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Abstract

As thenumberof 3D modelsavailableon theWebgrows, thereis anincreasingneedfor a
searchengineto helppeople�nd them.Unfortunately, traditionaltext-basedsearchtechniques
arenot alwayseffective for 3D data. In this paper, we investigatenew shape-basedsearch
methods.The key challengesareto develop querymethodssimpleenoughfor novice users
andmatchingalgorithmsrobustenoughto work for arbitrarypolygonalmodels.We presenta
web-basedsearchenginesystemthatsupportsqueriesbasedon3D sketches,2D sketches,3D
models,and/ortext keywords.For theshape-basedqueries,wehavedevelopedanew matching
algorithmthatusessphericalharmonicsto computediscriminatingsimilaritymeasureswithout
requiring repair of model degeneraciesor alignmentof orientations. It provides 46–245%
betterperformancethanrelatedshapematchingmethodsduringprecision-recallexperiments,
and it is fastenoughto returnqueryresultsfrom a repositoryof 20,000modelsin undera
second.Thenetresultis a growing interactive index of 3D modelsavailableon theWeb(i.e.,
aGooglefor 3D models).

1 Intr oduction

Over the last few decades,computersciencehasmadeincredibleprogressin computer-aidedre-
trieval andanalysisof multimediadata. For example,supposeyou want to obtainan imageof
a horsefor a Powerpointpresentation.A decadeago,you could: 1) draw a picture,2) go to a
library andcopy a picture,or 3) go to a farmandphotographa horse.Today, youcansimplypick
asuitableimagefrom themillions availableontheweb. Althoughwebsearchis commonplacefor
text, images,andaudio,theinformationrevolution for 3D datais still in its infancy.

However, threerecenttrendsarecombiningto acceleratetheproliferationof 3D models,lead-
ing to atimein thefuturewhen3D modelswill beasubiquitousasothermultimediadataaretoday:
(1) new scannersandinteractivetoolsaremakingconstructionof detailed3D modelspracticaland
costeffective,(2) inexpensivegraphicshardwareis becomingfaster(at3� Moore'sLaw), causing
anincreasingdemandfor 3D modelsfrom a wide rangeof people,and(3) thewebis facilitating
distributionof 3D models.
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Thesedevelopmentsarechangingtheway we think about3D data.For years,a primarychal-
lengein computergraphicshasbeenhow to constructinteresting3D models.In thenearfuture,
the key questionwill shift from “how do we constructthem?” to “how do we �nd them?”. For
example,considera personwho wantsto build a 3D virtual world representinga city scene.He
will need3D modelsof cars,streetlamps,stopsigns,etc. Will he buy a 3D modelingtool and
build themhimself? Or, will heacquirethemfrom a largerepositoryof 3D modelson theWeb?
We believe that researchin retrieval, matching,recognition,andclassi�cationof 3D modelswill
follow thesametrendsthatcanalreadybeobservedfor text, images,audio,andothermedia.

An importantquestionthenis how peoplewill searchfor 3D models.Of course,thesimplest
approachis to searchfor keywordsin �lenames,captions,or context. However, this approachcan
fail: (1) whenobjectsarenotannotated(e.g.,“B19745.wrl”), (2) whenobjectsareannotatedwith
inspeci�c or derivativekeywords(e.g.,“yellow.wrl” or “sarah.wrl”),(3) whenall relatedkeywords
areso commonthat the query result containsa �ood of irrelevant matches(e.g., searchingfor
“f aces”– i.e., humannot polygonal),(4) whenrelevantkeywordsareunknown to theuser(e.g.,
objectswith misspelledor foreignlabels),or (5) whenkeywordsof interestwerenotknown at the
time theobjectwasannotated.

In thesecasesandothers,we hypothesizethatshape-basedquerieswill behelpful for �nding
3D objects.For instance,shapecancombinewith functionto de�ne classesof objects(e.g.,round
coffee tables).Shapecanalsobe usedto discriminatebetweensimilar objects(e.g.,deskchairs
versusloungechairs).Thereareeveninstanceswherea classis de�ned entirelyby its shape(e.g.,
thingsthatroll). In theseinstances,“a pictureis wortha thousandwords.”

Our work investigatesmethodsfor automaticshape-basedretrieval of 3D models.The chal-
lengesaretwo-fold. First,wemustdevelopcomputationalrepresentationsof 3D shape(shapede-
scriptors) for which indicescanbebuilt andsimilarity queriescanbeansweredef�ciently . In this
paper, wedescribenovel methodsfor searching3D databasesusingorientationinvariantspherical
harmonicdescriptors.Second,wemust�nd userinterfaceswith whichuntraineduserscanspecify
shape-basedqueries. In this paper, we investigatecombinationsof 3D sketching,2D sketching,
text, andinteractive re�nementbasedon shapesimilarity. We have integratedthesemethodsinto
asearchenginethatprovidesapublicly availableindex of 3D modelson theWeb(Figure1).

The paperis organizedasfollows. The following sectioncontainsa review of relatedwork.
Section3 providesanoverview of oursystem,while discussionof themainresearchissuesappears
in Sections4-7, andimplementationdetailsareprovided in Section8. Section9 presentsexper-
imentalresultsof studiesaimedat evaluatingdifferentqueryandmatchingmethods.Finally, a
brief summaryandconclusionappearsin Section10,followedby adiscussionof topicsfor future
work in Section11.

2 RelatedWork

Dataretrieval andanalysishave recentlybeena very active areaof research[30, 52]. Themost
obviousexamplesaretext searchengines(e.g.,Google[22]), whichhavebecomepartof ourdaily
lives. However, content-basedretrieval andclassi�cationsystemshave alsobeendevelopedfor
othermultimediadatatypes,includingaudio[34], images[23], andvideo[94].

Retrieval of databasedonshapehasbeenstudiedin several�elds, includingcomputervision,
computationalgeometry, mechanicalCAD, andmolecularbiology (see[2, 9, 15, 54, 68, 93] for
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Figure1: Screenshotof our searchenginefor 3D models. It allows a userto specifya queryusingany
combinationof keywordsandsketches(left). Then, for eachquery, it returnsa ranked setof thumbnail
imagesrepresentingthe16 bestmatching3D models(right). Theusermayretrieve any of the3D models
by clicking on its thumbnail,and/orhemayre�ne thesearchby editingtheoriginal input or by clicking on
the“Find SimilarShape”link below any thumbnail.

surveys of recentmethods).However, mostprior work hasfocusedon 2D data[33, 45, 62]. For
instance,severalcontent-basedimageretrieval systemsallow a userto sketcha coarselydetailed
pictureandretrieve similar imagesbasedon color, texture,andshapesimilarities(e.g.,[45]). Ex-
tendingthesesystemsto work for 3D surfacemodelsis non-trivial, asit requires�nding a good
userinterfacefor specifying3D queriesandaneffective algorithmfor indexing 3D shapes.One
problemfor indexing 3D surfacesis boundaryparameterization.Althoughthe1D boundarycon-
toursof 2D shapeshave a naturalarc lengthparameterization,3D surfacesof arbitrarygenusdo
not. As a result,commonshapedescriptorsfor 2D contours(e.g.,[7, 8, 48, 53, 92, 98]) cannot
beextendedto 3D surfaces,andcomputationallyef�cient matchingalgorithmsbasedon dynamic
programming(e.g.,[87, 90]) cannotbeappliedto 3D objects.Anotherproblemis thehigherdi-
mensionalityof 3D data,which makesregistration,�nding featurecorrespondences,and�tting
modelparametersmoreexpensive. As a result,methodsthatmatchshapesusinggeometrichash-
ing [50] or deformations[3, 46,67,79,89]) aremoredif�cult in 3D.

Shape-basedrecognitionof 3D objectsis a coreproblemin computervision. However, in vi-
sion, imagesor rangescansof objectsareusuallyobtainedfrom speci�c viewpoints, in scenes
with clutter andocclusion. Rangeimagesrequirepartial surfacematching[17, 24, 26, 91], and
2D imagesarefurthercomplicatedby perspective distortionsandlighting variations.Oftenthese
problemsareaddressedby methodsthatsearchfor local correspondencesbetweenfeatures(e.g.,
[36, 47, 51, 55]), which are expensive and do not readily lead to an indexable representation.
Rather, we focuson3D modelsof isolatedobjects(e.g.,abunny or a teapot)in 3D model�les in-
tendedfor computergraphicsvisualizationor inclusionin avirtual world. While thesemodelsare
mostlyfreeof sensornoiseandocclusions,they usuallycontainonly unorganizedsetsof polygons
(“polygonsoups”),possiblywith missing,wrongly-oriented,intersecting,disjoint,and/oroverlap-
ping polygons. The lack of a consistentsolid andsurfacemodelmakesthemdif�cult for shape
analysis.Meanwhile,�xing degeneratemodelsis adif�cult openproblem[11, 37,60].

For 3D objectmodels,mostshapeanalysiswork hasfocusedon registration,recognition,and
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pairwisematchingof surfacemeshes.For instance,representationsfor registeringandmatching
3D surfacesincludeExtendedGaussianImages[39], SphericalAttribute Images[28, 29], Har-
monicShapeImages[101], ShapeContexts [13, 59], SpinImages[47]. Unfortunately, thesepre-
viousmethodsusuallyrequireeithera priori registrationof objects'coordinatesystemsor search
to �nd pairwisecorrespondencesduring matching. Volumetricdissimilarity measuresbasedon
wavelets[35] or EarthMover's Distance[75] assumethat a topologicallyvalid surfacemeshis
availablefor every object. Otherapproachesarebasedon comparinghigh-level representations
of shape,suchasgeneralizedcylinders[19], superquadrics[83], geons[97], shockgraphs[81],
medialaxes[10], andskeletons[20, 21, 38, 85]. Methodsto computetheserepresentationsare
usuallytime-consumingandsensitive to smallfeatures.Also, mostdonot readilyleadto ameans
for indexing a largedatabase[80].

Finally, shapeshave beenindexedbasedon their statisticalproperties.Thesimplestapproach
representsobjectswith featurevectors[30] in a multidimensionalspacewherethe axesencode
globalgeometricproperties,suchascircularity, eccentricity, or algebraicmoments[70, 88]. Other
methodshaveconsideredhistogramsof geometricstatistics[1, 6,16, 32,64]. For instance,Ankerst
et al. [4] proposedshapehistogramsdecomposingshellsandsectorsarounda model's centroid.
Besl [16] usedhistogramsof the creaseanglefor all edgesin a 3D triangularmesh. Osadaet
al. [64] representedshapeswith probability distributionsof geometricpropertiescomputedfor
pointsrandomlysampledon anobject's surface.Oftenthesestatisticalmethodsarenot discrimi-
natingenoughtomakesubtledistinctionsbetweenclassesof shapes(e.g.,livingroomchairsversus
dining roomchairs).

While severalprojectshave beeninvestigating3D searchenginesconcurrentlywith ours[66,
86], they aremainly focusedon speci�c datatypes,suchasmechanicalCAD parts(e.g.,[14, 18,
71,42]), proteinmolecules(e.g.,[5, 49]), or culturalartifacts[74,78]. Othersonly supportqueries
basedontext and�le attributes(e.g.,[57]). To ourknowledge,noprevioussystemhas:(1) indexed
a largerepositoryof computergraphicsmodelscollectedfrom theWeb,(2) supported2D and3D
sketchinginterfacesfor shape-basedqueries,or (3) studiedinteractionsbetweentext andshapein
thesearchfor 3D data.Thesetopicsareinvestigatedin thispaper.

3 SystemOverview

Theorganizationof our systemis shown in Figure2. Executionproceedsin four steps:crawling,
indexing, querying,andmatching.The �rst two stepsareperformedoff-line, while the last two
aredonefor eachuserquery. Thefollowing text providesanoverview of eachstepandhighlights
its mainfeatures:

1. Crawling: We build a databaseof 3D modelsby crawling theWeb. 3D datastill represents
a very small percentageof the Web, andhigh quality modelsrepresentan equallysmall
percentageof all 3D data. So, we have developeda focusedcrawler that incorporatesa
measureof 3D model“quality” into its pagerank. Usingthis crawler, we have downloaded
17,834VRML modelsfrom the Web. We augmentthis databasewith 2,873commercial
modelsprovidedby 3D vendors[44, 25].

2. Indexing: We computeindicesto retrieve 3D modelsef�ciently basedon text andshape
queries. In particular, we have developeda new 3D shapedescriptorbasedon spherical
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harmonicsthat is descriptive, concise,ef�cient to compute,robust to modeldegeneracies,
andinvariantto rotations.

3. Querying: We allow a userto searchinteractively for 3D models. Our systemsupports
querymethodsbasedon text keywords,2D sketching,3D sketching,modelmatching,and
iterativere�nement.We �nd thatmethodsbasedonbothtext andshapecombineto produce
betterresultsthaneitheronealone.

4. Matching: For eachuserquery, ourwebserverusesits index to returnthesixteen3Dmodels
thatbestmatchthequery. Our methodanswers3D shapequeriesin lessthana quarterof a
secondfor our repository;and,in practice,it scalessub-linearlywith thenumberof indexed
models.

Crawler Repository of 
3D Models

World 
Wide 
Web

CrawlerCrawlerCrawler
Indexer

Text
Matcher

3D 
Index

2D 
Index

Text 
Index

2D
Matcher

3D
Matcher

User Query
Interface

Query

Matches

On-line

Off-line

Figure2: Systemorganization.

The main researchissueat the heartof this systemis how to provide shape-basedqueryin-
terfacesandmatchingmethodsthatenableeasyandef�cient retrieval of 3D modelsfrom a large
repository. In the following two sections,we discusstheseissuesin detail for differentquery
interfaces.

4 ShapeQueries

The most straight-forward shape-basedquery interfaceis to provide the searchenginewith an
existing 3D modelandaskit to retrieve similar ones.Our searchenginesupportsthis strategy in
two ways.

First,theusermaytypethenameof a�le tobeuploadedfromhiscomputer(e.g.,“c:\dolphin.wrl ”),
andthenthesystemsearchesfor 3D modelswith similarshapes.Thismethodis usefulfor �nding
moreobjectsof thesametype(e.g.,givenonechair, �nd 100others)or for �nding moreinstances
of aspeci�c 3D object(e.g.,checkingfor illegalcopiesof aproprietarymodel).

Second,theusermaysearchfor modelswith shapeslike onereturnedin a previoussearchby
clicking on the“Find SimilarShape”link underits imageonaresultspage(bluetext in Figure1).
Thismethodis usefulfor iteratively re�ning searchesto honein onaspeci�c classof objects.

Themainchallengein supportingthese3D shape-basedsimilarity queriesis to �nd a compu-
tationalrepresentationof shape(ashapedescriptor) for whichanindex canbebuilt andgeometric
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matchingcanbeperformedef�ciently . Generallyspeaking,thefollowing propertiesaredesirable
for a shapedescriptor. It shouldbe: (1) quick to compute,(2) conciseto store,(3) easyto index,
(4) invariantundersimilarity transforms,(5) insensitive to noiseandsmallextra features,(6) in-
dependentof 3D objectrepresentation,tessellation,or genus,(7) robust to arbitrarytopological
degeneracies,and(8) discriminatingof shapedifferencesatmany scales.

Unfortunately, noexistingshapedescriptorhasall theseproperties.Mosthigh-level shaperep-
resentations,suchasgeneralizedcylinders[19], superquadrics[83], geons[97], shockgraphs[82],
medialaxes [10], and skeletons[20, 38, 85] requirea consistentmodelof the object's bound-
ary andinterior, which is dif�cult to reconstructfor highly degeneratecomputergraphicsmod-
els [11, 37, 60]. Othershaperepresentations,suchasExtendedGaussianImages[39], Spherical
Attribute Images[28, 29], moments[70, 88], andwavelets[35], requirea priori registrationinto
a canonicalcoordinatesystem,which is dif�cult to achieve robustly. Finally, statisticalshapede-
scriptors,suchasfeaturevectors[30] andshapedistributions[64] areusuallynot discriminating
enoughto distinguishbetweensimilarclassesof objects.

Weproposeanovelshape-descriptorbasedonsphericalharmonics.Themainideais to decom-
posea 3D modelinto a collectionof functionsde�ned on concentricspheresandto usespherical
harmonicsto discardorientationinformation(phase)for eachone.This yieldsa shapedescriptor
thatis bothorientationinvariantanddescriptive.While theoriginalshapecannotbereconstructed
from this representation,comparisonof two descriptorsprovidesa provablelower boundon the
L2 distancebetweenthem.

A signi�cant advantageof our approachis that it canbe indexed without registrationof 3D
modelsin a canonicalcoordinatesystem.While othershave usedsphericalharmonicsto obtain
multiresolutionrepresentationsof shape[77, 95], they requirea priori registrationwith principal
axes.In ourexperience,we�nd thatprincipalaxesarenotgoodataligningorientationsof different
modelswithin thesameclass.Figure3 demonstratesthisproblemfor acollectionof mugs.Despite
the fact that the mugshave similar shapes,the derived principal axes are quite different. The
mainreasonis thatcontributionsto thesecond-ordermomentsusedfor rotationalalignmentscale
quadraticallywith distancefrom thecenterof mass,whichcausessmalldifferencesin thehandles
of themugsto affect theprincipalaxessigni�cantly. Thenet resultis pooralignmentsandpoor
matchscoresfor algorithmsthatrely uponthem.Ourmethodtakesadvantageof phaseelimination
to avoid thisproblem.

Figure3: A collectionof mugsdrawn with their principalaxes. Despitethesimilarity in themodels,the
principalaxesorientthemodelsin verydifferentways.
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As comparedto otherrotationinvariantshapesignatures,we expectour sphericalharmonics
descriptorto be morediscriminatingof similar shapes.It is uniqueup to rotationsof indepen-
dent frequency componentson concentricspheresandcharacterizesa shapeat differentresolu-
tions.Otherrotationallyinvariantdescriptorsdiscardsigni�cantly moreinformation.For example,
Ankerstet al. [4] usea histogramof thedistancesfrom eachsurfacepoint to theobject's center
of massasa 1D descriptor. This amountsto usingthe zero'th ordersphericalharmonicin each
concentricshell. Our methodencodeshigher frequency information in a 2D descriptor, which
providesmorediscriminatingpower.

Themainstepsfor computingasphericalharmonicsshapedescriptorfor asetof polygonsare
shown in Figure4:

1. First,werasterizethepolygonalsurfacesinto a2R � 2R � 2R voxel grid, assigningavoxel
a valueof 1 if it is within onevoxel width of a polygonalsurface,andassigningit a value
of 0 otherwise.1 We usuallychooseR to be � 32, which providesadequategranularityfor
discriminatingshapeswhile �ltering outhigh-frequency noisein theoriginaldata.

To normalizefor translationandscale,we move themodelsothatthecenterof masslies at
thepoint (R; R; R), andwe scaleit sothattheaveragedistancefrom non-zerovoxelsto the
centerof massis R=2. We usethis approachratherthana simpleronebasedon thecenter
andradiusof theboundingspherebecauseit is lesssensitive to outliers.

2. We treatthevoxel grid asa (binary) real-valuedfunctionde�ned on thesetof pointswith
lengthlessthanor equalto R andexpressthefunctionin sphericalcoordinates:

f (r; � ; � ) = Voxel(r sin(� ) cos(� ) + R; r cos(� ) + R; r sin(� ) sin(� ) + R)

wherer 2 [0; R], � 2 [0; � ], and� 2 [0; 2� ]. By restrictingto thedifferentradii weobtaina
collectionof sphericalfunctionsf f 0; f 1; : : : ; f Rg with:

f r (� ; � ) = f (r; � ; � ):

3. Usingsphericalharmonics,weexpresseachfunctionf r asasumof its differentfrequencies:

f r (� ; � ) =
X

m
f m

r (� ; � )

where

f m
r (� ; � ) =

mX

n= � m
amn

vu
u
t (2m + 1)

4�
(m � jnj)!
(m + jnj)!

Pmn (cos� )ein� :

(Thatis, thefunctionf m
r is theprojectionof thefunctionf r ontothem-th irreduciblerepre-

sentationof therotationgroupactingon thespaceof sphericalfunctions.)

4. Noting thatthedifferentirreduciblerepresentationsare�x edunderrotation,andnotingthat
rotationsdo not changetheL 2 normof functions,we observe thatthevaluekf m

r k doesnot
changeif we rotatethe function f r . We de�ne a rotationinvariantsignaturefor f r asthe
collectionof scalarsfk f 0

r k; kf 1
r k; : : :g.

1Note: we do not attemptto reconstructand�ll thevolumetricinterior of theobjectsoasto work with arbitrary
“polygon soups”,a generalandcommonlyfound classof computergraphicsmodels. Fixing degeneratemodelsto
form a consistentsolid interiorandmanifoldsurfaceis a dif�cult openproblem[11, 37, 60].
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5. Combiningthesedifferentsignaturesover thedifferentradii, we obtaina two-dimensional
rotationinvariantsphericalharmonicsdescriptorfor the3D model,with thevalueat index
(r0; m0) correspondingto the lengthof the m0-th frequency of the restrictionof f to the
spherewith radiusr 0.

Figure4: Computingoursphericalharmonicsshapedescriptor.

To comparetwo sphericalharmonicsdescriptors,we simply computetheEuclideandistance
betweenthem. Retrieving theK bestmatchesfor a 3D querymodelis equivalentto solvingthe
K nearest-neighborsproblemin a high-dimensionalspace.Although this problemis known to
be hardin the worst case,we canbuild a searchalgorithmthat works ef�ciently in practiceby
searchingin multiple 1D spaces[43]. Our implementationworks in two passes.In the�rst pass,
we quickly computea lower boundfor the distancebetweenthe querymodelandall modelsin
thedatabaseby �nding theM -nearestneighborson theprojectionsof thespaceontocoordinate
axes(M >> K ). In thesecondpasswe computethe truedistanceto themodels,sortedby the
lowerbounddistance.Westopwhenthedistanceto thecurrentK -th nearestmodelis smallerthan
thesmallestlowerboundof theremainingmodels.Whencomputingthetruedistanceto a model,
weusethemostsigni�cant sphericalharmonics�rst, allowing usto stopwhenthedistanceto that
modelis above our currentthreshold.In practice,a full comparisonis requiredfor a smallsubset
of thedatabase(experimentalresultsarepresentedin Section9).

5 SketchQueries

Of course,shapesimilarity queriesareonly possiblewhentheuseralreadyhasarepresentative3D
model. In somecases,hewill beableto �nd oneby usinga text search.However, in othercases,
hewill have to createit from scratch(at leastto seedthesearch).

An interestingopenquestionthen is “what type of modelingtool shouldbe usedto create
shapesfor 3D retrieval queries?”.Thisquestionis quitedifferentthantheoneaskedin traditional
geometricmodelingresearch.Ratherthanproviding a tool with which a trainedusercancreate
modelswith exquisitedetail and/orsmoothnessproperties,our goal is to allow novice usersto
specifycoarse3D shapesquickly. In particular, theinterfaceshouldbeeasyto learnfor �rst time
visitorsto awebsite.Of course,thisrequirementrulesoutalmostevery3D modelingtool available
today– i.e., it wouldnotbepracticalto requireeverybodywhowantsto usea3D searchengineto
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take a threeweektrainingcourseto learnthecomplicatedmenustructureof a commercialCAD
tool. Instead,wehave investigatedtwo alternatives.

The�rst approachis tospecifyshapequerieswith asimple3Dsketchingtool,suchasTeddy[41]
or Sketch[100]. To investigatethis approach,we have developeda queryinterfacein which the
usercreatesasimple3D modelwith Teddy[41], andthenthesystemretrievessimilarmodelsusing
thematchingalgorithmsdescribedin theprevioussection(seeFigure5). Unfortunately, our early
experiencessuggestthat even its simplegestureinterfaceis still too hardfor novice andcasual
usersto learnquickly. During informal studies,we observedthatmostpeopledo not readilyun-
derstand“extrusions”and“cuts,” andthey haveadif�cult timegettingusedto rotatinga3D model
to get theproperviewpoint for modelingoperations.Moreover, only certaintypesof shapescan
becreatedwith Teddy(blobbyobjectswith topologicalgenuszero). We believe thatmaking3D
toolsevensimplerwouldrequirefurtherconstraintsonthetypesof shapesthatcouldbeproduced.
Thus,weweremotivatedto look for alternatesketchingparadigms.

Figure5: 3D sketchqueryinterface.

Oursecondapproachis to draw 2D shapeswith apixel paintprogramandthenhavethesystem
matchtheresultingimage(s)to 2Dprojectionsof 3D objects(Figure6). Themainadvantageof this
approachis that the interfaceis easyto learn. All but themostnovice computerusershave used
a 2D paint programbefore,and thereare no complicatedviewing or manipulationcommands.
Of course,the main disadvantageis that 2D imagesgenerallyhave lessshapeinformationthan
3D models. We compensatefor this factorsomewhatby allowing the userto draw multiple 2D
projectionsof anobjectin orderto betterde�ne its shape.

The main challengein implementingthis approachis to develop algorithmsthat match2D
sketchesto 3D objects.This problemis signi�cantly differentthanclassicalonesin computervi-
sionbecausethe2D input is hand-drawn ratherthanphotographicandtheinterfaceis interactive.
Thus,wemustconsiderseveralnew questions:How dopeopledraw shapes?Whatviewpointsdo
they select?How shouldtheinterfaceguideor constraintheuser's input?Whatalgorithmsarero-
bustenoughto recognizehuman-drawn sketches?Thesearebig questions,with implicationswell
beyondthescopeof this paper. Unfortunately, thevastliteratureon how trainedartistsdraw [72],
how peopleusecharacteristicviews[65], andhow computersrecognizephotographicimages[36]
is notdirectlyapplicablein ourcase.Rather, weareinterestedin how untrainedartistsmakequick
sketchesandhow acomputercanmatchthemto 3D objects.
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Figure6: 2D sketchqueryinterface.

To investigatethesequestions,we �rst ranapilot studyin which32studentsfrom anintroduc-
tory computerscienceclasswereinstructedto “draw theshapeof an< object> ” for eightdifferent
objects.Thestudentswereonly toldwhatto draw, nothow to draw it, andthey hadonly 15seconds
for eachobject. Whatwe found is that peopletendto sketchobjectswith fragmentedboundary
contoursandfew otherlines,they arenot very geometricallyaccurate,andthey usea remarkably
consistentsetof view directions(seeFigure7). Interestingly, the mostfrequentlychosenviews
werenot characteristicviews [65], but insteadonesthatweresimplerto draw (front, side,andtop
views). Theseresultsgiveuscluesabouthow to matchsketchesto 3D objectsin oursystem.

Figure7: Sketchesby peoplesimply asked to “draw the shapeof a” camarocar, cow, dog,humanwith
armsout,mug,DC10airplane,andsofa.

For a set of sketchesenteredby a user, we matchthem to projectedimagesof 3D models
renderedfrom differentviewpointsandreturnthebestmatches(asin [61] andothers).During a
preprocessingphase,werenderthumbnailimageswith theboundarycontoursof each3D objectas
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seenfrom 13orthographicview directions.As shown in Figure8, wetakeviewpointsat thecenter
of thethreefaces,thefour top corners,andthemiddleof six edgesof a cube(tilt views).2 Then,
for eachquerywith m sketches,wecomputethematchscorefor any 3D objectastheminimalsum
of m (out of 13m) pairwisesketch-to-thumbnaildissimilaryscores,subjectto theconstraintthat
no thumbnailcanbematchedto morethanonesketch. This samplingensuresthatany sketched
view is within 22:5� of asampledview. Moreover, it alsotakesadvantageof thefactthatsome3D
modelswill bealignedwith Cartesianaxes,in which caseour sampledviews perfectlymatchthe
views preferredby users.We enhancethis effect even furtherby labelingthreesketchwindows
“SideView,” “Front View,” and“TopView” in oursystem.

(a)3 Sideviews (b) 4 Cornerviews

(c) 6 Tilt views

Figure8: 2D boundarycontoursrenderedfrom 13viewsof eachobject.

Matchinghanddrawn sketchesto projectedsilhouettesof 3D modelsposesanotherproblem.
Althoughwe promptuserswith examplesketchescontainingcleanboundarycontours,userinput
is often madeup of fragmentedsketchmarks. Thus,we cannotuseef�cient contourmatching
algorithms(e.g., [7, 8, 92]). Instead,we comparesketchesand renderedviews with an image
matchingmethod.To handledeformationsandgeometricinaccuracies,we �rst applythedistance
transformto both the sketchandrenderedimage. This helpsmake our methodrobust to small
variationsin thepositionsof lines,asin Chamfermatching[12] andHausdorff matching[40]. It
alsoprovidesanindexabledistancemeasure.

For caseswhere3D modelsarearbitrarily oriented,the imagematchingmethodmustbe ro-
bust to re�ections androtationsin the imageplane. To addressthis issue,we usea 2D analog
of the sphericalharmonicsmethoddescribedin the previous section.Figure9 demonstratesthe
detailsof our process:(1) Computethedistancetransformof theboundarycontour. (2) Obtaina
collectionof circular functionsby restrictingto differentradii. (3) Expandeachcircular function
asa sumof trigonometricfunctions.(4) Usingthefactthatrotationsdo not changetheamplitude
within a frequency, de�ne thesignatureof eachcircular functionasa list of theamplitudesof its
constituenttrigonometrics.(5) Finally, combinethesedifferentsignaturesto obtaina 2D signa-
turefor theboundarycontour. We index thesedescriptorsusingthesamenearestneighborsearch
methoddescribedin Section4. This methodis inspiredby ZahnandRoskies'work on Fourier

2Our matchingmethodis invariantto rotationsandre�ections,soviews rotatedaroundtheview directionor from
theoppositesideof theobjectarenotneeded.
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Descriptors[99], which providesa rotationinvariantsignaturefor boundarycurves,obtainedby
computingtheFourierseriesandstoringonly theamplitudeof eachfrequency component.

Figure9: Computingourshapedescriptorfor boundarycontours.

6 Text Queries

Oursystemalsosupportssearchingfor 3D modelsby matchingkeywordsin their textualdescrip-
tions.To supportthis feature,weconstructa representativedocumentfor each3D model.Thetext
in thatdocumentincludesthemodel�lename,theanchorandnearbytext parsedfrom its referring
Webpage,andASCII labelsparsedfrom insidethemodel�le. For instance,weincludepartnames
(e.g.,”DEF” nodesin VRML), texture�le names,andinformational�elds (e.g.,the”WorldInfo”
nodein VRML).3

Eachdocumentispreprocessedby removingcommonwords(stopwords) thatdon't carrymuch
discriminatinginformation,suchas“and”, “or”, “my”, etc.We usetheSMART system'sstoplist
of 524commonwordsaswell aswordsspeci�c to our domain(e.g. “jpg”, “www”, “transform”,
etc.) [76]. Next, the text is stemmed(normalizedby removing in�ectional changes)using the
Porterstemmer[69]. Finally, synonymsof the �lename (without theextension)areaddedusing
WordNet[58].

In order to matchdocumentsto user-speci�ed keywordsor to otherdocuments,we usethe
TF-IDF/Rocchio method[73], a popularweightingandclassi�cationschemefor text documents.
Thismethodassignsasimilarity scorebasedonaterm's frequency in thedocumentandits inverse
frequency overall documents.WeusetheBow toolkit [56] in our implementation.

7 Multimodal Queries

Sincetext andshapequeriescanprovideorthogonalnotionsof similaritycorrespondingto function
andform, oursearchengineallowsthemto becombined.

We supportthis featurein two ways.First, text keywordsand2D/3Dsketchesmaybeentered
in a singlemultimodalquery. Second,text andshapeinformationenteredin successive queries
canbecombinedsothata usercanre�ne searchtermsadaptively. For instance,if a userentered

3We found that including commentsis counter-productive, as modelsoften containcommented-outgeometry,
which �oods thedocumentswith indiscriminatingkeywords.
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text keywordsin a �rst query, andthenclickeda “Find SimilarShape”link, thetext and3D shape
wouldcombineto form asecondquery.

Thesetypesof multimodalqueriesareoftenhelpful to focusa searchona speci�c subclassof
objects(Figure10). For example,a querywith only keywordscanretrievea classof objects(e.g.,
tables),but it is oftenhardto honein onaspeci�c subclasswith text alone(e.g.,roundtableswith a
singlepedestal).Similarly, aquerywith only asketchcanretrieveobjectswith a particularshape,
but it mayincludeobjectswith differentfunctions(e.g.,bothtablesandchairs).Multimodal input
cancombinewaysof describingobjectsto form morespeci�c queries(Figure10(c)).

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

Figure10: Multimodalqueriesareofteneffective at �nding speci�c typesof objects.

In orderto �nd theK top matchesfor multimodalqueries,we �nd thebestM matchscores
for eachmodeseparately(M >> K ), mean-normalizethem(so themeanis 0 andthevariance
is 1) to avoid over-weightingany queryinterface,andthenreturntheK modelswith thehighest
averagenormalizedscores.Currently, we chooseK = 16 andM = 128. This methodstrikesa
balancebetweenreturningtheintersectionof matchresultsreturnedby differentmodes(which is
usefulfor �nding speci�c objects)andreturningtheirunion(whichis usefulfor �nding all objects
within aclass).Later, weplanto allow usersto controlhow searchtermsarecombined(e.g.,“OR”
and“AND” quali�ers).

8 Implementation

We have implementedour 3D searchenginein C/C++, Java, andPerl. The main components
areshown in Figure11. All componentsrun underRedHat Linux 7, exceptfor the web server
(Solaris8) andthe3D modelconversion(Irix 6.5).Thissectiondescribesthe�o w of datathrough
thesystemandits implementationdetails.

The crawler is written in Perl, andrunson three933 MHz PentiumIII machines,eachwith
1 GB memory. Eachcrawler processis multithreadedanddownloads�les usingup to 50simulta-
neousconnections.It searchesfor AutoCAD,LightWave,PLY, 3D Studio,VRML, andWavefront
�les, possiblycontainedwithin pkzip,gzip,or lharccompressedarchives.Weinitially seedit with
URLs returnedby Googleandothersearchenginesfor queriessuchas”3D AND (modelsOR
meshes)”.Eachpageretrievedis scoredasfollows. For 3D models,thescoreis anestimateof its
“quality” (currentlywe usethe logarithmof thetrianglecount). For HTML pages,thescoreis a
countof keywordscontainedwithin thetitle andbodytext thatsuggestits relationshipto 3D model
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Figure11: Flow of datathroughthesearchengine.The datashown in blue text is storedin the
repository.

�les (e.g.,“3D model” “Wavefrontobject”etc.).EachunvisitedURL is assigneda priority thatis
a weightedsumof: 1) a distance-weightedaverageof thescoresof documentslinking to it, 2) a
distance-weightedaverageof modelscoresfor modelsnearbyin thelink graph,and3) asitescore
that re�ects theproportionof documentsretrieved from the site thataremodels.We maintaina
hashtableof visitedURLs to avoid visiting pagesmorethanonce.

Everydownloaded3D modelgoesthroughseveralpreprocessingsteps.Weconvert �rst to the
VRML 2 format(generallyusingPolyTrans[63]) andthento thePly format in orderto simplify
parsingin latersteps.Then,weextracttext, createthumbnailand2D contourimages,andcompute
shapesignatures.Oncein awhile, therecentlydownloadedmodelsareaddedto therepositoryand
all indicesareupdated.To computethe3D shapedescriptorfor amodel,werasterizeits polygonal
surfacesinto a 64x64x64voxel grid, which is thendecomposedinto 32 concentricspheres.We
computetheamplitudesof the�rst 16 harmonicsfor eachsphereusingSpharmonicKit[84]. The
netresultis a16x32shapedescriptor. Theshapeanalysisprocesstakes1.6secondspermodelwith
3500polygonson average(it is dominatedby thetime to rasterizepolygonsinto thevoxel grid).
To computethe2D shapedescriptorfor eachthumbnailimage,we downsampleto 64x64pixels
andapplythesameprocedure.The2D computationtakesonly 0.4secondsperimage.

For eachquery, thewebservercommunicatesvia TCPto amatchingserver (runningonaDell
Precision530PCwith two 1.5GHzPentiumIII processorsand1 GB of memory).There,a Perl
job controlscriptforksa separateprocessfor eachincomingquery. Text queriesarestemmedand
passeddirectly to the Bow toolkit classi�er rainbow [56]. For 2D sketchesanduploaded3D
model�les ashapesignatureis computedandcomparedagainstanin-memoryindex by aseparate

14



shapematchingprocess.All matchresults(modelids, scores,statistics)arereturnedto theweb
server, whichconstructsawebpagewith resultsandreturnsit to theuser. Matchresultsarecached
to enablefastbrowsingof multiple resultspages.

9 Experimental Results

In thissection,we reportdatacollectedduringa seriesof experimentswith our3D searchengine.
Thegoalsof theseexperimentsare: (1) to evaluatehow well our shapematchingmethodswork,
(2) to testwhethershapecancombinewith text to provide moreeffective searchtools,and(3) to
characterizetheexperiencesof peopleusingourwebsite.

9.1 ShapeMatching Results

In our �rst experiment,we aim to testhow well our new 3D sphericalharmonicsmatchingalgo-
rithm �nds similarobjects.In orderto investigatethisquestionin acontrolledmanner, independent
of userinput,we rana seriesof experimentsin which we matchedeachmodelin a databasewith
all othersandanalyzedhow well thecomputedrankscorrelatewith ahuman'sclassi�cationof the
models.

While thepurposeof theexperimentis mainly to evaluateour matchingalgorithm,theresults
areindicative of how well our searchengineworkswhena userprovideshis own 3D modeland
asksoursystemto �nd similarones,or whena userclickson the“Find SimilarShape”link under
theimageof anobjectreturnedby apreviousquery.

For this experiment,we useda testdatabasewith 1890modelsof “household”and“miscella-
neous”objectsprovidedby Viewpoint [25]. Themodelscontainbetween120and120,392trian-
gles,with amedianof 1,536trianglesperobject(meanandstandarddeviationare3,504and6,656,
respectively). Every modelcameannotatedwith at leasta few descriptive keywords(e.g.,“chair,
folding”). Objectswereclusteredinto 85 classesbasedon functionalsimilarities,largely follow-
ing thegroupingsprovidedby Viewpoint. Examplesfrom tenrepresentative classesareshown in
Figure12. Thesmallestclasshad5 models,the largesthad153models,and610modelsdid not
�t into any meaningfulclass.

We chosethis Viewpoint databasebecauseit providesa representative repositoryof models
with uniformqualityandit is dif�cult for shape-basedclassi�cation.In particular, severaldistinct
classescontainobjectswith very similar shapes.For example,thereare� ve separateclassesof
chairs(153 dining room chairs,10 deskchairs,5 director's chairs,25 living room chairs,and6
loungechairs,respectively). Meanwhile,thereareobjectsspanningawidevarietyof shapes(e.g.,
8 forks,5 cannons,6 hearts,17platesof food,etc.).Thus,thedatabasestressesthediscrimination
powerof ourshapematchingalgorithmswhile testingthemunderavarietyof conditions.

For thepurposeof comparisonto relatedapproaches,we implemented� ve competingshape
matchingalgorithms:

� Random: thismethodranksall modelsin randomorder. It providesabaselinefor evaluation
of theothermethods.

� Moments: this methodcharacterizesthemomentsof inertia for points(x; y; z) on thesur-
faceS of an object(mpqr =

R
S xpyqzr dx dydz). The �rst two moments(centerof mass
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153diningroomchairs 25 livingroomchairs 8 chests 16beds 12dining tables

36endtables 39vases 28bottles 9 chandeliers 5 candelabra

Figure12: Samplesfrom tenrepresentative classesfrom theViewpoint “household”and“miscellaneous”
database(imagescourtesyof Viewpoint).

andprincipalaxes)wereusedto registerthe modelsin a commoncoordinatesystem,and
thenthemomentsup to a sixth orderwerecomparedusinga component-by-componentL 2

difference(up to sixthordermomentswerechosenbecausethey producethebestresultsfor
thetestdatabase).Our implementationfollowsthedescriptionin [31].

� ExtendedGaussianImages(EGI): this methodcharacterizesa 3D modelin termsof its
distributionof surfacenormalvectors[39]. WealignedtheEGI for eachmodelbasedon its
principalaxes,andwecomparedtwo alignedEGIsby computingtheirL 2 difference.

� ShapeHistograms: this methodcharacterizestheareaof intersectionwith a collectionof
concentricspheres.Thedistribution of areasis normalizedso that theoverall volumeis 1
andtwo distributionsarecomparedby computingtheirL 2 difference(asin [4]).

� D2 ShapeDistributions (D2): this methodrepresentstheshapeof a 3D modelby thedis-
tribution of Euclideandistancesbetweenpairsof pointson its surface.Thedistribution for
everymodelis normalizedfor scaleby dividing by its mean,andtwo distributionsarecom-
paredby computingtheirL 1 difference(asin [64]).

Figure 13(a) shows retrieval resultsobtainedwith our sphericalharmonicsshapematching
algorithmascomparedto the othermethods.Eachcurve plots precisionversusrecall averaged
over all classi�ed modelsin thedatabase.Theplot axescanbe interpretedasfollows. For each
targetmodelin classC andany numberK of top matches,“recall” representstheratio of models
in classC returnedwithin the top K matches,while “Precision” indicatesthe ratio of the top K
matchesthataremembersof classC. A perfectretrieval resultwould producea horizontalline
alongthetopof theplot, indicatingthatall themodelswithin thetargetobject'sclassarereturned
asthetop hits. Otherwise,plotsthatappearshiftedup andto theright generallyindicatesuperior
retrieval results.

Notethat for every recallvalue,sphericalharmonics(blackcurve) givesbetterprecisionthan
the competingmethods.On average,the precisionvaluesare46% higherthanD2, 60% higher
thanShapeHistograms,126%higherthanEGIs,and245%higherthanmoments.Thereasonsare
two-fold. First, matchingbasedon momentsandEGIsreliesuponprincipalcomponentsto align
modelsinto acanonicalcoordinatesystem,andthusthosemethodstendto dopoorlyfor classesof
objectswheretheprincipalaxesarenotconsistent.In contrast,oursphericalharmonicsdescriptor
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Figure13: Plotsof precisionversusrecallof oursphericalharmonicsdescriptorversusothershapematch-
ing methods.

is rotationallyinvariant,andthusit is lesssensitiveto suchdeviationswithin aclass.
Second,theothershapedescriptorsblendshapeinformationfrom differentpartsof anobject,

andthusthey seemto have troublediscriminating�ne detailsof objects. For instance,onecan
view ShapeHistogramsasan implementationof our sphericalharmonicsmethodwhereonly the
zero-thorderfrequency is used. Our methoddescribesobjectsup to rotationsof multiple inde-
pendentfrequency components,andthusit achievesa nice combinationof rotationalinvariance
anddiscriminatingpower. As anexample,Figure13(b)shows retrieval resultsaveragedover 25
querieswith living roomchairs.Althoughtherearehundredsof othertypesof chairsandsofasin
thedatabase(e.g.,153diningroomchairs),ourmethodis largelyableto discriminatethedifferent
typesandachievehighprecisionevenin thisdif�cult case.

Our sphericalharmonicsmethodalsocanbeindexedeffectively. Figure14shows theaverage
time(in seconds)requiredto �nd the16closestmatchesin databasesof increasingsize.Notethat
thesearchtimegrowssublinearly, andthetotalsearchtimefor adatabaseof 17,500modelsis less
than0.25seconds.
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Figure14: Searchtimes(in seconds)for sphericalharmonicswith/without indexing.
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9.2 Sketch Interface Results

In our secondexperiment,we investigatedhow well our systemproducesmatchesfor queries
enteredby humans.Our hypothesisis thatshapesareusefulin conjunctionwith text for �nding
speci�c objects. To test this hypothesis,we ran an experimentwherewe comparedthe easeof
inputanddescriptivepowerof text and2D sketchesprovidedby untrainedusers.

The subjectsin this experimentwere43 studentsin an introductorycomputerscienceclass
(not for computersciencemajors).Eachsubjectwasgivena penandsheetof paperandtold that
their taskwasto write text anddraw sketchesthat could be usedby a searchengineto retrieve
“targetobjects”from a databaseof householdobjects.After theprocesswasdemonstratedonce
by theprofessor, thesubjectsperformedthetestfor � vetargetobjectsfrom theViewpointdatabase
(describedin theprevioussection).For eachtest,thetargetobjectwasshown rotatingaroundona
projectionscreenat thefront of aclassroom.After �fteen seconds(threerotations),it disappeared,
andthesubjectswereaskedto write up to � ve text keywordsandto draw three2D sketchesfrom
front, side,andtop views thatdistinguishit from otherhouseholdobjects.They weregiventwo
minutesfor eachtargetobject,andno feedbackwasgivenaftereachobject.After theexperiment
wascompleted,thestudentswereaskedto ratetext andsketchqueriesbasedon “how easy”they
wereto constructand“how descriptive” they werefor specifyingthetargetobjects(Table1).

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

Table1: Averagestudentratingsof text and2D sketchqueryinterfacesonascalefrom 1 to 10(10 is best).

Later, wescannedtheirsketchesandloggedtheirkeywordssothatwecouldenterthemasinput
to oursearchengine(examplesketchesfor achairandanelf areshown in Figure15). Table2 lists
resultsachievedwith queriesusing:1) only their text keywords,2) only their 2D sketches,and3)
both text keywordsand2D sketchescombinedin a multimodalquery. For eachquerytype, the
tablelists themedianranksof thetargetobjectandthepercentagesof thequerieswherethetarget
objectappearedamongthetop16 matches.Thelatterstatisticre�ects how oftenthetargetwould
appearon the�rst pagein oursearchengine.

Target MedianRank(outof 1890) % in Top16
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 5.1% 5.1% 10.3%
Cannon 7 40 2 82.1% 33.3% 89.7%
Bunkbed 3 64 2 89.7% 20.5% 89.7%

Table2: Comparisonof retrieval resultswith queriescomprisingonly text, only 2D sketches,andboth
combined.
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Figure15: Sketchesdrawn by studentsto retrieve aspeci�c chair(top threerows)andanelf (bottomthree
rows)duringanin-classexperiment.

The resultsin Table2 suggestthat text andshapecanbe complementaryin the information
they provide a searchengine.For example,for thechair, text keywordswerenot discriminating
enoughto differentiateit from thehundredsof otherchairsandrelatedfurniture in thedatabase,
andyet very simplesketcheswereableto describeit fairly precisely. On theotherhand,simple
text keywordspickedout the� ve cannonsandfour bunk beds,while the2D sketcheswerenot as
discriminating.Generallyspeaking,the text waseffective at identifying classesof objects,while
thesketcheswerehelpfulatselectingthebestmatchesfrom within aclass.Thenetresultwasthat
thecombinationof sketchesandtext usuallyproducedabettermatchthaneitheronealone.

9.3 Interacti veSearch Results

In our third experiment,we investigatedhow shapecombineswith text in interactive searches.
While theresultsof theprevioussectionsuggestshapehelpsin asinglequery, adifferentquestion
is whetherit is still usefulwhenusersareallowedto iterate.

To studythis question,we createdtwo visually identical testversionsof our web site, both
comprising: (1) a box for typing text keywords, (2) buttonsfor viewing the next andprevious
pageof matchresults,and(3) buttonslabeled“Find SimilarObject”underthethumbnailsreturned
from previousqueries.Theonly differencebetweenthetwo websiteswasin thewaythatsearches
couldbeiteratively re�ned. For onewebsite,clicking the“Find Similar Object” buttonretrieved
modelswith themostsimilar shapes(asin Section4). For theother, it retrievedmodelswith the
mostsimilar text documents(asin Section6). Oursketchinginterfacesweredisabledduringthese
experimentsin orderto isolatetheeffectof shapesimilarity to asinglequerymodality.

We conductedan on-line experimentwith 18 studentsfrom anotherintroductorycomputer
scienceclass. Eachstudentwasasked to visit a URL, which wasredirectedto oneof our two
testwebsitesat random.He wasled througha shorttutorial thatdescribedhow to usethesearch
engineandthenpresentedwith thetaskof �nding �fteen targetobjects(thesame� ve listedin the
previoussectionplustenothersselectedrandomly).
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For eachsearch,thetargetobjectwasshown rotatingonthewebpagefor �fteen seconds(three
rotations),afterwhich it disappeared.Then,thestudententeredtext keywordsto initiatea search,
andtheniteratedby eitherre-enteringtext, pagingdown/up,or �nding similar objectsuntil the
targetobjectwasvisibleamongthe16matcheson theresultspage.

Statisticsloggedduring the students'sessionsappearin Table3. Columns2 and3 list the
averagetime (in seconds)and numberof iterationsrequiredfor the studentto �nd eachtarget
object. Column4 indicatesthe percentageof studentsthat found the target on the initial query.
Thelastcolumnindicatesthepercentagethathadfoundit by thetenthiteration,atwhichtimethey
wereinstructedto giveup.

Similarity Search Numberof Foundon Foundafter
Measure Time Iterations 1stQuery � 10 Iterations

Text 48 2.8 60% 77%
3D Shape 40 2.4 54% 89%

Table3: Resultsof studywith differentiterationmethods.

Theseresultssuggestthatre�ning searchesbasedon 3D shapesimilarity is usefulin conjunc-
tion with text for �nding speci�c objects.Using thewebsiteequippedonly with text matching,
thestudentswereableto �nd thetargetobjectwithin teniterationsonly 77%of thetime. In con-
trast,whenthestudentswereableto iterateby �nding similarshapes,they foundthetargetobject
moreoften(89%versus77%),in fewer iterations(2.4versus2.8),andin lesstime(40sec.versus
48 sec.).Moreover, we conjecturethatstudentsusingshape-basediterationlearnedthat they still
could �nd objectsquickly if they enteredlessdescriptive keywordsin their initial queries(itera-
tion accountedfor 35% of the objectsfound – i.e., 89% - 54%). Although this experimentwas
not a controlledstudy(thestudentsperformedthe testsover the Internetusingany computeron
campus),theresultsareconsistentwith our expectationthatshapecanhelpdiscriminatespeci�c
objectsmoreeffectively thantext alone.

9.4 Search EngineResults

Our 3D searchenginehasbeenpublicly availableon the Web sinceearly November, 2001. It
currentlyindexes20,707models.In this section,we reportexperiencesabouthow peopleusethe
site.

Table4 lists statisticsgatheredduringonerecentweekof usage.During thatperiod,thesite
processed4,522queriesenteredfrom1,346uniquehosts(notcountinglocalqueries)in 55different
countries,andserved1,029modelsto endusers.The�rst row shows thenumbersof queriesfor
eachtype.After searchresultshavebeendisplayed,ausercan(1) requestmoreinformationabout
adownloadedmodel,(2) goto its referringpage,or (3) downloadtheactualmodel.Theremaining
rows in Table4 showsthepercentageof searchesfor which theseeventshappenedat leastonce.

While it is dif�cult to makeconclusionsfrom thesestatistics,weobservethatpeoplearewilling
to makeshape-basedqueries.It will beinterestingto seehow theusagepatternschangeasoursite
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: Statisticsgatheredfrom oneweek'susageof ouron-linesearchengine.

10 Conclusion

In summary, this paperinvestigatesissuesin building a searchenginefor 3D models.Themain
researchcontributionsare: (1) new queryinterfacesthat integratetext, 2D sketches,3D sketches,
and3D models,(2)anew shapedescriptorbasedonsphericalharmonicsthatisbothdiscriminating
androbust,and(3) resultsof experimentssuggestingshapeisusefulin conjunctionwith text during
searchfor 3D models.Finally, weprovidealargerepositoryof 3D models... andawayto �nd the
interestingones.

11 Futur eWork

Thispaperhasjustscratchedthesurfaceof researchonshape-basedretrieval andanalysisfor com-
putergraphics.Thefollowing arejusta few of themany topicsthatdeserve furtherinvestigation:

� Better 2D imagematching methods: our 2D sketchinginterfacewould bemoreeffective
with betterimagematchingalgorithms.Sometimesuserscreatequerysketcheswith interior
textureand/ordetails(e.g.,eyesandmouthof ahumanface),andoursearchenginematches
themwith projectedimagescontainingonly boundaryoutlines(e.g.,just theoutlineof the
face).For matchingpurposes,theinteriordetailsin sketchesare“interpreted”asboundaries
of holesin projectedimages,andunexpectedresultsaresometimesreturnedto theuser. Of
course,this problemcould be recti�ed somewhat by providing userswith instructionsor
examplesabouthow to draw their sketches.However, determininghow bestto presentthe
instructionsandproviding imagematchingmethodsthatminimizeuserguidancearetopics
for futurestudy.

� Newquery interfaces: it will beinterestingto considerothermethodsfor specifyingshape-
basedqueries. For instance,the following constraint-baseddescriptionmight be usedto
retrieve 3D modelsof a chair: “give me objectsconsistingof a box-shapedseatwith four
equallengthandnearlycylindrical legs attachedto the bottomsideof eachcorneranda
box-shapedbackabove theseatwith width matchingthatof theseat,etc.” This approach
capturesparameterizedclassesof objectswith acompactdescription[27, 96].

� New matching and indexing algorithms: follow-up work shouldconsiderothertypesof
shapematchingproblems.For instance,we currentlycomparewholeobjects,but it would
beinterestingto matchpartialobjectsaswell. They couldbeusedto �nd acarwithin a city
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sceneor to �nd a Mercedesby looking for its hoodornament.Othermatchingalgorithms
mightconsiderattributesof 3D models,includingcolor, texture,structure,andanimations.

� Newmodeling tools: future3D modelingsystemsshouldconsiderintegratingshape-based
matchingandretrieval methodsinto interactivesketchingtools.For instance,considera 3D
modelsynthesisparadigmin which a userdraws a roughsketchof a desired3D modeland
the system“�lls in the details” semi-automaticallyby suggestingmatchingdetailedparts
retrieved from a large database.In sucha paradigm,the usercould retain much of the
creative controlover modelsynthesis,while thesystemperformsmostof the tedioustasks
requiredfor providing modeldetail.

� Newapplications: it wouldbeinterestingto seewhethertheshape-basedqueryandindex-
ing methodsdescribedin thispapercanbeusedfor otherapplications,suchasin mechanical
CAD, medicine,andmolecularbiology.

In thenearfuture,weexpectthatshape-basedretrievalandanalysisof 3Dmodelswill becomea
veryimportantresearchareain computergraphics.Thispapermakesasmallstepin thatdirection.
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