbe combinedsothata usercanre ne searchiermsadaptvely. For instancejf a userentered

3We found that including commentsis counterproductie, as modelsoften containcommented-ougeometry
which oods thedocumentsvith indiscriminatingkeywords.
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text keywordsin a rst query andthenclickeda“Find Similar Shape’link, thetext and3D shape
would combineto form a secondquery

Thesetypesof multimodalqueriesareoftenhelpful to focusa searchon aspeci ¢ subclas®f
objects(Figure10). For example,a querywith only keywordscanretrieve a classof objects(e.g.,
tables) put it is oftenhardto honein onaspeci ¢ subclassvith text alone(e.g.,roundtableswith a
singlepedestal) Similarly, a querywith only a sketchcanretrieve objectswith a particularshape,
but it mayincludeobjectswith differentfunctions(e.g.,bothtablesandchairs).Multimodalinput
cancombinewaysof describingobjectsto form morespeci ¢ queriegFigure10(c)).

(a) Text query (b) 2D sketchquery (c) Multimodal query

Figurel0: Multimodal queriesareofteneffective at nding speci c typesof objects.

In orderto nd theK top matchedor multimodalquerieswe nd thebestM matchscores
for eachmodeseparatelf{M >> K)), mean-normalizéhem (sothe meanis O andthe variance
is 1) to avoid overweightingary queryinterface,andthenreturnthe K modelswith the highest
averagenormalizedscores.Currently we chooseK = 16andM = 128 This methodstrikesa
balancebetweerreturningthe intersectiorof matchresultsreturnedby differentmodes(whichis
usefulfor nding speci c objects)andreturningtheir union(whichis usefulfor nding all objects
within aclass).Later, we planto allow usergo controlhow searchiermsarecombinede.g.,"OR”
and“AND” quali ers).

8 Implementation

We have implementedour 3D searchenginein C/C++, Java, and Perl. The main components
areshavn in Figure11. All componentsun underRedHat Linux 7, exceptfor the web sener
(Solaris8) andthe 3D modelcorversion(lrix 6.5). This sectiondescribeshe o w of datathrough
the systemandits implementatiordetails.

The crawler is written in Perl,andrunson three933 MHz Pentiumlll machinesgachwith
1 GB memory Eachcrawler processs multithreadedanddownloads les usingup to 50 simulta-
neousconnectionslt searchefor AutoCAD, LightWave, PLY, 3D Studio,VRML, andWavefront
les, possiblycontainedwithin pkzip, gzip,or Iharccompressedrchves.We initially seedt with
URLs returnedby Googleand othersearchenginesfor queriessuchas”3D AND (modelsOR
meshes)” Eachpageretrievedis scoredasfollows. For 3D modelsthe scoreis anestimateof its
“quality” (currentlywe usethe logarithmof thetrianglecount). For HTML pagesthe scoreis a
countof keywordscontainedvithin thetitle andbodytext thatsuggesits relationshigo 3D model

13



DM |
Web —»| Crawler 3 ode=

Convert to VRML 2 » Create Thumbnails

ReferringPage VRML File L, Thumbnails
\ 4 \ 4 \ 4
Extract Text Convert to PLY » Create 2D Images
Relevant Text I PLY File 2Dv Images
y Compute 3D Shape | | Compute 2D Shape
Index Text Descriptor & Index Descriptor & Index

¢ \ 4 \ 4
A T e — R e — R e — R e ——
-------- @O_SM"- TextIndex |-1 3D Index [-| 2D Index r-

on-line H/

S —

Cached Result Text Matcher 3D Matcher 2D Matcher
A A A
A\ 4 A4 A4

User «— Web Server Matching Server

A
\ 4

Figurell: Flow of datathroughthe searchengine. The datashawn in bluetext is storedin the
repository

les (e.g.,“3D model” “Wavefrontobject” etc.). EachurnvisitedURL is assignea priority thatis

aweightedsumof: 1) a distance-weighteeverageof the scoresof documentsinking to it, 2) a
distance-weightedverageof modelscoredor modelsnearbyin thelink graph,and3) asitescore
thatre ects the proportionof documentgetrieved from the site that are models. We maintaina
hashtableof visited URLs to avoid visiting pagesnorethanonce.

Every downloaded3D modelgoesthroughseveralpreprocessingteps.We corvert rst to the
VRML 2 format(generallyusingPolyTrans[63]) andthento the Ply formatin orderto simplify
parsingn latersteps.Then,we extracttext, createhumbnailand2D contourimagesandcompute
shapesignaturesOncein awhile, therecentlydownloadednodelsareaddedo therepositoryand
all indicesareupdated.To computethe 3D shapealescriptofor amodel,werasterizats polygonal
surfacesinto a 64x64x64voxel grid, which is thendecomposedhto 32 concentricspheres.We
computethe amplitudesof the rst 16 harmonicgor eachsphereusingSpharmonicKi{84]. The
netresultis a 16x32shapealescriptor Theshapeanalysigprocessakesl.6secondpermodelwith
3500polygonson average(it is dominatedoy thetime to rasterizepolygonsinto the voxel grid).
To computethe 2D shapedescriptorfor eachthumbnailimage,we dovnsampleto 64x64 pixels
andapplythesameprocedureThe 2D computatiortakesonly 0.4 secondperimage.

For eachquery thewebsenercommunicatesia TCPto amatchingsener (runningonaDell
Precision530 PC with two 1.5GHzPentiumlll processorandl GB of memory). There,a Perl
job controlscriptforks a separat@rocesgor eachincomingquery Text queriesarestemmedand
passediirectly to the Bow toolkit classi er rainbow [56]. For 2D sketchesanduploaded3D
model les ashapesignaturas computedandcomparedigainstainin-memoryindex by aseparate
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shapematchingprocess.All matchresults(modelids, scores statistics)arereturnedto the web
sener, which constructawebpagewith resultsandreturnsit to theuser Matchresultsarecached
to enablefastbrowsingof multiple resultspages.

9 Experimental Results

In this sectionwe reportdatacollectedduring a seriesof experimentswith our 3D searchengine.
The goalsof theseexperimentsare: (1) to evaluatehow well our shapematchingmethodswork,
(2) to testwhethershapecancombinewith text to provide moreeffective searchools,and(3) to
characterizéhe experience®f peopleusingourwebsite.

9.1 ShapeMatching Results

In our rst experiment,we aim to testhow well our new 3D sphericaharmonicsnatchingalgo-
rithm nds similarobjects.In orderto investigatehis questionin acontrolledmanneyindependent
of userinput, we rana seriesof experimentsn which we matchedeachmodelin a databasevith
all othersandanalyzedhow well thecomputedankscorrelatewith ahumans classi cationof the
models.

While the purposeof the experimentis mainly to evaluateour matchingalgorithm,theresults
areindicative of how well our searchengineworks whena userprovideshis own 3D modeland
asksoursystemto nd similarones,or whenauserclicks onthe“Find Similar Shapeink under
theimageof anobjectreturnedoy a previousquery

For this experimentwe useda testdatabasevith 1890modelsof “household”and“miscella-
neous”objectsprovided by Viewpoint[25]. The modelscontainbetweenl20and120,392trian-
gles,with amedianof 1,536trianglesperobject(meanandstandardieviationare3,504and6,656,
respectrely). Every modelcameannotatedvith at leasta few descriptve keywords(e.g.,“chair,
folding”). Objectswereclusterednto 85 classedasedon functionalsimilarities,largely follow-
ing the groupingsprovided by Viewpoint. Exampledrom tenrepresentage classesareshovn in
Figure12. The smallestclasshad5 models,the largesthad 153 models,and 610 modelsdid not

t into ary meaningfulclass.

We chosethis Viewpoint databasdecausat providesa representatie repositoryof models
with uniform quality andit is dif cult for shape-basedassi cation.In particular severaldistinct
classexontainobjectswith very similar shapes.For example,thereare ve separatelasseof
chairs(153 dining room chairs,10 deskchairs,5 director's chairs,25 living room chairs,and 6
loungechairs,respectrely). Meanwhile thereareobjectsspanninga wide variety of shapege.g.,
8 forks, 5 cannons6 hearts 17 platesof food, etc.). Thus,the databasstressethediscrimination
power of our shapematchingalgorithmswhile testingthemundera variety of conditions.

For the purposeof comparisorto relatedapproachesye implemented ve competingshape
matchingalgorithms:

Random: thismethodranksall modelsin randomorder It providesabaselindor evaluation

of theothermethods.
Moments: this methodcharaﬁterizeme momentsof inertiafor points(x; y; z) onthesur
faceS of anobject(my, = ¢xPy9z' dxdydz). The rst two moments(centerof mass
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153diningroomchairs 25livingroomchairs 8 chests 16 beds 12diningtables

36 endtables 39vases 28bottles 9 chandeliers 5 candelabra

Figurel1l2: Sampledrom tenrepresentate classegrom the Viewpoint “household"and“miscellaneous”
databas¢imagescourtesyof Viewpoint).

and principal axes) were usedto registerthe modelsin a commoncoordinatesystem,and
thenthe momentsup to a sixth orderwerecomparedisinga component-by-componeht,
differencg(up to sixth ordermomentsverechoserbecause¢hey producethe bestresultsfor
thetestdatabase)Ourimplementatiorfollows thedescriptionn [31].

Extended Gaussianimages (EGI): this methodcharacterizea 3D modelin termsof its
distribution of surfacenormalvectors[39]. We alignedthe EGI for eachmodelbasednits
principalaxes,andwe comparedwo alignedEGIsby computingtheirL , difference.

ShapeHistograms: this methodcharacterizethe areaof intersectiorwith a collectionof
concentricspheres.The distribution of areass normalizedso thatthe overall volumeis 1
andtwo distributionsarecomparedy computingtheir L , difference(asin [4]).

D2 ShapeDistrib utions (D2): this methodrepresentshe shapeof a 3D modelby the dis-
tribution of Euclideandistancedetweerpairsof pointson its surface. The distribution for
every modelis normalizedor scaleby dividing by its mean,andtwo distributionsarecom-
paredby computingtheirL ; difference(asin [64]).

Figure 13(a) shaws retrieval resultsobtainedwith our sphericalharmonicsshapematching
algorithmas comparedo the othermethods. Eachcurwve plots precisionversusrecall averaged
over all classi ed modelsin the databaseThe plot axescanbe interpretedasfollows. For each
targetmodelin classC andarny numberK of top matches!recall” representsheratio of models
in classC returnedwithin thetop K matcheswhile “Precision” indicatesthe ratio of thetop K
matcheghatare membersf classC. A perfectretrieval resultwould producea horizontalline
alongthetop of theplot, indicatingthatall the modelswithin thetargetobject's classarereturned
asthetop hits. Otherwise plotsthatappeaishiftedup andto theright generallyindicatesuperior
retrieval results.

Notethatfor every recallvalue,sphericaharmonicgblack curve) givesbetterprecisionthan
the competingmethods. On average the precisionvaluesare 46% higherthan D2, 60% higher
thanShapeHistograms126%higherthanEGIs,and245%higherthanmomentsThereasonsre
two-fold. First, matchingbasedon momentsand EGlsreliesuponprincipalcomponentso align
modelsinto a canonicatoordinatesystemandthusthosemethodgendto do poorly for classe®f
objectswherethe principalaxesarenot consistentin contrastpur sphericaharmonicsdescriptor
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Figurel3: Plotsof precisionversusrecallof our sphericaharmonicslescriptoversusothershapematch-
ing methods.

is rotationallyinvariant,andthusit is lesssensitve to suchdeviationswithin a class.

Secondhe othershapedescriptordlendshapenformationfrom differentpartsof an object,
andthusthey seemto have troublediscriminating ne detailsof objects. For instance one can
view ShapeHistogramsasanimplementatiorof our sphericaharmonicanethodwhereonly the
zero-thorderfrequeng is used. Our methoddescribesbjectsup to rotationsof multiple inde-
pendenfrequeny componentsandthusit achiezesa nice combinationof rotationalinvariance
anddiscriminatingpower. As anexample,Figure13(b) shaws retrieval resultsaveragedover 25
guerieswith living roomchairs.Althoughtherearehundredof othertypesof chairsandsofasin
thedatabasée.g.,153diningroomchairs),our methodis largely ableto discriminatethe different
typesandachiese high precisionevenin this dif cult case.

Our sphericaharmonicanethodalsocanbeindexedeffectively. Figure14 shovstheaverage
time (in secondsjequiredto nd the 16 closesimatchesn databasesf increasingsize.Notethat
thesearchime grows sublinearlyandthetotal searchime for adatabasef 17,500modelsis less
than0.25seconds.

3 2 | | |
©
5
o Without Indexing ———
N2 With Indexing ———
q’ | —]
£ 1
= _
e
o
S I
$ 0 — . .
0 000 10000 15000

Database Size (number of 3D models)

Figurel4: Searchtimes(in secondsjor sphericaharmonicswith/withoutindexing.
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9.2 SketchInterface Results

In our secondexperiment,we investigatechow well our systemproducesmatchesfor queries
enteredby humans.Our hypothesidgs that shapesareusefulin conjunctionwith text for nding
speci ¢ objects. To testthis hypothesiswe ran an experimentwherewe comparedhe easeof
inputanddescriptve power of text and2D sketchegprovidedby untrainedusers.

The subjectsin this experimentwere 43 studentsn an introductorycomputerscienceclass
(notfor computersciencemajors). Eachsubjectwasgivena penandsheetof paperandtold that
their taskwasto write text anddraw sketchesthat could be usedby a searchengineto retrieve
“target objects”from a databas®f householdbjects. After the processvasdemonstratednce
by theprofessorthesubjectperformedhetestfor vetamgetobjectsfrom theViewpointdatabase
(describedn theprevioussection).For eachtest,thetargetobjectwasshavn rotatingaroundon a
projectionscreeratthefront of aclassroomAfter fteen secondgthreerotations)jt disappeared,
andthe subjectsvereasledto write upto ve text keywordsandto draw three2D sketchedrom
front, side,andtop views thatdistinguishit from otherhouseholdbjects. They weregiventwo
minutesfor eachtargetobject,andno feedbackvasgivenaftereachobject. After the experiment
wascompletedihe studentsvereasledto ratetext andsketchqueriesbasedon “how easy”they
wereto constructand“how descriptve” they werefor specifyingthetargetobjects(Tablel).

Querylnterface | How Easy| How Discriminating
Text Keywords 8.0 6.2
2D Sketches 5.1 6.4

Tablel: Averagestudentatingsof text and2D sketchqueryinterfaceson ascalefrom 1 to 10 (10is best).

Later, we scannedheirsketchesandloggedtheirkeywordssothatwe couldenterthemasinput
to our searclengine(examplesketchedor achairandanelf areshovn in Figurel15). Table2 lists
resultsachievedwith queriesusing: 1) only their text keywords,2) only their 2D sketchesand3)
both text keywordsand 2D sketchescombinedin a multimodalquery For eachquerytype, the
tablelists the medianranksof thetamgetobjectandthe percentagesf thequerieswherethetarget
objectappeare@mongthetop 16 matchesThelatterstatisticre ects how oftenthetargetwould
appeaonthe rst pagein our searckengine.

Tamget || MedianRank(outof 1890) %in Top 16
Object || Only | Only Both Only | Only Both
Name | Text | Sketch| Combined| Text | Sketch| Combined
Chair 216 17 28 0.0% | 46.2% | 25.6%
Elf 10 12 2 89.7%| 53.8% | 97.4%
Table 100 | 571 252 51% | 5.1% 10.3%
Cannon|| 7 40 2 82.1%| 33.3% | 89.7%
Bunkbed| 3 64 2 89.7%| 20.5% | 89.7%

Table 2: Comparisorof retrieval resultswith queriescomprisingonly text, only 2D sketches,and both
combined.
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Figurel5: Sketchesdravn by studentdo retrieve aspeci c chair(top threerows) andanelf (bottomthree
rows) duringanin-classexperiment.

Theresultsin Table 2 suggesthat text and shapecanbe complementaryn the information
they provide a searchengine. For example,for the chair, text keywordswerenot discriminating
enoughto differentiateit from the hundredf otherchairsandrelatedfurniturein the database,
andyet very simplesketchesvereableto describat fairly precisely On the otherhand,simple
text keywordspickedoutthe ve cannonsandfour bunk beds,while the 2D sketchesverenotas
discriminating. Generallyspeakingthe text waseffective at identifying classe®f objects,while
thesketcheswverehelpful at selectinghe bestmatchegrom within aclass.Thenetresultwasthat
the combinationof sketchesandtext usuallyproduceda bettermatchthaneitheronealone.

9.3 Interactive Search Results

In our third experiment,we investigatechow shapecombineswith text in interactve searches.
While theresultsof the previoussectionsuggesshapeéhelpsin asinglequery adifferentquestion
is whetherit is still usefulwhenusersareallowedto iterate.

To studythis question,we createdtwo visually identicaltestversionsof our web site, both
comprising: (1) a box for typing text keywords, (2) buttonsfor viewing the next and previous
pageof matchresults and(3) buttonslabeled‘Find Similar Object” underthethumbnailgeturned
from previousqueries.Theonly differencebetweerthetwo websiteswasin theway thatsearches
couldbeiteratively re ned. For onewebsite, clicking the “Find Similar Object” buttonretrieved
modelswith the mostsimilar shapeqasin Section4). For the other it retrieved modelswith the
mostsimilartext documentgasin Section6). Our sketchinginterfacesweredisabledduringthese
experimentsn orderto isolatethe effect of shapesimilarity to a singlequerymodality.

We conductedan on-line experimentwith 18 studentsfrom anotherintroductory computer
scienceclass. Eachstudentwas asled to visit a URL, which was redirectedto one of our two
testweb sitesat random.He wasled througha shorttutorial thatdescribechow to usethe search
engineandthenpresentedavith thetaskof nding fteen targetobjects(thesame velistedin the
previoussectionplustenothersselectedandomly).
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For eachsearchthetamgetobjectwasshavn rotatingonthewebpagefor fteen secondgthree
rotations) afterwhichit disappearedThen,the studenenteredext keywordsto initiate a search,
andtheniteratedby eitherre-enteringtext, pagingdown/up, or nding similar objectsuntil the
tamgetobjectwasvisible amongthe 16 matchesn theresultspage.

Statisticsloggedduring the students'sessionsappearin Table3. Columns2 and3 list the
averagetime (in seconds)and numberof iterationsrequiredfor the studentto nd eachtamget
object. Column4 indicatesthe percentagef studentghatfound the target on the initial query
Thelastcolumnindicateghepercentagéhathadfoundit by thetenthiteration,atwhichtimethey
wereinstructedo give up.

Similarity | Search|| Numberof | Foundon || Foundafter
Measure | Time || Iterations | 1stQuery| 10lterations
Text 48 2.8 60% 7%
3D Shape| 40 2.4 54% 89%

Table3: Resultof studywith differentiterationmethods.

Theseresultssuggesthatre ning searchebasedn 3D shapesimilarity is usefulin conjunc-
tion with text for nding speci ¢ objects. Using the web site equippedonly with text matching,
the studentsvereableto nd thetargetobjectwithin teniterationsonly 77% of thetime. In con-
trast,whenthestudentsvereableto iterateby nding similar shapesthey foundthetargetobject
moreoften(89%versus/7%),in feweriterations(2.4 versus2.8),andin lesstime (40 sec.versus
48 sec.).Moreover, we conjecturethat studentsusingshape-baseierationlearnedhatthey still
could nd objectsquickly if they enteredessdescriptve keywordsin their initial queries(itera-
tion accountedor 35% of the objectsfound—i.e., 89% - 54%). Althoughthis experimentwas
not a controlledstudy (the studentgerformedthe testsover the Internetusingary computeron
campus)theresultsare consistentvith our expectationthat shapecanhelp discriminatespeci ¢
objectsmoreeffectively thantext alone.

9.4 Search Engine Results

Our 3D searchenginehasbeenpublicly available on the Web sinceearly Novembey 2001. It
currentlyindexes20,707models.In this sectionwe reportexperiencesbouthow peopleusethe
site.

Table4 lists statisticsgatheredduring onerecentweekof usage.During that period, the site
processed,522querieenteredrom 1,346uniquehostgnotcountinglocalqueries)n 55different
countriesandsened 1,029modelsto endusers.The rst row showvs the numbersof queriesfor
eachtype. After searchresultshave beendisplayeda usercan(1) requesmoreinformationabout
adownloadednodel,(2) gotoits referringpage or (3) downloadtheactualmodel. Theremaining
rowsin Table4 shavsthe percentagef searchesor which theseeventshappenedt leastonce.

While it is dif cult to make conclusiongrom thesestatisticswe obserethatpeoplearewilling
to make shape-basegueriesIt will beinterestingo seehow theusagepatternschangeasour site
grows.
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Text | Sketch| Text & | Similar | Upload
Only | Only | Sketch| Shape| Model

Queries 3122 | 187 332 826 7
Getmoreinfo 32% | 29% | 29% 36% 14%
Visit ref page 8% | 7% 6 % 9% 0

Downloadmodel || 14% | 8% 11% 18% 0

Table4: Statisticggatheredrom oneweek's usageof our on-linesearctengine.

10 Conclusion

In summarythis paperinvestigatesssuesn building a searchenginefor 3D models. The main

researcltontributionsare: (1) new queryinterfacesthatintegratetext, 2D sketches3D sketches,
and3D models(2) anew shapealescriptobasedn sphericaharmonicghatis bothdiscriminating
androbust,and(3) resultsof experimentsuggestinghapes usefulin conjunctionwith text during

searcHor 3D models.Finally, we provide alargerepositoryof 3D models... andawayto nd the

interestingones.

11 FutureWork

Thispaperhasjustscratchedhe surfaceof researcton shape-baseetrieval andanalysidor com-
putergraphics.Thefollowing arejustafew of themary topicsthatdesere furtherinvestigation:

Better 2D image matching methods: our 2D sketchinginterfacewould be moreeffective
with betterimagematchingalgorithms.Sometimesiserscreatequerysketcheswith interior
textureand/ordetails(e.g.,eyesandmouthof ahumanface),andour searchenginematches
themwith projectedmagescontainingonly boundaryoutlines(e.g.,just the outline of the
face).For matchingpurposestheinterior detailsin sketchesare“interpreted”’asboundaries
of holesin projectedmagesandunexpectedresultsaresometimeseturnedo the user Of
course,this problemcould be recti ed somevhat by providing userswith instructionsor
examplesabouthow to draw their sketches.However, determininghow bestto presenthe
instructionsandproviding imagematchingmethodghatminimize userguidancearetopics
for futurestudy

Newquery interfaces: it will beinterestingo considerthermethoddor specifyingshape-
basedqueries. For instance the following constraint-basedescriptionmight be usedto
retrieve 3D modelsof a chair: “give me objectsconsistingof a box-shapedeatwith four
equallength and nearly cylindrical legs attachedo the bottom side of eachcorneranda
box-shapedackabore the seatwith width matchingthat of the seat,etc” This approach
captureparameterizedlasse®f objectswith acompactescription27, 96].

New matching and indexing algorithms: follow-up work shouldconsiderothertypesof
shapematchingproblems.For instancewe currentlycomparewhole objects,but it would
beinterestingo matchpartialobjectsaswell. They couldbeusedto nd acarwithin acity
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sceneor to nd a Mercededy looking for its hoodornament.Othermatchingalgorithms
might considenrattributesof 3D models,includingcolor, texture,structure andanimations.

New modelingtools: future 3D modelingsystemsshouldconsiderintegratingshape-based
matchingandretrieval methodsnto interactve sketchingtools. For instanceconsidera 3D
modelsynthesigparadigmin which a userdrawvs a roughsketchof a desired3D modeland
the system” lls in the details” semi-automaticallyoy suggestingnatchingdetailedparts
retrieved from a large database.In sucha paradigm,the usercould retain much of the
creatve controlover modelsynthesiswhile the systemperformsmostof the tedioustasks
requiredfor providing modeldetail.

New applications: it would beinterestingo seewhetherthe shape-basegueryandindex-
ing methodslescribedn this papercanbeusedfor otherapplicationssuchasin mechanical
CAD, medicineandmoleculariology.

In thenearfuture,we expectthatshape-basetrieval andanalysisof 3D modelswill becomea
veryimportantresearclareain computemgraphics.This papemakesasmallstepin thatdirection.
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