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Figure 1. Best views generated by our approach.

Abstract

An appmoach to automaticallyselectstableand salient
representativeviews of a given3D objectis proposed.Ini-
tially, a setof viewpointsare uniformly sampledalong the
surfaceof a boundingsphee. Thesampledviewpointsare
connectedo their closestpointsto form a sphericalgraph
in which eath edge is weightedby a similarity measue be-
tweenthetwo viewsfromits incidentvertices.Partitions of
similar views are obtainedusinga graph partitioning pro-
cedue andtheir “centroids” are consideedto betheir rep-
resentativeviews. Finally, the views are ranked basedon a
saliencymeasue to form the object’s representativeviews.
Thisleadsto a compacthuman-oriente@D descriptionof
a 3D object,and as sud, is usefulbothfor traditional ap-
plicationslike presentatiorand analysisof 3D shapesand
for emeging onedlikeindexing andretrieval in large shape
repositories.

1 Intr oduction

Thenatureof 3D shapeperceptiorhasintriguedhumans
for mary centuries,and continueseven todayto be a sub-
jectof intensive researctin psychologyneuroscienceysy-
choplysics,andcomputersciencgl,19,20] (seealsorefer
encegherein).

Within the pattern-recognitionand computesvision
communities,the problem of de ning representatie 2D
views for recognitionandrepresentationf 3D objectshas
recently receved signi cant attention[6, 8,12,13]. The
main idea consistsof studyingsimilarity and stability re-
lationshipsbetweerdifferent2D views of the same3D ob-
ject[4,5]. However, thesetechniqueglo not take into ac-
counthumanperceptionfactors. For example,whena 3D

objectis viewed, someof its featuresaremoresalientthan
others. Therefore,a preferredview of the object should
malke thesepartsvisible.

A different approachfor optimal positioning of view-
points and lighting is gaining popularity amonggraphics
researcherf2,7,11,17,18,21]. Thesepapersntroduceim-
agegoodness/salieganeasuresndthenselectviews that
maximizethesemeasures A comparisorof variousmea-
suresfor 3D triangulatedmeshess presentedn [15]. The
mainconclusiorderivedin [15] is thatall descriptorgested
in the paperarereasonablygoodbut eachof themfails to
producesatishctoryresultsfor certaintypesof 3D shapes.

In this paperwe suggesamethodthatcombinesimilar
ity andgoodness/saliegapproachesSucha combination
inheritsthe strengthf eachapproactwhile compensating
for their individual disadwantages Our methodis basedon
similarities betweendifferentviews. However, insteadof
comparing ne detailsof a view, we consideronly 2D sil-
houettesthat resultin computingsimilarities betweenbi-
nary images. The similarity measuregjuide a clustering
procesgshatgroupstogethera setof viewpoints,all sharing
a similar view of anobject. From eachcluster onerepre-
sentatve view is selectedy usingthe clusters “centroid”.
To decidewhich of the views is mostimportant we usea
similar approachto [11]. The salieny measureordersthe
representagie views from the mostsalientto theleast.

Our interestin representatie views is mainly in context
of shaperepositorieswhere information on the shapeof
storedmodelshasto be presentedo usersin theform of a
few representatee views. Two applicationsof our method
areto automaticallycomputesuchviews for anewly added
modeland2D-basednatchingfor retrieval of 3D objects.
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2 Stableand SalientView Selection

Figure 2 presentsan overviev of our method. Our
methodis dividedinto two mainparts: nding stableviews
andde ning their salieny. We considerthe most salient
amongall the stableviews asthe bestview of thegiven3D
object.

A commonapproacho mostview selectionmethodss
thede nition of a criterionfor comparisorbetweendiffer-
entviewpoints[2,11,15,18,21] (e.g.view entropy). The
criterion quanti es the level of importanceof featuresin
the objectand hence,de nes a bestview asthe onethat
maximizeshis quantity Polonsk etal. [15] suggeste@nd
comparedseveralcriteria.

Researchernwithin theobjectrecognitionareaclaimthat
a single view is insufcient and suggestto use multiple
views instead12,13]. Their stratgy is to examinealarge
setof views andto Iter outthosethatlook similar, since
they do notaddary new information. Theremainingviews
arethe selectedmulti-views of the object. Although this
methodsufces for objectrecognitionpurposesit consid-

(b) similarity weightedsphericalgraph (c)

(e)view salieny

Similar

view-sphere partitioned into
stableview regions
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Figure 2. Overview of our stable and salient view selection method. Top row: Partitioning the view-sphere
into stable view regions. (a) view-sphere and observed object. (b) similarit y weighted spherical graph.
(c) colored stable view regions. Bottom row: using view saliency to selectthe nal views. (d) mesh
saliency [11]. (e) visualization of view saliency. (f) selectedrepresenativ e views.

ersall views to beequal.Hence aview thatincludesmary
detailsaboutthe objecthasno priority overtheothers.

Our methodcombinesthe above generalideas. It rst
selectsa small setof stableviews andthensortsthemac-
cordingto the valueof informationthey carry.

Throughoutthe paper we usethe following notations.
Givena3D objectin world coordinatesystemwetranslate
the objectsuchthatits centerof gravity alignswith the ori-
gin of the coordinatesystem.A view of the objectis taken
by a virtual camerathat is positionedat a viewpoint and
aimed(lookaf) attheorigin. Thecameras upvectorde nes
therotationanglearoundthe viewpoint-originaxis,andthe
cameras eld-of-view parameteis alwayssetto 45°. When
aview is taken, theresultis alwaysa 2D image.Therefore,
wheneer we usethe termview or a view of the mode] we
referto theresulting2D image.

2.1 Generating Stable Multi-Views

Our methodfor selectionof stableviews utilizes simi-
larity measure$§l2,13]. We de ne aspherehatis aligned,
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Figure 4. Similarit y weighted spherical graph of
a cylinder.
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putto theview similarity measurements.

Similarity betweerviewsis computedisingZernike mo-
mentsanalysis[14]. The methodemploys frequeny anal-
ysisin polarcoordinatestherefore the comparisoris rota-
tion invariant. It is alsosimpleto achieve scaleandtransla-
tion invariance.The similarity is computedasthe L 2 norm
of thedifferencebetweerntheviews' Zernike momentsWe
implementthe “direct method” of Zernike momentscom-
putation[3] and usemomentsup to order15. The prop-
erty of rotationalinvarianceis crucial for view selection
sinceary view hasthe degreeof freedomof rotatingaround
its viewpoint-lookataxis. Thus, our viewpoint selection
methodconsidersuchviews to be oneandthesame.

Figures2b and 4 shav the sphericalgraphwith edges
coloredby similarity weights. A blue edgerepresentsigh
similarity betweenits incidentviews while red edgesrep-
resentdissimilar views. We considera view to be stable
if all edgedncidenton its viewpointin the sphericalgraph
have high similarity weights.A stableview regionis anarea
ontheview-spherghatgroupsseveralstableviewpointsto-
gether Figured4ashaws thatviews thatarerotatedversion
of themselesareconsidereaimilar (blueedges).

To nd stableview regions, we partition the similarity
weightedsphericalgraphbasedon its edgeweights. One
possibleway to achieve thisis to nd anedgecutthatsey-
mentsthe graphinto the requestechumberof partitions
while minimizing thetotal weightsof edgesn thecut. This
way we preventregion with high stability to be partitioned
into two disjoint parts. MeTiS [10] is a graphpartitioning

(b) unstableviews lie attheintersectiorof stableview regions.applicatiorthatpartitionsagraphinto therequestediumber

Figure 5. Stable view regions.

togethewith the 3D model,at the coordinatesystems ori-
gin, andsetits radiussuchthatit alwaysboundsthe model.
The spheres surfaceis usedasa groundfor the cameras
viewpointsfrom which all necessaryiews of the objectare
acquired.Giventhe setof views, we measurahe similarity
betweeneachtwo disjoint views and grouptogetherthose
thataresimilar. However, to avoid the high computational
effort thatis requiredto checkeachpair of views, we sug-
gestthefollowing alternatve.

We constructa view-sphee using two iterationsof the
Loop subdvision schemeon an initial icosahedrormesh
and refer to the resulting mesh structureas a spherical
graph Only views acquiredirom the sphericalgraph’s ver-
ticesareconsidere@ndsimilaritiesbetweeradjacenviews
(two views sharingan edge)are computed. The similar
ity measureas thenassignedo the edgeasa weight. Fig-
ure 2ashaws a view-sphereboundingthe Armadillo model
togetherwith several sampledviews. Figures3 shows ex-
amplesof binary (silhouette)imagesthatwe usedasanin-

of sub-graphsGivena graphwith weightededgesMeTiS
nds an edgecut which minimizestotal weightsand gen-
eratessub-graphswith balancednumberof vertices. Al-
thoughour applicationdoesnot requirethe balancingprop-
erty, our experimentsshav thatit doesnot createary bias.
Figure2c shavs anexampleof this partition method(each
partition hasa differentcolor). The partitioningquality is
alsoin uenced by the samplingdensityof theview-sphere.
Sparsesamplingwill resultin a small graphwhich will
be dif cult to partition. In the eld of objectrecognition,
arounds0 uniform distributedsamplesareused[13,16]. In
ourimplementation162samplesreused sameasin [18],
andfrom our experiencethis numberis sufcient.

2.2 Sorting of Partitions' Imp ortance

Oncethe sphericalgraphis partitionedinto stableview
regions, the stable partitionshave to be sortedaccording
to theirimportanceandthe representatie viewpoint inside
eachpartitionneedgo befound.

To sortthe stablepartitions,we rst needto valuetheir
importance. Each partition is assessetty the averageof
its viewpoints' value, where viewpoints are assignedval-
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Figure 6. Selection of stable and salient views using binary (silhouette) views.
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Figure 7. Best three views generated by our approach.

uesusinga meshsalieng [11] method,which is basedon
avision imagesalieng technique[9]. This methodevalu-
atessalieny by computingmeancurvatureof a 3D mesh
model and employing multi-scale meshsmoothingto re-
move smalldetails,leaving behindthe salientfeatures.

A representatie viewpoint R of a partition P; is given
by thefollowing view salieny weightedcentroid,

P

R = 2P S Pj .
c= P N

j2p; Si

wherep; istheview-spherevertex ands; is its correspond-
ing view salieng.

2.3 A Suggestion for Mo del Orien tation

Oneof the major challengesn view selectionis to nd
the properorientationof the 3D model. For example,when
viewing a model of a four-legged animal, we expectthe
view-selectionmethodto orientthe view suchthatthe ani-
mal will be onits feetandnot on ary otherbody-part. To

the bestof our knowledge,this problemis not yetto be ad-
dressedsuccessfullyandin former view-selectiongpubli-
cations(e.qg.,[15,18]), the nal orientationwassetby hand.

A solutionto this problemis outsidethe scopeof this
paper nor do we claim to have one. However, we would
like to suggest hypothesiswhich claimsthatfor anobject
to be properly oriented,its leastimportantpart shouldbe
facingdown. Thejusti cation is thatusuallythe lower part
of anobjectis hiddenfrom theviewer andtheviewerwould
thuschoosetheleastimportantpartto bethelower one.

Figure 8 shaws several examplesof model orientation
selectionbasedon our hypothesis.Although only 3 out of
the 12 modelsthat we testedwere orientedcorrectly we
still believe thatthis ideahaspotentialandplanto continue
researclon it. For all otherview selectionresultsin this
papertheup vectorwassetto (0; 1; 0). View orientationin
the gures hasnotbeenadjustedn ary otherway.



3 Resultsand Discussion

Figure5 shavs someresultsobtainedby partitioningthe
similarity weightedsphericagraphusingMeTiS. Figureba
shavs a representatie stableview for eachmodel while
Figure 5b shawvs an unstableview. Note, that the unsta-
ble view lies at the intersectionof several stableview re-
gions.We canobsenethatthe stableregionsfor thedragon
andhorsemodelsarestretchedn the spheres longitudinal
direction. This implies thata movementof the viewpoint
along a longitudinalline will resultin minimal changein
view comparedo movementin alatitudinaldirection.

We x ed the numberof partitions (also the numberof

nal views)to 8. From our experimentswe have noticed
thatthis numberis usuallysufcient to coverall interesting
partsof the model. A larger numberof partitionsmay not
revealary new information,while a smallernumbermight
notsufce.

Figuresl1, 6, and 7 shawv several resultsof our exper
Figure 9. The best views selected by view iments using our automaticmulti-view selectionmethod.
saliency [11] only. We also examinedilluminanceimages(grayscaleémages)

using the Gouraudshadingmodel besideshinary (silhou-
ette)images. However, the shadedmagesare sensitve to
ervironmentalconditions,suchaslighting, andhencetend
to biasthe results. Dueto this, we concludethe useof bi-
naryimagess moreappropriatdor our purposes.

Figure 10 shavs a multi-view selectionthat is based
on salieny alone. It is easyto seethat all high salieny
viewpointsareconcentrated a smallregion on the view-
sphere. This is becausesmall deviationsin viewpoint do
not affect the salieng valuemuch. By takinginto account
the stability of the view, we forcetheviews to be spreadall
overtheview-sphereresultingin a betterdistribution.

Figure 9 shawvs the best views selectedby the mesh
salieny method[11]. ComparingFigure9 with Figures6
and7,wecansaythatourresultsarecomparabl®r, in some
casesbetter For example,the bottomof the dragonmodel
is the mostsalient(Figure 9). However, when stability is

Figure 10. Top 8 most salient viewpoints. (Blue takeninto accountthe bestview changedo the sideof the
points) The view-sphere's edge color re ects dragon,which is a much bettersuggestion(Figure 7), al-
saliency value of the incident viewpoints. No- thoughthis is not the mostsalientview.

tice the back of view-sphereis culled for visual- Similarly, the neck of David's headis also salientdue
ization. to its high and consistentunature. However, this view is
unstable(Figure5). Therefore,our methodavoids the un-
interestingview of the neckandrecommend®betterviews
that cover the front andtop of the head(Figure 6). Note
thatour methoddoesnot ignorethe salieny recommenda-
tion in the neckregion, but combinest with a stableview.
Theseexamplesshav the bene ts of our methodachieved
by combiningtwo humanperceptiorelementsstability and
salieng.

Computation time of constructing the similarity
weightedsphericalgraphis about40 minutes. This does

Figure 8. Best views generated by our approach
together with our suggestionfor model orienta-
tion.

Figure 11. Top 3 salient view examples of Fig-
ure 10.



not dependon the modelsincethe computationgreon the
renderedviews andthe numberof views is x ed (number
of verticesof the view-sphere). The view resolutionis
setto 256 256. Graphpartitioningby MeTiS takesless
than 0.01 seconds. Readerscan nd the meshsalieny
computationtime in [11]. The view salieny computation
takeslessthana minute,dependingon the renderingtime
of the model. Currently no optimizationhasbeendone
throughouburimplementationAll timingsweremeasured
ona?2.8GHzPentiumd PCwith an ATl RadeorR300.

4 Conclusion

We presenta new view selectionapproachasedn two
human perceptionelements,view stability and salieng.
Stableview regions on the view-sphereare computedby
a graphpartition algorithm wherethe edgesare weighted
by view similarity. Recommendediews are obtainedby
rankingthe regionswith view salieny. Comparedo other
known methods,our generatedsiews look more plausible
andperceptuallyunderstandable.

In the future, we are planningto investicate and im-
prove performanceof our methodin certaincaseswhere
bestview selectionfails. We alsoplanto researchthe au-
tomaticmodelorientationproblemwhich will have signif-
icantin uence on automaticview-selectionproceduresin
addition,computatiortime optimizationswerenot consid-
eredin this paper Speedup of the methodis alsoa signif-
icanttopic. Thereareseveral optimizationsthatcanspeed
up Zernike momentscomputation(e.g.[3]) andwe planto
enhanceur approactby severalof them.
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