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Abstract
A large numberof 3D modelsare createdand availableon the Web, sincemore and more 3D modellingand
digitizing tools are developed for ever increasingapplications.Thetechniques for content-based3D modelre-
trieval thenbecome necessary. In this paper, a visual similarity-based3D modelretrieval systemis proposed.
Thisapproach measuresthesimilarity among3D modelsby visualsimilarity, andthemainideais that if two 3D
modelsare similar, they alsolook similar fromall viewing angles.Therefore, onehundredorthogonalprojections
of an object,excludingsymmetry, are encoded bothby Zernike momentsandFourier descriptors as featuresfor
later retrieval. Thevisualsimilarity-basedapproach is robustagainstsimilarity transformation,noise, modelde-
generacy etc.,and provides42%,94% and 25% betterperformance(precision-recall evaluationdiagram) than
threeothercompetingapproaches:(1)thesphericalharmonicsapproach developedby Funkhouseret al., (2)the
MPEG-7Shape3D descriptors,and(3)theMPEG-7Multiple View Descriptor. Theproposedsystemis ontheWeb
for practical trial use(http://3d.csie.ntu.edu.tw),andthedatabasecontainsmore than10,000publicly available
3D modelscollected fromWWWpages.Furthermore, a userfriendly interfaceis providedto retrieve3D models
by drawing2D shapes.Theretrieval is fastenoughon a serverwith PentiumIV 2.4GHzCPU, andit takesabout
2 secondsand0.1secondsfor queryingdirectlybya 3D modelandbyhanddrawn2D shapes,respectively.

CategoriesandSubjectDescriptors(accordingto ACM CCS): H.3.1[InformationStorageandRetrieval]: Indexing
Methods

1. Intr oduction

Recently, the development of 3D modelingand digitizing
technologies hasmadethe modelgeneratingprocessmuch
easier. Also, throughtheInternet,userscandownloadalarge
numberof free3Dmodelsfromall overtheworld.Thisleads
to thenecessitiesof a 3D modelretrieval system.Although
text-basedsearchenginesareubiquitoustoday, multimedia
data,suchas3D models,usuallylacksmeaningful descrip-
tion for automaticmatching.TheMPEGgroupaimsto cre-
ateanMPEG-7internationalstandard,alsoknown as"Mul-
timediaContentDescriptionInterface", for the description
of multimediadata11. However, little descriptionis about
3D models.Theneedof developing ef�cient techniquesfor
content-based3D modelretrieval is increasing.

To search3D modelsthatarevisuallysimilar to aqueried
model is the most intuitive way. However, most meth-
odsconcentrateon thesimilarity of geometricdistributions
rather than directly searchingfor visually similar models.

The geometric-basedapproachis feasiblesincemuch ap-
pearancefor anobjectis controlledby its geometry. In this
paper, however, we presenta novel approach that matches
3D modelsusing their visual similarities, which are mea-
suredwith imagedifferencesin light �elds. We take thisap-
proachto better�t thegoalof comparingmodelsthatappear
to be similar to a humanobserver. The concept of the vi-
sualsimilarity-basedapproachissimilarto thatof theimage-
drivensimpli�cation, proposedby LindstromandTurk 14.

The geometry-basedapproachis broadly classi�ed into
two categories:shape-basedandtopology-basedmatching.
The shape-basedapproach usesthe distribution of vertices
or polygons to judge the similarity between3D models
1; 2; 4; 5; 6; 7. The challengeof the shape-basedapproachis
how to de�ne shapedescriptors,which needto besensitive,
unique,stable,ef�cient, androbustagainstsimilarity trans-
formationsof variouskinds of 3D models.The topology-
basedapproachutilizestopological structuresof 3D models
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to measurethe similarity betweenthem 3. The dif�culties
of thetopology-basedapproachincludeautomatictopology
extractionfrom all typesof 3D models,andthediscrimina-
tion betweentopologiesfrom differentcategories.Eachof
thetwo approacheshasits inherentmeritsanddemerits.For
example,a topology-basedapproachleadsto high similar-
ity betweentwo identical3D modelswith differentgestures,
whereasa shape-basedapproach cannot.On theotherhand,
a shape-basedapproach resultsin high similarity between
3D modelswith differentconnectionsamongparts,whereas
a topology-basedapproach cannot.For instance,botha �n-
gerandtheshoulderof ahumanmodelarepartsof ahuman
body. The topologiesarequite differentwhetherthe �nger
doesor doesnot connectto a humanbody, but the shapes
aresimilar.

Most previous works of 3D model retrieval focusedon
de�ning suitablefeaturesfor thematchingprocess1� 13, and
were basedon either statisticalproperties,suchas global
shapehistograms,or the skeletal structuresof 3D models.
Osadaet al. 2 proposedand analyzed a methodfor com-
puting shapesignaturesof arbitrary3D polygonalmodels.
Thekey ideais to representthesignatureof a 3D modelas
a shapedistribution, which is a histogramcreatedfrom the
distancebetween two randompointson a surfacefor mea-
suringglobalgeometricproperties.Theapproachis simple,
fastandrobust,andcouldbeappliedasa pre-classi�erin a
complete3D modelretrieval system.

Funkhouseretal. 1 proposedapracticalweb-basedsearch
engine that supportsqueriesbasedon 3D sketches,2D
sketches,3D models,and/ortext keywords.For 3D shape
queries,a new matchingalgorithmthat usessphericalhar-
monicsto computesimilaritiesis developed. It doesnot re-
quire repair of model degeneracy or alignmentof orienta-
tions. In their system,a multimodalquery is appliedto in-
creasetheretrieval performanceby combiningfeaturessuch
astext and3D shapes.It is alsofastenoughto retrieve from
arepositoryof 20,000modelsin lessthanonesecond.

Hilagaetal.3 proposedatechniquein whichthesimilarity
betweenpolyhedralmodelsis accurately andautomatically
calculated by comparingthe skeletalandtopologicalstruc-
ture.Theskeletalandtopologicalstructuredecomposesa3D
modelto aone-dimensionalgraphstructure.Thegraphis in-
variantto similarity transformations,robustagainstsimpli�-
cation and deformationcausedby changingpostureof an
articulatedobject,etc. In their experimentalresults,the av-
eragesearchtime from 2303D modelsis about12 seconds
with a PentiumII 400MHz processor. Another 3D model
retrieval system10 , having 445 modelsin the database, is
extendedfrom thework of Hilaga et al., andtakesabout12
secondsonaserverwith PentiumIV 2.4GHzprocessor.

In this paper, a novel visual similarity-basedapproach
for 3D model retrieval is proposed,and the systemis also
available on the web for practical trial use.The proposed
approachis robust againstsimilarity transformations,noise

andmodeldegeneracy, etc.Therearemorethan10,0003D
modelsin our database,anda user-friendly interfaceis pro-
vided for 3D modelretrieval by drawing 2D shapes,which
aretakenasoneor moreprojectionviews.

In general,a retrieval systemcontainsoff-line featureex-
traction and on-line retrieval processes.We introducethe
LightField Descriptorto represent3D models,which is de-
tailed in Section2, aswell asthefeatureextraction.In Sec-
tion 3, comparing3D modelsis representedfor the on-line
retrieval process.The experimental resultsand the perfor-
manceevaluationsare shown in Section4. Section5 con-
cludesthewrite up.

2. FeatureExtraction for Representing3D Models

The proposeddescriptorusedfor comparing the similarity
among3D modelsis extractedfrom 4D light �elds, which
arerepresentationsof a3D object.Thephraselight �eld de-
scribestheradiometricpropertiesof light in aspaceandwas
coinedby Gershun23. A light �eld (or plenopticfunction)
is traditionallyusedin image-basedrenderingandis de�ned
asa � vedimensionalfunctionthatrepresentstheradianceat
a given3D point in a givendirection24; 25. For a 3D model,
therepresentationis thesamealonga ray, sothedimension
of thelight �eld aroundanobjectcanbereducedto 4D 25; 14.
Each4D light �eld of a 3D model is representedby a col-
lection of 2D images,which arerenderedfrom a 2D array
of cameras.The camerapositionsof onelight �eld canbe
put either on a �at surface25 or on a sphere14 in the 3D
world. Thelight �eld representationhasnot only beenused
in image-basedrendering,but alsoin image-drivensimpli�-
cationby LindstromandTurk 14, whoseapproach usesim-
agesto decidewhichportionsof amodelto simplify.

In thispaper, weextractfeaturesfrom thelight �elds ren-
deredfrom camerason a sphere.Themainideaof usingthe
approachto get thesimilarity betweentwo modelsis intro-
ducedin Section2.1.To reducesizeof thefeaturesandspeed
up thematchingprocess,thecamerasof the light �elds are
distributeduniformly andpositionedonverticesof a regular
dodecahedron.We namethedescriptorLightField Descrip-
tor, anddescribeit in Section2.2. In Section2.3, we show
thatone3D modelis representedby a setof LightField De-
scriptors in orderto improvetherobustnessagainstrotations
while comparingbetweentwo models.Onethat is alsoim-
portantis the imagemetric used,andis detailedin Section
2.4. Finally, the �o w chartof extractingthe LightField De-
scriptors for a3D modelis summarizedin Section2.5.

2.1. Measuring similarity betweentwo 3D models

Themain ideacomesfrom thefollowing statement,"If two
3D modelsaresimilar, they alsolook similar from all view-
ing angles."Accordingly, the similarity betweentwo 3D
modelscanbemeasuredby summingup thesimilarity from
all correspondingimagesof a light �eld. However, what
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Figure 1: Themain ideameasuringsimilarity betweentwo
3D models

must be consideredis the transformation,including trans-
lation, rotationandscaling.The translationandthe scaling
problemsare discussedin Section2.5 and ignoredby our
imagemetric describedin Section2.4. As for rotation,the
key to this problemis visual similarity. Thecamerasystem
surroundingeachmodel is rotateduntil the highestoverall
similarity (cross-correlation)betweenthe two modelsfrom
all viewing anglesis reached.Take Figure1 asanexample,
where(a) and(c) aretwo differentairplaneswith inconsis-
tentrotations.First, for theairplanein Figure1 (a),weplace
thecamerasof a light �eld onasphere,asshown in Figure1
(b), wherecamerasareput on the intersectionpointsof the
sphere.Then,cameras of this light �eld canbe applied,at
thesamepositions,to theairplanein Figure1 (c), asshown
in Figure1 (d). By summingup thesimilaritiesof all pairs
of correspondingimagesin Figure1 (b) and(d), the over-
all similarity betweenthetwo 3D modelsis obtained.Next,
thecamerasystemin Figure1 (d) canberotatedto a differ-
entorientation,suchasFigure1 (e),which leadsto another
similarity value between the two models.After evaluating
similarity values,the correctcorrespondingorientation,in
whichthetwomodelslookmostsimilarfromall correspond-
ing viewing angles,canbe found,suchasFigure1 (f). The
similarity between thetwo modelsis de�ned assummingup
thesimilarity from all correspondingimagesbetweenFigure
1 (b) and(f).

However, the computationwill be very complicated and
impracticalto a3D modelretrieval systemusingcurrentpro-
cessors.Therefore,the camerapositionsof a light �eld are
distributeduniformly onverticesof a regulardodecahedron,
suchthatreducedcamerapositionsareusedfor approxima-
tion.

2.2. A LightField Descriptorfor 3D models

To reducetheretrieval timeandthesizeof features,thelight
�eld camerascanbe put on 20 verticesof a regular dodec-
ahedron.That is, there are 20 different views, which are
distributeduniformly, over a 3D model.The 20 views can

Figure 2: A typical example of the 10 silhouettesfor a 3D
model

roughlyrepresenttheshapeof a 3D model,asbeenapplied
similarly in previous works.HuberandHubert27 proposed
anautomaticregistrationalgorithm,which is ableto recon-
struct real world objectsfrom 15 to 20 variousviewpoints
from a laserscanner. LindstromandTurk 14 alsoemploy the
20 views in comparing3D modelsfor image-drivensimpli-
�cation.

Since their applicationsare different from the retrieval
system,the requirementsof renderingimage and the im-
agemetricusedarealsodifferent.First, lighting is different
while renderingimagesof an object.We turn all lights off,
so that the renderedimageswill be silhouettesonly, which
enhancethe ef�ciency andthe robustnessof imagemetric.
Second,orthogonalprojectionis appliedin orderto speedup
the retrieval processandreducethesizeof features.There-
fore, tendifferentsilhouettesareproducedfor a 3D model,
sincethesilhouettesprojectedfrom two oppositeverticeson
thedodecahedronareidentical.Figure2 showsa typical ex-
ampleof the10silhouettesof a3D model.In our implemen-
tation,therenderedimagesizeis 256by 256pixels.Conse-
quently, the renderingprocesscan�lter out high-frequency
noiseof 3D models,and also make our approachreliable
from degeneracy of meshes,suchasthosemissing,wrongly-
oriented,intersecting,disjoint andoverlappingpolygons.

Sincethe camerasare placed on the verticesof a �x ed
regulardodecahedron,we needto rotatethecamerasystem
60 times(to beexplainedbelow), sothatthecamerascanbe
switchedonto differentvertices,while measuringthe simi-
larity between descriptorsof two 3D models.The dissimi-
larity, DA, betweentwo 3D modelsis de�ned as:

DA = min
i

10

å
k= 1

d( I1k ; I 2k ) ; i = 1:: 60 (1)

whered denotesthe dissimilarity betweentwo images,de-
�ned in Section3.1, and i denotesdifferent rotationsbe-
tweencamerapositionsof two 3D models.For a regulardo-
decahedron,eachof the20verticesis connected by 3 edges,
whichresultsin 60differentrotationsfor onecamerasystem
(mirror mappingis notavailable).I1k andI2k arecorrespond-
ing imagesunderi-th rotation.

Hereis a typical exampleto explain our approach.There
are two 3D models,a pig anda cow, in Figure3 (a), both
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Figure3: ComparingLightField Descriptorsbetweentwo3D models

rotatedrandomly. First, 20 imagesare renderedfrom ver-
ticesof adodecahedronfor boththe3D model.As shown in
Figure3 (b), we compareall the corresponding2D images
from the sameviewing angles,suchas,the order1� 5 be-
tweenpig andcowmodel.Thuswegetasimilarity valueun-
der this rotationof camerasystem.Then,we maptheorder
1� 5 differentlyasin Figure3 (d), andgetanothersimilarity
value.After repeatingthisprocess,we�nd arotationof cam-
erapositionswith thebestsimilarity (cross-correlationbeing
highest),asshown in Figure3 (d). Therefore,thesimilarity
betweenthetwo modelsis thesummationof thesimilarities
amongall thecorrespondingimages.

Consequently, theLightField Descriptoris de�ned asthe
basisrepresentationof a3D model,andis de�nedasfeatures
of 10 imagesrenderedfrom verticesof dodecahedronover
a hemisphere.A LightField Descriptorsomehow eliminates
therotationproblem,but this is notexactenough.Therefore,
asetof light �elds is appliedto improve therobustness.

2.3. A setof LightField Descriptorsfor a 3D model

To be robust against rotationsamong3D models,a set of
LightField Descriptors is appliedto each3D model.If there
are N LightField Descriptors, which are createdfrom dif-
ferentcamerasystemorientationsfor both3D models,there
are(N � (N � 1) + 1) � 60 different rotationsbetween the
two models.Therefore,the dissimilarity, DB, between two
3D modelsis thende�ned as:

DB = min DA ( L j ; Lk ) ; j; k = 1::N (2)

whereDA is de�ned in Equation(1), andL j andLk arelight
�eld descriptorsof two models,respectively.

The relationshipof the N light �elds needsto be care-
fully set to ensurethat all the camerasaredistributeduni-
formly andable to cover differentviewing anglesto solve
the rotation problemeffectively. The approachof generat-
ing the evenly distributing camerapositionsof the N light
�elds comesfrom the idea in relaxationof randompoints
proposedby Turk 15. Theprocesscanbepre-processed,and
thenall 3D modelsusethe samedistributed light �elds to
generatecorrespondingdescriptors.In our implementation,
we set N = 10, as shown in Figure 4, that is, the similar-
ity betweentwo 3D modelsis obtainedfrom thebestoneof
5,460different rotations.Therefore,the averagemaximum
errorof rotationanglebetweentwo 3D modelsis about3.4
degreein longitudeandlatitude.Thatis:

180�

x
�

360�

x
= 5460 ) x �= 3:4� (3)

which is small enoughfor our 3D model retrieval system
accordingto ourexperimentalresults.Of course,thenumber

Figure4: A setof LightField Descriptors for a 3D model
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N canbebiggerthan10, andwe will evaluatein the future
thesaturationeffectwhenN becomesbigger.

2.4. Imagemetric

An imagemetric is a function measuringthe distancebe-
tweentwo images.Recently, Content-BasedImageRetrieval
(CBIR) hasbecomea popularresearch,anddifferentimage
metricshave beenproposed19� 22. Many approachesof im-
agemetricsarerobustagainsttransformationssuchastrans-
lation, rotation,scaling,andimagedistortion.

Oneof the importantfeaturesof imagesis the shapede-
scriptor, which canbe broadlyclassi�ed into region-based
andcontour-baseddescriptor. The useof a combinationof
differentshapedescriptorshasbeenproposedrecentlyin or-
derto improve theretrieval performance21; 22. In this paper,
weadoptanintegratedapproachproposedby ZhangandLu
21, which combinesa region shapedescriptor(Zernike mo-
mentsdescriptor)and a contourshapedescriptor(Fourier
descriptor).The Zernike momentdescriptoris alsousedin
MPEG-7,which is namedRegionShapedescriptor11. Dif-
ferentshapesignatureshave beenusedto derive Fourierde-
scriptor, andthe retrieval usingFourierDescriptorsderived
from the centroiddistancehassigni�cantly higher perfor-
mancethan thoseof the other methods.Thesewere also
comparedby ZhangandLu 20. The centroiddistancefunc-
tion is expressedby the distanceto boundarypoints from
the centroidof the shape.The boundarypointsof a shape
areextractedthrougha contourtracingalgorithm,proposed
by Pavlidis 31. Figure5 shows a typical exampleof thecen-
troid distance.Figure5 (a) showsa2D shaperenderedfrom
a viewpoint of a 3D model,andthecontourtracingresultis
shown in Figure5 (b). Figure5 (c) shows the centroiddis-
tanceof (a).

Sometimes,however, a 3D modelmight berenderedinto
severalseparated2D shapes,asshown in Figure6 (a).When
this situationoccurs,the following two stagesare applied
to connect.First, we apply Erosionoperation32 from one
to several timesto connecttheseparatedparts,asshown in
Figure6 (b). Second,a thinning algorithm 32 is appliedin
order to connectthe separatedparts,asshown in Figure6
(c). Notethat thepixelsof rendered2D shapecannot bere-
moved during the thinning algorithm.The separatedparts
arethenconnected,andthehigh-frequency noisewill be�l-
teredout by theFourierdescriptor. But if therearestill sep-
aratedpartsafter runningthe Erosionoperationfor several
times,a boundingbox algorithmwill replacethe �rst stage
above.

Thereare35 coef�cien ts for Zernike momentdescriptor
and10 coef�cients for Fourier descriptor. Eachcoef�cient
is quantizedto 8 bits in orderto reducethesizeof descrip-
tors andaccelerate the retrieval process.Consequently, the
approachis robust against translation,rotation,scalingand
imagedistortion,andis veryef�cient.

Figure 5: A typical example of the centroid distancefor a
2D shape

Figure6: Connectionof differentpartsof 2D shapes

2.5. Stepsof extracting LightField Descriptorsfor a 3D
model

Thestepsof extractingtheLightField Descriptors for a 3D
modelaresummarizedin thefollowing.

(1) Translationandscalingareapplied�rst to ensurethat
3D modelis entirelycontained in renderedimages.The in-
put 3D model is translatedfrom the centerof the modelto
theoriginof worldcoordinatesystem.Theaxisis thenscaled
suchthatthemaximumlengthis 1.

(2) Renderimagesfrom the camera positionsof light
�elds, asdescribedin Section2.3.

(3)For aLightField Descriptor, 10imagesarerepresented
for 20viewpoints,andarein apre-de�nedorderfor storage.
For a 3D model,10 descriptorsarecreated,so that totally
100imagesshouldberendered.

(4) Descriptorsfor a3D modelareextractedfrom the100
images,asin Section2.4.

3. Retrieval of 3D ModelsUsingLightField Descriptors

In the off-line processmentioned in last section,the Light-
Field Descriptors of each3D model in the databaseare
calculated and storedfor 3D model retrieval. This section
details the on-line retrieving process,which comparesthe
descriptorsof the queriedone with all the other 3D mod-
els in the database.Comparingthe LightField Descriptors
within twomodelsisdescribedin Section3.1.Thosewhoare
greatlydissimilarto thequeriedmodelwill berejectedearly
in theprocess,detailedin Section3.2,which accelerates the
retrieval with alargedatabase.Practically, whenauserwants
to retrieve 3D models,he/shecanuploada 3D modelasa
querykey. However, earlyexperiencesof Funkhouseret al.
1 suggestthatevenasimplegestureinterface,suchasTeddy
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system26, is still toohardfor noviceandcasualusersto learn
quickly. They proposedthatdrawing 2D shapeswith apaint-
ing programto retrieve 3D modelsis intuitive for users.In
this paper, a user-friendly drawing interfacefor 3D model
retrieval is also provided. The approachof comparing2D
shapeswith 3D modelsis describedin Section3.3.

3.1. Similarity betweenLightField Descriptorsof two 3D
models

Theretrieving processcanbereferredascalculatingthesim-
ilarity oneby onebetween the queriedoneandeachof the
models in the database and showing thosesimilar to the
queriedone.The similarity between two modelsis de�ned
assummingupthesimilarity from all thecorrespondingim-
ages,as describedin Section2.3. The comparisonof two
descriptorsis asEquation(2). Whencomparingthedissimi-
larity, d, of correspondingimages,weusesimpleL1 distance
to measure:

d ( J; K ) = å
i

jC1i � C2i j (4)

whereC1 andC2 denotecoef�cie nts of two images,and i
denotesthe index of their coef�cien ts. Thereare45 coef�-
cientsfor eachimage,eachquantized to 8 bits. To simplify
the computation,a tableis createdandstoredfor the value
of L1 distancefrom 0 to 255.Thus,a table-look-upmethod
is usedto speedup theretrieval process.

3.2. Retrieval of 3D modelsfr om databasewith large
number of models

For a 3D model retrieval system,a database with a large
numberof modelsshouldbeconsidered.For example,there
are over 10,0003D modelsin our database.To ef�ciently
retrieve 3D modelsfrom anenormousdatabase,aniterative
early-jump-outmethodis appliedin our 3D modelretrieval
system.First, when comparingthe queriedmodel with all
theothers,only partsof theimagesandcoef�cien tsareused.
Thiscanremovealmosthalf of themodels.Thethresholdof
removing modelsis setasthe meanof the similarity rather
thanthemedian,sincethecalculationof themeanis simpler.
Then,comparethe queriedmodel to the remaindermodels
usingmoreimagesandcoef�cie nts.Repeattheabove steps
in severaltimes.All iterationsaredetailedasfollows.

(1) In the initial stage,all 3D modelsin thedatabaseare
comparedwith thequeriedone.Two LightField Descriptors
of thequeriedmodelarecomparedwith tenof thosein the
database.Threeimagesof eachlight �eld arecompared,and
eachimageis comparedusing8 coef�cie ntsof Zernike mo-
ment.Eachcoef�cien t is quantizedto 4 bits.

(2) In the secondstage,� ve LightField Descriptors of
the queriedmodelarecomparedto ten of the othersin the

database.Five imagesof eachlight �eld arecompared,and
eachimageis comparedusing16coef�cients of Zernikemo-
ment.Eachcoef�cien t is quantizedto 4 bits.

(3) Thirdly, seven LightField Descriptors of queried
modelarecomparedwith ten of the othersin the database.
Theotheris thesameasthesecondstage,while another� ve
imagesof eachlight �eld arecompared.

(4) The fourth stageis the sameasfull comparison,but
only the Zernike momentcoef�cients, quantizedto 4 bits,
areused.In addition,the top 16 of the 5,460rotationsare
recordedbetweenthequeriedoneandothers.

(5) Eachcoef�cient of Zernike momentis quantizedto
8 bits, andthe retrieval usesthe top 16 rotations,recorded
from the4th stage,ratherthan5,460rotations.

(6) In thelaststage,eachcoef�cient of Fourierdescriptor
is addedto theretrieval.

Theapproachspeedsup theretrieval processby earlyre-
jectionof non-relevant models.Thequeryperformanceand
robustnessof eachstepwill beevaluatedin thefuture.

3.3. A user friendly interface to retrieve3D models
fr om 2D shapes

Creatinga queriedmodel for retrieval is not easyand fast
for generalusers.Thus,a user-friendly interface,a painting
program,is provided in our system.Furthermore,userscan
again utilize the retrieved model to �nd more speci�c 3D
models,since2D shapescarry lessinformation thana 3D
model.To sumup,our3D modelretrieval systemis easyfor
anovice user.

Recognizing3D objectsfrom single2D shapeis aninter-
estinganddif�cult problem,andhasbeenresearchedlong
time ago.Dudaniet al. 16 identi�ed aircraftswith moment
invariantsderived from the boundaryof 2D shapes.They
captured2D imagesof 3D objectsfrom every 5 degreesof
azimuthandroll angle.3,000imagesfor 6 aircraftsareused
for comparisonwith aninput2D shape.A 3D aircraftrecog-
nition algorithmof Wallace andWintz 17 used143 projec-
tions to representan aircraft over the hemisphere,andper-
formedtherecognitionusingnormalizedFourierdescriptors
of the 2D shapeboundary. Cyr andKimia 18 proposed3D
objectrecognitionby generating"equivalent view" from dif-
ferentpositionson theequatorfor 65 3D objects.They rec-
ognizedan unknown 2D shapeby comparingall views of
3D objectsusingshockmatching,which takesabout5 min-
utes.Recently, Funkhouseret al. 1 proposeda searchengine
for 3D models,which alsoprovidesa 2D drawing interface
for 3D modelretrieval. Theboundarycontoursarerendered
from 13 viewpointsfor each3D model,andthenadditional
13 shapedescriptorsarecreated.In our 3D modelretrieval
system,it is intuitive anddirect to compare2D shapeswith
3D models,sincethe descriptorsfor 3D modelsare com-
posedof featuresof 1002D shapesover thehemisphere,as
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Figure7: Retrieval resultsfromuserdrawn2D shapes

describedin Section2.3. The imagemetric we usedis de-
�ned in Section2.4.

4. Experimental Results

In Section4.1, the proposed3D model retrieval systemis
demonstrated.The performanceand robustnessof the ap-
proachareevaluatedin Section4.2and4.3,respectively.

4.1. The proposed3D model retrieval system

The3D modelretrieval systemis on thefollowing website
for practical trial use: http://3d.csie.ntu.edu.tw. There are
10,9113D modelsin our databasenow, all freedownloaded
via the Internet.Userscanquerywith a 3D modelor draw-
ing 2D shapes,andthensearchinteractively anditeratively
for morespeci�c 3D modelsusingthe�rst retrievedresults.
Modelsareavailable for downloadingfrom thehyperlink of
their original downloadedpathlistedin theretrieval results.
Figure7 shows a typical exampleof a querywith 2D draw-
ing shapes,andFigure8 shows theinteractive searchby se-
lectinga3D modelfrom Figure7.

The systemconsistsof off-line featureextractionin pre-
processingand on-line retrieval processes.In the off-line
process,the featuresareextractedin a PC with a Pentium
III 800MHzCPUandGeForce2MX videocard.On theav-
erage,each3D modelwith 7,540polygonstakes6.1seconds
to extract features,detailedin Table1. Furthermore,theav-
eragetimeof renderingandfeatureextractionfor a2D shape
takes0.06seconds.Extractingfeaturesaresuitablefor both
3D modeland2D shapematching.No extraeffort shouldbe
donefor 2D shapes.In the on-line process,the retrieval is
donein a PCwith two PentiumIV 2.4GHzCPUs.Only one
CPUis usedfor thequeryatonetime,andtheretrieval takes
2 and0.1secondswith a3D modelandtwo 2D shapesasthe
querykeys, respectively.

Figure 8: Retrieval resultsfrom interactively searching of
selectinga 3D modelfromFigure7

4.2. PerformanceEvaluation

Traditionally, the diagramof "Precision" vs "Recall" is a
commonway of evaluatingperformancein documental and
visual information retrieval. Recallmeasuresthe ability of
thesystemto retrieve all modelsthatarerelevant. Precision
measuresthattheability of thesystemto retrieveonly mod-
elsthatarerelevant.They arede�ned as:

Recall =
relevant correctly retrieved

all relevant

Precise=
relevant correctly retrieved

all retrieved

In general,the recall and precisiondiagramrequiresa
groundtruthdatabaseto assesstherelevanceof modelswith
a setof signi�cant queries.Testsetsareusually large, but
only a small fractionof therelevant modelsareincluded30.
Therefore,a testdatabasewith 1,8333D modelsis usedfor
evaluation. Thetestdatabasecontainsfree3D modelsfrom
3DCafe34, downloaded in Dec. 2001,but removesseveral
modelswith failed formatsin decoding. Onestudentinde-
pendentof thisresearch,regardedasahumanevaluator, clas-
si�ed the modelsaccordingto functional similarities.The
testdatabasewasclusteredinto 47classesincluding5493D

Standard
Average

Deviation
Minimum Maximum

Vertex 4941.6 13582.8 4 262882
Polygon 7540.7 21003.8 2 519813
Time 6.11sec 4.38sec 2.32sec 48.93sec

Table 1: Vertex andpolygonnumberof the10,9113D mod-
elsandthefeatureextractiontimefroma PCwith a Pentium
III 800MHzCPU
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Figure 9: Performanceevaluationof our approach, Light-
FieldDescriptor, andthoseof others.

modelsmainly for vehicleandhouseholditems(suchascat-
egoriesof airplane,car, chair, table,etc.),andall the other
1,284modelsareclassi�edas"miscellaneous".

To comparethe performancewith otherssystems,three
majorpreviousworksareimplementedasfollows:

(1) 3D Harmonics: This approach is proposed by
Funkhouseretal. 1, andoutperformsmany otherapproaches,
suchas Moments12, ExtendedGaussianImages8, Shape
Histograms9 andD2 ShapeDistributions2, which areeval-
uatedin their paper. Thesourcecodeof SpharmonicKit2.5
35, alsousedin their implementation, is usedfor computing
thesphericalharmonics.

(2) Shape3D Descriptor:Theapproachis usedin MPEG-
7 internationalstandard11, andrepresentsa 3D modelwith
curvaturehistograms.

(3) Multiple View Descriptor:This methodaligns3D ob-
jectswith PrincipalComponentAnalysis(PCA) 33, andthen
comparesimagesfrom the primary, secondaryand tertiary
viewing directionsof principalaxes.Descriptorof theview-
ing directionsis alsorecordedin MPEG-7internationalstan-
dard11, but doesnot limit theusageof imagemetrics.To get
betterperformance,integrationwith differentimagemetrics
describedin Section2.4 are used.Furthermore,for calcu-
lating PCA correctly from vertices,each3D model is re-
sampled�rst to ensurethat verticesare distributed evenly
on thesurface.

Figure 9 shows the comparisonof the retrieval perfor-
manceof our approach,LightField Descriptors, with those
of theothers.Eachcurve plots thegraphof "recall andpre-
cision" averagedover all 549 classi�ed modelsin the test
database.Obviously, LightField Descriptorperformsbetter
thantheothers.Theprecisionvaluesare42%,94%and25%
higher than thoseof 3D Harmonics,Shape3D Descriptor
andMultiple View Descriptor, respectively, aftercomparing
andaveragingoverall the"recall" axis.

Figure10: Threesimilar cupswith their principal axes,ori-
entingthemodelsin differentdirections.Retrieval resultsof
queryingare doneby the modelin (a). The�r st numberin
bracket showsthe queriednumberby our method,and the
secondnumbershowstheMultiple View Descriptor.

However, in our implementation of 3D Harmonics, the
precisionis not asgoodasthat indicatedin theoriginal pa-
per1, shown in Table2.Evaluatingby differenttestdatabase
is onepossiblereason,andanotheronemay lie in a small
amountof differentdetailsbetweenour implementationand
original paper, even if we try to implementthesameasthe
originalpaper. Thetestdatabaseusedin theoriginalpaperis
alsopurchasedby us,andwill beevaluatedin thefuture.As
for PCA appliedto Multiple View Descriptor, Funkhouser
et al. 1 found that principal axesarenot goodwhile align-
ing orientationsof differentmodelswithin the sameclass,
andalsodemonstratedthis problemusing3 mugs.Retrieval
with similarexamplesin ourtestdatabaseis shown in Figure
10. Clearly, our approachworkswell againstthis particular
problemof PCA.

4.3. Robustnessevaluation

All theclassi�ed3D modelsin thetestdatabaseareapplied
to thefollowing evaluationin orderto assesstherobustness.
Eachtransformed3D model is thenusedfor queriesfrom
thetestdatabase.Theaveragerecallandprecisionof all 549
classi�edmodelsareusedfor theevaluation. Therobustness
is evaluatedby thefollowing transformation:

(1) Similarity transformation:For each3D model,seven
randomnumbersareappliedto x-, y-, andz-axis rotations
(from 0 to 360 degree), x-, y- and z-axis translations(-
10� +10 timesof the lengthof the model's boundingbox),
andscaling(a factorof -10� +10).

(2) Noise:Eachvertex of 3D modelis appliedthreeran-

Recall 0.2 0.3 0.4 0.5 0.6 0.7
Ourapproach 0.51 0.42 0.36 0.30 0.25 0.20
3D Harmonics 0.37 0.27 0.22 0.18 0.16 0.14
3D Harmonics
with different 0.41 0.33 0.26 0.20 0.17 0.14
testdatabase1

Table 2: Precisionof 3D Harmonicsin the original paper
for comparison.
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Figure 11: Robustnessevaluationof (b) noiseand(c) deci-
mationfrom(a) original 3D model

dom number to x-, y- and z-axis translation(-3%� +3%
timesof thelengthof themodel's boundingbox).Figure11
(b) showsa typical exampleof theeffect.

(3) Decimation: For each3D model,randomlyselect20%
polygonsto bedeleted.Figure11 (c) shows a typical exam-
pleof theeffect.

Experimentalresultof therobustnessevaluationis shown
in Figure12.Clearly, ourapproachis robustagainstsimilar-
ity transformation,noiseanddecimation.

5. Conclusionand Futur eWorks

In thispaper, a3D modelretrieval systemis proposedbased
onvisualsimilarity. Thenew metricbasedonasetof Light-
Field Descriptors is proposedfor matchingamong3D mod-
els. The visual similarity-basedapproachis robust against
translation,rotation, scaling,noise,decimationand model
degeneracy etc. A practical retrieval systemthat includes
morethan10,0003D modelsis availableon thewebfor ex-
pert andnovice users,andthe retrieval canbe donein less
than2 secondsonaserverwith PentiumIV 2.4GHzCPU.A
friendly userinterfaceis alsoprovidedto queryby drawing
2D shapes.The experimental resultsdemonstratethat our
approachoutperforms3D Harmonics,MPEG-7 Shape3D
DescriptorandMultiple View Descriptor.

In futurework, severalinvestigationsaredescribedasfol-
lows.First,otherimagemetricfor 2D shapesmatchingmay
be evaluatedand includedto improve the performance.In
addition,the imagemetric for color andtexture 11 canalso
beincludedto retrieval 3D modelusingmorevisualfeatures.
Second,different approaches("cocktail" approach) can be
combinedto improve the overall performance. Third, the
mechanismof training dataor active learning12; 13 may be
usedto adjust the weighting amongdifferent features.Fi-
nally, partialmatchingfrom severalobjectstakesalongtime
to computein general,andis alsoanimportantanddif�cult
researchdirectionin thefuturework 28; 29.
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