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Abstract

A large numberof 3D modelsare createdand available on the Web, sincemore and more 3D modellingand

digitizing tools are developed for ever increasingapplications.Thetecniques for content-base@D modelre-

trieval thenbecone necesay. In this paper a visual similarity-based3D modelretrieval systemis proposed.
Thisapproat measuesthe similarity among3D modelsby visualsimilarity, andthe mainideais thatif two 3D

modelsare similar, they alsolook similar fromall viewing angles.Theefore, onehundied orthogonal projections
of an object,excludingsymmetryare encode both by Zernike momentsand Fourier descriptos as featuesfor

later retrieval. Thevisual similarity-basedappmoad is robustagainstsimilarity transformationnoise modelde-

genercy etc.,and provides42%, 94% and 25% better performanceprecision-ecall evaluationdiagram) than

three other competingapproades: (1)the sphericalharmonicsapproad developedby Funkhouseet al., (2)the
MPEG-7Shape3D descriptos, and(3)theMPEG-7Multiple View Descriptor Theproposedsystenis onthe\Web
for practical trial use(http://3d.csientu.edu.tw)and the databasecontainsmore than 10,000publicly available
3D modelscollected from WWWpages.Furthermoe, a userfriendly interfaceis providedto retrieve 3D models
by drawing 2D shapesTheretrieval is fastenoughon a serverwith PentiumlV 2.4GHzCPU, andit takesabout
2 second@ind0.1secondgor queryingdirectlyby a 3D modeland by handdrawn 2D shapesrespectively

Catgyoriesand SubjectDescriptorgaccordingto ACM CCS) H.3.1[Information StorageandRetrieval]: Indexing

Methods

1. Intr oduction

Recently the development of 3D modelingand digitizing
technologis hasmadethe model generatingprocessmuch
easierAlso, throughthelnternet,userscandowvnloadalarge
numberof free3D modelsfrom all overtheworld. Thisleads
to the necessitie®f a 3D modelretrieval system Although
text-basedsearchenginesare ubiquitoustoday multimedia
data,suchas3D models,usuallylacksmeanindul descrip-
tion for automaticmatching.The MPEG groupaimsto cre-
atean MPEG-7internationalstandardalsoknown as"Mul-
timedia ContentDescriptioninterface", for the description
of multimediadatall. However, little descriptionis about
3D models.The needof developing ef cient techniquegor
content-base8D modelretrieval is increasing.

To searct8D modelsthatarevisually similarto aqueried
model is the most intuitive way. However, most meth-
odsconcetrateon the similarity of geometricdistributions
ratherthan directly searchingfor visually similar models.
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The geometric-baed approachis feasible since much ap-
pearancdor an objectis controlledby its geometryIn this
paper however, we presenta novel approab that matches
3D modelsusing their visual similarities, which are mea-
suredwith imagedifferencesn light elds. We take this ap-
proachto bettert thegoalof comparingmodelsthatappea
to be similar to a humanobsenrer. The concet of the vi-
sualsimilarity-baseapproactis similarto thatof theimage-
drivensimpli cation, proposedy LindstromandTurk 14,

The geometry-basea@pproachis broadly classi ed into
two cateyories: shape-basedndtopology-basednatching.
The shape-basedpproab usesthe distribution of vertices
or polygonsto judge the similarity between3D models
124567 The challengeof the shape-base@pproachis
how to de ne shapedescriptorsyhich needto be sensitve,
unique,stable,ef cient, androbustagainstsimilarity trans-
formationsof variouskinds of 3D models.The topology-
basedapproachutilizestopologica structuresof 3D models
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to measurethe similarity betweenthem 3. The dif culties
of thetopology-base@pproachincludeautomatictopology
extractionfrom all typesof 3D models,andthe discrimina-
tion betweentopologiesfrom different cateyories.Eachof
thetwo approachghasits inherentmeritsanddemerits For
example,a topology-base@pproachieadsto high similar
ity betweertwo identical3D modelswith differentgestures,
whereasa shape-basedpproab cannot.On the otherhand,
a shape-basedpproab resultsin high similarity between
3D modelswith differentconnection@mongparts,whereas
atopology-base@pproab cannot.For instancepotha n-
gerandthe shoulderof ahumanmodelarepartsof ahuman
body The topologiesare quite differentwhetherthe nger
doesor doesnot connectto a humanbody, but the shapes
aresimilar.

Most previous works of 3D model retrieval focusedon
de ning suitablefeaturedor thematchingprocess 13, and
were basedon either statistical properties,such as global
shapehistogramspr the skeletal structuresof 3D models.
Osadaet al. 2 proposedand analyze&l a methodfor com-
puting shapesignaturesf arbitrary 3D polygonalmodels.
Thekey ideais to representhe signatureof a 3D modelas
a shapedistribution, which is a histogramcreatedfrom the
distancebetwea two randompointson a surfacefor mea-
suringglobalgeometricpropertiesThe approachs simple,
fastandrobust,andcould be appliedasa pre-classi erin a
complete3D modelretrieval system.

Funkhouseetal. ! proposed practicalweb-basedearch
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 degeneacy or alignmentof orienta-
tions. In their system,a multimodal queryis appliedto in-
creasaheretrieval performancéyy combiningfeaturessuch
astext and3D shapesilt is alsofastenoughto retrieve from
arepositoryof 20,000modelsin lessthanonesecond.

Hilagaetal.3 proposedtechniquen whichthesimilarity
betweenpolyhedralmodelsis accuratyy andautomatically
calculatel by comparingthe skeletalandtopologicalstruc-
ture.Theskeletalandtopologicalstructuredecomposea 3D
modelto aone-dimensionajraphstructure Thegraphis in-
variantto similarity transformations;obustagainstsimpli -
cation and deformationcausedby changingpostureof an
articulatedobject, etc. In their experimentalresults,the av-
eragesearchtime from 230 3D modelsis about12 seconds
with a Pentiumll 400MHz processarAnother 3D model
retrieval system?0 | having 445 modelsin the databae, is
extendedfrom thework of Hilaga et al., andtakesabout12
second®n asenerwith PentiumlV 2.4 GHz processar

In this paper a novel visual similarity-basedapproach
for 3D modelretrieval is proposedandthe systemis also
available on the web for practicaltrial use.The proposed
approachs robust againstsimilarity transformationsnoise

andmodeldegenerayg, etc. Therearemorethan10,0003D
modelsin our databaseanda userfriendly interfaceis pro-
vided for 3D modelretrieval by drawving 2D shapesyhich
aretakenasoneor moreprojectionviews.

In generalaretrieval systemcontainsoff-line featureex-
traction and on-line retrieval processesWe introducethe
LightField Descriptorto represenBD models,which is de-
tailedin Section2, aswell asthe featureextraction.In Sec-
tion 3, comparing3D modelsis representedor the on-line
retrieval process.The experimenté resultsand the perfor
manceevaluationsare shavn in Section4. Section5 con-
cludesthewrite up.

2. Feature Extraction for Representing3D Models

The proposeddescriptorusedfor compaing the similarity
among3D modelsis extractedfrom 4D light elds, which
arerepresentationsf a 3D object. Thephrasdight eld de-
scribegheradiometricpropertiesf light in aspaceandwas
coinedby Gershun3. A light eld (or plenopticfunction)
is traditionallyusedin image-basedenderingandis de ned
asa vedimensionafunctionthatrepresenttheradianceat
agiven3D pointin agivendirection24 25, For a 3D model,
therepresentatioiis the samealongaray, sothe dimension
of thelight eld aroundanobjectcanbereducedo 4D 2514,
Each4D light eld of a 3D modelis representedy a col-
lection of 2D images,which arerenderedrom a 2D array
of camerasThe camerapositionsof onelight eld canbe
put eitheron a at surface?> or on a sphere'4 in the 3D
world. Thelight eld representatiohasnotonly beenused
in image-basedendering put alsoin image-drvensimpli -
cationby LindstromandTurk 14, whoseapproabt usesim-
agedo decidewhich portionsof a modelto simplify.

In this paperwe extractfeaturefrom thelight elds ren-
deredfrom camera®n a sphereThemainideaof usingthe
approacho getthe similarity betweentwo modelsis intro-
ducedn Section2.1.To reducesizeof thefeaturesandspeed
up the matchingprocessthe cameasof thelight elds are
distributeduniformly andpositionedon verticesof aregular
dodecabkdron.We namethe descriptorLightFeld Descrip-
tor, anddescribet in Section2.2.In Section2.3, we shav
thatone3D modelis representety a setof LightHeld De-
scriptorsin orderto improve therobustnessgainstrotations
while comparingbetweentwo models.Onethatis alsoim-
portantis the imagemetric used,andis detailedin Section
2.4.Finally, the ow chartof extractingthe LightField De-
scriptors for a 3D modelis summarizedn Section2.5.

2.1. Measuring similarity betweentwo 3D models

The mainideacomesfrom the following statement/If two
3D modelsaresimilar, they alsolook similar from all view-
ing angles."Accordingly, the similarity betweentwo 3D
modelscanbe measuredby summingup the similarity from
all correspondingmagesof a light eld. However, what
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Figure 1: Themainideameasuringsimilarity betweertwo
3D models

must be considereds the transformation,ncluding trans-
lation, rotationandscaling. The translationandthe scaling
problemsare discussedn Section2.5 andignoredby our
imagemetric describedn Section2.4. As for rotation, the
key to this problemis visual similarity. The camerasystem
surroundingeachmodelis rotateduntil the highestoverall
similarity (crosseorrelation)betweenthe two modelsfrom
all viewing anglesis reachedTake Figure1 asanexample,
where(a) and(c) aretwo differentairplaneswith inconsis-
tentrotations First, for theairplanein Figurel (a), we place
thecameasof alight eld onasphereasshavnin Figurel
(b), wherecamerasare put on the intersectionpointsof the
sphere.Then,camera of this light eld canbe applied,at
the samepositions to the airplanein Figurel (c), asshavn
in Figure 1 (d). By summingup the similaritiesof all pairs
of correspondingmagesin Figure 1 (b) and (d), the over
all similarity betweerthetwo 3D modelsis obtained Next,
the camerasystemin Figurel (d) canberotatedto a differ-
entorientation,suchasFigurel (e), which leadsto another
similarity value betwea the two models.After evaluating
similarity values,the correctcorrespondingprientation,in
whichthetwo modeldook mostsimilarfrom all correspond-
ing viewing angles,canbe found, suchasFigurel (f). The
similarity betwee thetwo modelsis de ned assummingup
thesimilarity from all correspondingmagesbetweerfFigure
1 (b) and(f).

However, the computationwill be very complicatel and
impracticalto a3D modelretrieval systenmusingcurrentpro-
cessorsTherefore the camerapositionsof a light eld are
distributeduniformly on verticesof aregulardodecéedron,
suchthatreduceccamergpositionsareusedfor approxima-
tion.

2.2. A LightField Descriptorfor 3D models

To reducetheretrieval time andthesizeof featuresthelight
eld camerasanbe put on 20 verticesof a regular dodec-
ahedron.That is, there are 20 different views, which are
distributed uniformly, over a 3D model. The 20 views can
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Figure 2: A typical exanple of the 10 silhouettesfor a 3D
model

roughly representhe shapeof a 3D model,asbeenapplied
similarly in previous works. Huberand Hubert2? proposed
an automaticregistrationalgorithm,which is ableto recon-
structreal world objectsfrom 15 to 20 variousviewpoints
from alaserscannerLindstromandTurk 14 alsoemploy the

20 views in comparing3D modelsfor image-drven simpli-

cation.

Since their applicationsare different from the retrieval
system,the requirementof renderingimage and the im-
agemetricusedarealsodifferent.First, lighting is different
while renderingimagesof an object.We turn all lights off,
sothatthe renderedmageswill be silhouettesonly, which
enhancehe ef ciency andthe robustnesf imagemetric.
Secondprthogonaprojectionis appliedin orderto speedip
theretrieval processaandreducethe size of featuresThere-
fore, ten differentsilhouettesare producedfor a 3D model,
sincethesilhouettegprojectedrom two oppositeverticeson
thedode@hedrorareidentical.Figure2 shavs atypical ex-
ampleof the 10 silhouettef a3D model.In ourimplemen-
tation,therenderedmagesizeis 256 by 256 pixels. Conse-
quently therenderingprocesscan lter out high-frequeng
noise of 3D models,and also make our approachreliable
from degenerayg of meshessuchasthosemissingwrongly-
oriented,intersectingdisjointandoverlappingpolygons.

Sincethe camerasare placal on the verticesof a x ed
regular dode@hedronwe needto rotatethe camerasystem
60times(to beexplainedbelow), sothatthecamerasanbe
switchedonto differentvertices,while measuringhe simi-
larity betwea descriptorsof two 3D models.The dissimi-
larity, Da, betweertwo 3D modelsis de ned as:

.10
Da = min g d(lw;l2) ;
I k=1

i=1:60 (1)

whered denoteghe dissimilarity betweentwo images,de-
ned in Section3.1, andi denotesdifferent rotationsbe-
tweencamergpositionsof two 3D models.For aregulardo-
decahdron,eachof the 20 verticesis connectd by 3 edges,
whichresultsin 60 differentrotationsfor onecamerasystem
(mirror mappingis notavailable).l;, andly arecorrespond-
ing imagesunderi-th rotation.

Hereis atypical exampleto explain our approachThere
aretwo 3D models,a pig anda cow, in Figure 3 (a), both
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Figure 3: ComparingLightField Descriptos betweertwo 3D models

rotatedrandomly First, 20 imagesare renderedfrom ver

ticesof adodechedronfor boththe 3D model.As shavnin

Figure 3 (b), we compareall the corresponding@D images
from the sameviewing angles,suchas,the orderl 5 be-
tweenpig andcowmodel.Thuswe geta similarity valueun-

derthis rotationof camerasystem.Then,we mapthe order
1 5differentlyasin Figure3 (d), andgetanothersimilarity

value.After repeatinghisprocesswe nd arotationof cam-
erapositionswith thebestsimilarity (cross-correlatiobeing
highest),asshavn in Figure3 (d). Therefore the similarity

betweerthetwo modelsis the summatiorof the similarities
amongall the correspondingmages.

Consequentlythe LightField Descriptoris de ned asthe
basisrepresentationf a3D model,andis de ned asfeatures
of 10 imagesrenderedrom verticesof dodecakdronover
ahemisphereA LightFeld Descriptorsomeha eliminates
therotationproblem but thisis notexactenoughTherefore,
asetof light elds is appliedto improve therohustness.

2.3. A setof LightField Descriptorsfor a 3D model

To be robust against rotationsamong3D models,a set of
LightField Descriptosis appliedto each3D model.If there
are N LightFeld Descriptoss, which are createdfrom dif-
ferentcamea systenmorientationgor both3D models there
are(N (N 1)+ 1) 60 differentrotationsbetwea the
two models.Therefore the dissimilarity, Dg, betwea two

3D modelsis thende ned as:
Dg = min Da(Lj; Lk) ; j;k=1:N (2)

whereD, is de ned in Equation(1), andL; andL arelight
eld descriptorof two modelsrespectiely.

The relationshipof the N light elds needsto be care-
fully setto ensurethat all the camerasare distributed uni-
formly and ableto cover differentviewing anglesto solve
the rotation problem effectively. The approachof generat-
ing the evenly distributing camerapositionsof the N light
elds comesfrom the ideain relaxationof randompoints
proposedy Turk 15. The processanbe pre-processednd
thenall 3D modelsusethe samedistributed light elds to
generatecorrespondinglescriptorsin our implementation,
we setN = 10, asshavn in Figure 4, thatis, the similar-
ity betweertwo 3D modelsis obtainedfrom the bestoneof
5,460differentrotations.Therefore the averagemaximum
errorof rotationanglebetweenwo 3D modelsis about3.4
degreein longitudeandlatitude. Thatis:

180 360

= B460) x=34 ©)

which is small enoughfor our 3D modelretrieval system
accordingo our experimentatresults Of coursethenumber

Figure 4: A setof LightFeld Descriptoss for a 3D model
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N canbe biggerthan10, andwe will evaluatein the future
the saturatioreffectwhenN becomesigger

2.4. Image metric

An image metric is a function measuringthe distancebe-
tweentwo imagesRecentlyContent-BasetimageRetrieval
(CBIR) hasbecomea popularresearchanddifferentimage
metricshave beenproposed?® 22, Many approachesf im-
agemetricsarerobustagainsttransformationsuchastrans-
lation, rotation,scaling,andimagedistortion.

Oneof theimportantfeaturesof imagesis the shapede-

scriptor which canbe broadly classi ed into region-based

and contourbaseddescriptor The useof a combinationof
differentshapedescriptor$rasbeenproposedecentlyin or-
derto improve theretrieval performance? 22, In this paper
we adoptanintegratedapproactproposedy ZhangandLu
21 which combinesa region shapedescriptor(Zernike mo-
mentsdescriptor)and a contour shapedescriptor(Fourier
descriptor).The Zernike momentdescriptoris alsousedin
MPEG-7,which is namedRegionShapedescriptoril. Dif-
ferentshapesignatureshave beenusedto derive Fourierde-
scriptor andthe retrieval using Fourier Descriptorsderived
from the centroid distancehassigni cantly higher perfor
mancethan those of the other methods.Thesewere also
comparedoy ZhangandLu 2. The centroiddistancefunc-
tion is expressedby the distanceto boundarypoints from
the centroid of the shape.The boundarypoints of a shape
areextractedthrougha contourtracingalgorithm,proposed
by Pavlidis 31. Figure5 shavs a typical exampleof the cen-
troid distanceFigure5 (a) shawvs a 2D shapeenderedrom
aviewpointof a 3D model,andthe contourtracingresultis
shavn in Figure5 (b). Figure5 (c) shavs the centroiddis-
tanceof (a).

Sometimeshowever, a 3D modelmight be renderednto
severalseparate@D shapesasshavn in Figure6 (a). When
this situation occurs,the following two stagesare applied
to connect.First, we apply Erosionoperation32 from one
to severaltimesto connectthe separategharts,asshavn in
Figure 6 (b). Second.a thinning algorithm32 is appliedin
orderto connectthe separategarts,as shovn in Figure 6
(c). Notethatthe pixels of rendered2D shapecannda bere-
moved during the thinning algorithm. The separatecparts
arethenconneted,andthe high-frequeng noisewill be |-
teredout by the FourierdescriptorBut if therearestill sep-
aratedpartsafter runningthe Erosionoperationfor several
times,a boundingbox algorithmwill replacethe rst stage
abore.

Thereare 35 coefcients for Zernike momentdescriptor
and 10 coefcients for Fourier descriptor Eachcoefcient
is quantizedo 8 bits in orderto reducethe size of descrip-
tors and acceleate the retrieval processConsequentlythe
approachs robust againsttranslation rotation,scalingand
imagedistortion,andis very ef cient.
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Figure 5: A typical exanple of the centoid distancefor a
2D shape

Figure 6: Connectiorof differentpartsof 2D shapes

2.5. Stepsof extracting LightField Descriptorsfor a 3D
model

The stepsof extractingthe LightFeld Descriptos for a 3D
modelaresummarizedn thefollowing.

(1) Translationandscalingareapplied rst to ensurethat
3D modelis entirely containel in renderedmages.Thein-
put 3D modelis translatedrom the centerof the modelto
theorigin of world coordinatesystemTheaxisis thenscaled
suchthatthe maximumlengthis 1.

(2) Renderimagesfrom the camea positions of light
elds, asdescribedn Section2.3.

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

(4) Descriptordor a3D modelareextractedfrom the 100
imagesasin Section2.4.

3. Retrieval of 3D Models Using LightField Descriptors

In the off-line procesamentiond in last section,the Light-
Field Descriptos of each3D model in the databaseare
calculatel and storedfor 3D modelretrieval. This section
detailsthe on-line retrieving processwhich compareshe
descriptorsof the queriedone with all the other 3D mod-
elsin the databaseComparingthe LightFeld Descriptos
within two modelsis describedn Section3.1. Thosewhoare
greatlydissimilarto thequeriedmodelwill berejectedearly
in theprocessgdetailedin Section3.2,which acceleratethe
retrieval with alargedatabasePractically whenausermwants
to retrieve 3D models,he/shecanuploada 3D modelasa
querykey. However, early experiencesof Funkhouseet al.
1 suggesthatevenasimplegesturanterface,suchasTeddy
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systent$, is still toohardfor novice andcasualisergo learn
quickly. They proposedhatdraving 2D shapesvith apaint-
ing programto retrieve 3D modelsis intuitive for users.n
this paper a userfriendly drawing interfacefor 3D model
retrieval is also provided. The approachof comparing2D
shapesvith 3D modelsis describedn Section3.3.

3.1. Similarity betweenLightField Descriptorsof two 3D
models

Theretrieving procesanbereferredascalculatingthesim-

ilarity oneby onebetweenthe queriedoneandeachof the
modelsin the databae and shawving thosesimilar to the

gueriedone. The similarity betwe=n two modelsis de ned

assummingup thesimilarity from all the correspondingm-

ages,as describedin Section2.3. The comparisonof two

descriptorss asEquation(2). Whencomparingthe dissimi-

larity, d, of correspondingmageswe usesimpleL1 distance
to measure:

d(J;K) = é.jcli Caij (4)
|

whereC; andC, denotecoefcie nts of two images,andi
denoteghe index of their coefcients. Thereare 45 coef-
cientsfor eachimage,eachquantizel to 8 bits. To simplify
the computationa 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 modelsfrom databasewith large
number of models

For a 3D model retrieval system,a databae with a large
numberof modelsshouldbe consideredFor example,there
are over 10,0003D modelsin our databaseTo ef ciently
retrieve 3D modelsfrom anenormousiatabaseaniterative
early-jump-outmethodis appliedin our 3D modelretrieval
system.First, when comparingthe queriedmodel with all
theothersonly partsof theimagesandcoefcientsareused.
This canremove almosthalf of themodels Thethresholdof
removing modelsis setasthe meanof the similarity rather
thanthemedian sincethecalculationof themeanis simpler
Then,comparethe queriedmodelto the remaindemodels
usingmoreimagesandcoefcie nts. Repeathe above steps
in severaltimes.All iterationsaredetailedasfollows.

(2) In theinitial stage,all 3D modelsin the databaseare
comparedvith the queriedone.Two LightField Descriptois
of the queriedmodelare comparedwith ten of thosein the
databaseThreeimagesof eachlight eld arecomparedand
eachimageis comparedusing8 coefcie ntsof Zernike mo-
ment.Eachcoefcient is quantizedo 4 bits.

(2) In the secondstage, ve LightFeld Descriptos of
the queriedmodelare comparedo ten of the othersin the

databasefFive imagesof eachlight eld arecomparedand
eachimageis comparedisingl16 coefcients of Zernike mo-
ment.Eachcoefcient is quantizedo 4 bits.

(3) Thirdly, seven LightField Descriptos of queried
modelare comparedwith ten of the othersin the database.
Theotheris the sameasthe secondstage while another ve
imagesof eachlight eld arecompared.

(4) The fourth stageis the sameasfull comparisonput
only the Zernike momentcoefcients, quantizedto 4 bits,
areused.In addition, the top 16 of the 5,460rotationsare
recordecbetweerthe queriedoneandothers.

(5) Eachcoefcient of Zernike momentis quantizedto
8 bits, andthe retrieval usesthe top 16 rotations,recorded
from the4th stageratherthan5,460rotations.

(6) In thelaststage eachcoefcient of Fourierdescriptor
is addedo theretrieval.

The approactspeedaip theretrieval processdy earlyre-
jection of non-relerant models.The queryperformanceand
robustnes®f eachstepwill beevaluaedin thefuture.

3.3. A userfriendly interface to retrieve 3D models
from 2D shapes

Creatinga queriedmodelfor retrieval is not easyand fast
for generalusers.Thus,a userfriendly interface,a painting
program,is providedin our system.Furthermorepuserscan
aaain utilize the retrieved modelto nd more speci c 3D
models,since 2D shapesarry lessinformationthana 3D
model.To sumup, our 3D modelretrieval systems easyfor
anovice user

RecognizingBD objectsfrom single2D shapes aninter-
estinganddif cult problem,and hasbeenresearchedong
time ago.Dudaniet al. 16 identi ed aircraftswith moment
invariantsderived from the boundaryof 2D shapesThey
captured2D imagesof 3D objectsfrom every 5 degreesof
azimuthandroll angle.3,000imagesfor 6 aircraftsareused
for comparisorwith aninput 2D shapeA 3D aircraftrecog-
nition algorithm of Wallace andWintz 17 used143 projec-
tions to represenan aircraft over the hemisphereand per
formedtherecognitionusingnormalized~ourierdescriptors
of the 2D shapeboundary Cyr and Kimia 18 proposed3D
objectrecognitionby generatingequivalent view" from dif-
ferentpositionson the equatorfor 65 3D objects.They rec-
ognizedan unknavn 2D shapeby comparingall views of
3D objectsusingshockmatching which takesabout5 min-
utes.Recently Funkhouseetal. 1 proposedh searchengine
for 3D models,which alsoprovidesa 2D drawing interface
for 3D modelretrieval. Theboundarycontoursarerendered
from 13 viewpointsfor each3D model,andthenadditional
13 shapedescriptorsare createdIn our 3D modelretrieval
systemit is intuitive anddirectto compare2D shapeswith
3D models,sincethe descriptorsfor 3D modelsare com-
posedof featuresof 100 2D shapesver the hemisphereas
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Figure 7: Retrieval resultsfromuserdrawn 2D shapes

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

4. Experimental Results

In Section4.1, the proposed3D modelretrieval systemis
demonstratedThe performanceand robustnessof the ap-
proachareevaluaedin Section4.2and4.3,respectiely.

4.1. The proposed3D modelretrieval system

The 3D modelretrieval systemis on the following web site
for practical trial use: http://3d.csientu.edi.tw. There are
10,9113D modelsin our databas@&ow, all free downloaded
via the Internet.Userscanquerywith a 3D modelor draw-

ing 2D shapesandthensearchinteractvely anditeratively

for morespeci ¢ 3D modelsusingthe rst retrievedresults.
Modelsareavailable for downloadingfrom the hyperlink of

their original downloadedpathlistedin theretrieval results.
Figure7 shows a typical exampleof a querywith 2D draw-

ing shapesandFigure8 shaws theinteractve searchby se-
lectinga 3D modelfrom Figure?.

The systemconsistsof off-line featureextractionin pre-
processingand on-line retrieval processesln the off-line
processthe featuresare extractedin a PC with a Pentium
Il 800MHz CPUandGeForce2MX videocard.Ontheav-
erageeach3D modelwith 7,540polygonstakes6.1seconds
to extractfeaturesdetailedin Tablel. Furthermorethe av-
eragetiime of renderingandfeatureextractionfor a2D shape
takes0.06 secondsExtractingfeaturesaresuitablefor both
3D modeland2D shapematching No extraeffort shouldbe
donefor 2D shapesin the on-line processthe retrieval is
donein a PCwith two PentiumlV 2.4GHzCPUs.Only one
CPUis usedfor thequeryatonetime, andtheretrieval takes
2 and0.1secondsvith a3D modelandtwo 2D shapessthe
querykeys, respectiely.
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Figure 8: Retrieval resultsfrom interactively searching of
selectinga 3D modelfrom Figure 7

4.2. Performance Evaluation

Traditionally, the diagramof "Precision"vs "Recall" is a
commonway of evaluatingperformancen documenthand
visual informationretrieval. Recallmeasureshe ability of
the systemto retrieve all modelsthatarerelevart. Precision
measureshattheability of the systemto retrieve only mod-
elsthatarerelevant. They arede ned as:

relevart corredly retrieved
all relevart

Recal =

relevart corredly retrieved
all retrieved

Precise =

In general,the recall and precisiondiagramrequiresa
groundtruth databas¢o assestherelevance of modelswith
a setof signi cant queries.Testsetsare usually large, but
only a smallfraction of the relevant modelsareincluded=0.
Therefore atestdatabasevith 1,8333D modelsis usedfor
evaluation Thetestdatabaseontainsfree 3D modelsfrom
3DCafe34, downloadeal in Dec. 2001, but removes several
modelswith failed formatsin decodimg. One studentinde-
pendenbf thisresearchregardedasahumanevaluator clas-
si ed the modelsaccordingto functional similarities. The
testdatabasevasclusterednto 47 classesncluding5493D

Standard . .
Average - Minimum| Maximum
Deviation
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 and polygonnumberof the 10,9113D mod-
elsandthefeature extractiontimefroma PC with a Pentium
Il 800MHz CPU
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Figure 9: Performanceevaluation of our approac, Light-
Field Descriptor andthoseof othels.

modelsmainly for vehicleandhouseholdtems(suchascat-
egoriesof airplane,car, chair, table, etc.),andall the other
1,284modelsareclassi edas"miscellan®us".

To comparethe performancewith otherssystemsthree
major previousworksareimplementedasfollows:

(1) 3D Harmonics: This approachis proposed by
Funkhouseetal.1, andoutperformsmary otherapproachs,
suchas Moments12, ExtendedGaussianmages®, Shape
Histograms® andD2 ShapeDistributions?2, which areeval-
uatedin their paper The sourcecodeof SpharmonicKi2.5
35, alsousedin theirimplementationis usedfor computing
thesphericaharmonics.

(2) Shape3D Descriptor:Theapproachs usedin MPEG-
7 internationalstandardt, andrepresents 3D modelwith
curvaturehistograms.

(3) Multiple View Descriptor:This methodaligns3D ob-
jectswith PrincipalComponenfnalysis(PCA) 33, andthen
comparesmagesfrom the primary, secondaryand tertiary
viewing directionsof principalaxes.Descriptorof theview-
ing directionsis alsorecordedn MPEG-7internationaktan-
dard!1, but doesnotlimit theusageof imagemetrics.To get
betterperformanceintegrationwith differentimagemetrics
describedin Section2.4 are used.Furthermorefor calcu-
lating PCA correctly from vertices,each3D model is re-
sampledrst to ensurethat verticesare distributed evenly
onthesurface.

Figure 9 shavs the comparisonof the retrieval perfor
manceof our approachlightFeld Descriptos, with those
of the others.Eachcurve plotsthe graphof "recall andpre-
cision" averagedover all 549 classi ed modelsin the test
databaseObviously, LightFeld Descriptor performsbetter
thantheothersTheprecisionvaluesare42%,94%and25%
higher thanthoseof 3D Harmonics,Shape3D Descriptor
andMultiple View Descriptor respectiely, aftercomparing
andaveragingover all the"recdl" axis.

Figure 10: Threesimilar cupswith their principal axesori-
entingthe modelsin differentdirections Retrieval resultsof
gueryingare doneby the modelin (a). The r st numberin
bradket showsthe queriednumberby our method,and the
seconchumbershowsthe Multiple View Descriptor

However, in our implementéion of 3D Harmonig, the
precisionis not asgoodasthatindicatedin the original pa-
perl, shavnin Table2. Evaluatingby differenttestdatabase
is one possiblereasonand anotherone may lie in a small
amountof differentdetailsbetweerourimplementatiorand
original paper evenif we try to implementthe sameasthe
original paper Thetestdatabasesedin theoriginal paperis
alsopurchasedby us,andwill beevaluaedin thefuture.As
for PCA appliedto Multiple View Descriptor Funkhouser
etal. ! found that principal axes are not good while align-
ing orientationsof differentmodelswithin the sameclass,
andalsodemonstratethis problemusing3 mugs.Retrieval
with similarexamplesn ourtestdatabaeis shavnin Figure
10. Clearly, our approachworks well againstthis particular
problemof PCA.

4.3. Robustnessevaluation

All theclassi ed 3D modelsin thetestdatabasareapplied
to thefollowing evaluationin orderto assesgherobustness.
Eachtransformed3D modelis thenusedfor queriesfrom
thetestdatabaseThe averagerecallandprecisionof all 549
classi edmodelsareusedfor theevaluation Therobustness
is evaluatedby thefollowing transformation:

(1) Similarity transformationfor each3D model,seven
randomnumbersare appliedto x-, y-, and z-axisrotations
(from O to 360 degree), x-, y- and z-axis translations(-
10 +10timesof the lengthof the model's boundingbox),
andscaling(afactorof -10 +10).

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

Recall 0.2 03| 04| 05| 06| 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

wrTour—

3D Harmonic
with differenf 0.41| 0.33| 0.26| 0.20| 0.17| 0.14

testdatabae?|

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

dom numberto x-, y- and z-axis translation(-3% +3%
timesof thelengthof the model's boundingbox). Figure11
(b) shawvs atypical exampleof the effect.

(3) Decimaion: For each3D model,randomlyselect20%
polygonsto be deleted Figure 11 (c) shavs a typical exam-
ple of theeffect.

Experimentatesultof the robustnes®valuationis shavn
in Figure12. Clearly, our approachs robustagainstsimilar
ity transformationnoiseanddecimation.

5. Conclusionand Futur e Works

In this papera 3D modelretrieval systemis proposedased
onvisualsimilarity. The new metrichasedn a setof Light-

Field Descriptosis proposedor matchingamong3D mod-

els. The visual similarity-basedapproachis robust against
translation,rotation, scaling, noise,decimationand model
degeneray etc. A practical retrieval systemthat includes
morethan10,0003D modelsis availableon thewebfor ex-

pertandnovice users,andthe retrieval canbe donein less
than2 second®nasenerwith PentiumlVV 2.4GHzCPU.A

friendly userinterfaceis alsoprovidedto queryby drawing

2D shapesThe experimenta resultsdemonstratehat our

approachoutperforms3D Harmonics,MPEG-7 Shape3D

DescriptorandMultiple View Descriptor

In futurework, severalinvestigationsaredescribedasfol-
lows. First, otherimagemetricfor 2D shapesnatchingmay
be evaluatedand includedto improve the performanceln
addition,the imagemetric for color andtexture 11 canalso
beincludedto retrieval 3D modelusingmorevisualfeatures.
Second different approacheg'cocktail" approabt) canbe
combinedto improve the overall performance Third, the
mechanisnof training dataor active learning'2 13 may be
usedto adjustthe weighting amongdifferent features.Fi-
nally, partialmatchingfrom severalobjectstakesalongtime
to computein generalandis alsoanimportantanddif cult
researchdirectionin thefuturework 28 29,
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