
Towards Stableand SalientMulti-V iew Representationof 3D Shapes

HitoshiYamauchi WaqarSaleem ShinYoshizawa ZachiKarni AlexanderBelyaev Hans-PeterSeidel
MPI Informatik

Saabr̈ucken,Germany
Email:f hitoshijwsaleemjshinjkarnijbelyaevjhpseidelg@mpi-inf.mpg.de

Figure 1. Best views generated by our approach.

Abstract

An approach to automaticallyselectstableand salient
representativeviewsof a given3D objectis proposed.Ini-
tially, a setof viewpointsare uniformlysampledalong the
surfaceof a boundingsphere. Thesampledviewpointsare
connectedto their closestpointsto form a sphericalgraph
in which each edge is weightedby a similarity measure be-
tweenthetwo viewsfromits incidentvertices.Partitions of
similar viewsare obtainedusinga graphpartitioning pro-
cedureandtheir “centroids” areconsideredto betheir rep-
resentativeviews. Finally, theviewsare rankedbasedon a
saliencymeasure to form theobject's representativeviews.
Thisleadsto a compact,human-oriented2D descriptionof
a 3D object,andassuch, is usefulboth for traditional ap-
plicationslike presentationandanalysisof 3D shapes,and
for emergingoneslike indexingandretrieval in largeshape
repositories.

1 Intr oduction

Thenatureof 3D shapeperceptionhasintriguedhumans
for many centuries,andcontinueseven todayto be a sub-
jectof intensive researchin psychology, neuroscience,psy-
chophysics,andcomputerscience[1,19,20] (seealsorefer-
encestherein).

Within the pattern-recognitionand computer-vision
communities,the problem of de�ning representative 2D
views for recognitionandrepresentationof 3D objectshas
recently received signi�cant attention[6, 8, 12,13]. The
main idea consistsof studyingsimilarity and stability re-
lationshipsbetweendifferent2D views of thesame3D ob-
ject [4, 5]. However, thesetechniquesdo not take into ac-
counthumanperceptionfactors. For example,whena 3D

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

A different approachfor optimal positioningof view-
points and lighting is gaining popularity amonggraphics
researchers[2,7,11,17,18,21]. Thesepapersintroduceim-
agegoodness/saliency measuresandthenselectviews that
maximizethesemeasures.A comparisonof variousmea-
suresfor 3D triangulatedmeshesis presentedin [15]. The
mainconclusionderivedin [15] is thatall descriptorstested
in the paperarereasonablygoodbut eachof themfails to
producesatisfactoryresultsfor certaintypesof 3D shapes.

In thispaper, wesuggestamethodthatcombinessimilar-
ity andgoodness/saliency approaches.Sucha combination
inheritsthestrengthsof eachapproachwhile compensating
for their individual disadvantages.Our methodis basedon
similaritiesbetweendifferent views. However, insteadof
comparing�ne detailsof a view, we consideronly 2D sil-
houettes,that result in computingsimilaritiesbetweenbi-
nary images. The similarity measuresguide a clustering
processthatgroupstogethera setof viewpoints,all sharing
a similar view of an object. From eachcluster, onerepre-
sentative view is selectedby usingthecluster's “centroid”.
To decidewhich of the views is mostimportant, we usea
similar approachto [11]. The saliency measureordersthe
representative views from themostsalientto theleast.

Our interestin representative views is mainly in context
of shaperepositories,where information on the shapeof
storedmodelshasto bepresentedto usersin theform of a
few representative views. Two applicationsof our method
areto automaticallycomputesuchviews for a newly added
modeland2D-basedmatchingfor retrieval of 3D objects.
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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 select the �nal views. (d) mesh
saliency [11]. (e) visualization of view saliency. (f ) selectedrepresentativ e views.

2 Stableand SalientView Selection

Figure 2 presentsan overview of our method. Our
methodis dividedinto two mainparts:�nding stableviews
and de�ning their saliency. We considerthe most salient
amongall thestableviews asthebestview of thegiven3D
object.

A commonapproachto mostview selectionmethodsis
thede�nition of a criterion for comparisonbetweendiffer-
ent viewpoints [2, 11,15,18,21] (e.g.view entropy). The
criterion quanti�es the level of importanceof featuresin
the object and hence,de�nes a bestview as the one that
maximizesthisquantity. Polonsky etal. [15] suggestedand
comparedseveralcriteria.

Researcherswithin theobjectrecognitionareaclaimthat
a single view is insuf�cient and suggestto use multiple
views instead[12,13]. Their strategy is to examinea large
setof views andto �lter out thosethat look similar, since
they donotaddany new information.Theremainingviews
are the selectedmulti-views of the object. Although this
methodsuf�ces for objectrecognitionpurposes,it consid-

ersall views to beequal.Hence,a view thatincludesmany
detailsabouttheobjecthasnopriority over theothers.

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

Throughoutthe paper, we usethe following notations.
Givena3D objectin world coordinatessystem,wetranslate
theobjectsuchthatits centerof gravity alignswith theori-
gin of thecoordinatesystem.A view of theobjectis taken
by a virtual camerathat is positionedat a viewpoint and
aimed(lookat) at theorigin. Thecamera'supvectorde�nes
therotationanglearoundtheviewpoint-originaxis,andthe
camera's �eld-of-view parameteris alwayssetto 45o. When
a view is taken,theresultis alwaysa 2D image.Therefore,
whenever we usethe termview or a view of themodel, we
referto theresulting2D image.

2.1 Generating Stable Multi-Views

Our methodfor selectionof stableviews utilizes simi-
larity measures[12,13]. We de�ne a spherethatis aligned,



Figure 3. Sample of binary (silhouette) views.

(a) similar views (b) dissimilarviews

Figure 4. Similarit y weighted spherical graph of
a cylinder.

(a)eachstableview region is representedby oneof its views.

(b) unstableviews lie at theintersectionof stableview regions.

Figure 5. Stable view regions.

togetherwith the3D model,at thecoordinatesystem's ori-
gin, andsetits radiussuchthatit alwaysboundsthemodel.
The sphere's surfaceis usedasa groundfor the camera's
viewpointsfrom whichall necessaryviewsof theobjectare
acquired.Giventhesetof views,wemeasurethesimilarity
betweeneachtwo disjoint views andgrouptogetherthose
thataresimilar. However, to avoid thehigh computational
effort that is requiredto checkeachpair of views, we sug-
gestthefollowing alternative.

We constructa view-sphere using two iterationsof the
Loop subdivision schemeon an initial icosahedronmesh
and refer to the resulting meshstructureas a spherical
graph. Only viewsacquiredfrom thesphericalgraph'sver-
ticesareconsideredandsimilaritiesbetweenadjacentviews
(two views sharingan edge)are computed. The similar-
ity measureis thenassignedto the edgeasa weight. Fig-
ure2ashows a view-sphereboundingtheArmadillo model
togetherwith several sampledviews. Figures3 shows ex-
amplesof binary(silhouette)imagesthatwe usedasanin-

put to theview similarity measurements.
Similarity betweenviewsis computedusingZernikemo-

mentsanalysis[14]. Themethodemploys frequency anal-
ysis in polarcoordinates,therefore,thecomparisonis rota-
tion invariant.It is alsosimpleto achieve scaleandtransla-
tion invariance.Thesimilarity is computedastheL 2 norm
of thedifferencebetweentheviews' Zernike moments.We
implementthe “direct method”of Zernike momentscom-
putation[3] and usemomentsup to order 15. The prop-
erty of rotational invarianceis crucial for view selection
sinceany view hasthedegreeof freedomof rotatingaround
its viewpoint-lookataxis. Thus, our viewpoint selection
methodconsiderssuchviews to beoneandthesame.

Figures2b and 4 show the sphericalgraphwith edges
coloredby similarity weights.A blueedgerepresentshigh
similarity betweenits incidentviews while red edgesrep-
resentdissimilar views. We considera view to be stable
if all edgesincidenton its viewpoint in thesphericalgraph
havehighsimilarity weights.A stableview regionis anarea
ontheview-spherethatgroupsseveralstableviewpointsto-
gether. Figure4ashows thatviews thatarerotatedversion
of themselvesareconsideredsimilar (blueedges).

To �nd stableview regions,we partition the similarity
weightedsphericalgraphbasedon its edgeweights. One
possibleway to achieve this is to �nd anedgecut thatseg-
mentsthe graph into the requestednumberof partitions
while minimizing thetotalweightsof edgesin thecut. This
way we prevent region with high stability to bepartitioned
into two disjoint parts. MeTiS [10] is a graphpartitioning
applicationthatpartitionsagraphinto therequestednumber
of sub-graphs.Givena graphwith weightededges,MeTiS
�nds an edgecut which minimizestotal weightsandgen-
eratessub-graphswith balancednumberof vertices. Al-
thoughourapplicationdoesnot requirethebalancingprop-
erty, our experimentsshow that it doesnot createany bias.
Figure2c shows anexampleof this partitionmethod(each
partition hasa differentcolor). The partitioningquality is
alsoin�uencedby thesamplingdensityof theview-sphere.
Sparsesamplingwill result in a small graph which will
be dif�cult to partition. In the �eld of object recognition,
around50uniformdistributedsamplesareused[13,16]. In
our implementation,162samplesareused,sameasin [18],
andfrom ourexperiencethisnumberis suf�cient.

2.2 Sorting of Partitions' Imp ortance

Oncethe sphericalgraphis partitionedinto stableview
regions, the stablepartitionshave to be sortedaccording
to their importanceandtherepresentative viewpoint inside
eachpartitionneedsto befound.

To sort thestablepartitions,we �rst needto valuetheir
importance. Eachpartition is assessedby the averageof
its viewpoints' value, whereviewpoints 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 meshsaliency [11] method,which is basedon
a vision imagesaliency technique[9]. This methodevalu-
atessaliency by computingmeancurvatureof a 3D mesh
model and employing multi-scalemeshsmoothingto re-
move smalldetails,leaving behindthesalientfeatures.

A representative viewpoint R i of a partitionPi is given
by thefollowing view saliency weightedcentroid,

R i =

P
j 2 P i

sj � p j
P

j 2 P i
sj

;

wherep j is theview-spherevertex andsj is its correspond-
ing view saliency.

2.3 A Suggestion for Mo del Orien tation

Oneof themajorchallengesin view selectionis to �nd
theproperorientationof the3D model.For example,when
viewing a model of a four-leggedanimal, we expect the
view-selectionmethodto orient theview suchthat theani-
mal will be on its feet andnot on any otherbody-part.To

thebestof our knowledge,this problemis not yet to bead-
dressedsuccessfully, and in former view-selectionspubli-
cations(e.g.,[15,18]), the�nal orientationwassetby hand.

A solution to this problemis outsidethe scopeof this
paper, nor do we claim to have one. However, we would
like to suggestahypothesis,whichclaimsthatfor anobject
to be properlyoriented,its leastimportantpart shouldbe
facingdown. Thejusti�cation is thatusuallythelower part
of anobjectis hiddenfrom theviewerandtheviewerwould
thuschoosetheleastimportantpartto bethelowerone.

Figure 8 shows several examplesof model orientation
selectionbasedon our hypothesis.Althoughonly 3 out of
the 12 modelsthat we testedwere orientedcorrectly, we
still believe thatthis ideahaspotentialandplanto continue
researchon it. For all otherview selectionresultsin this
paper, theupvectorwassetto (0; 1; 0). View orientationin
the�gures hasnotbeenadjustedin any otherway.



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

Figure 9. The best views selected by view
saliency [11] only.

Figure 10. Top 8 most salient viewpoints. (Blue
points) The view-sphere's edge color re
ects
saliency value of the incident viewpoints. No-
tice the back of view-sphere is culled for visual-
ization.

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

3 Resultsand Discussion

Figure5 showssomeresultsobtainedby partitioningthe
similarity weightedsphericalgraphusingMeTiS. Figure5a
shows a representative stableview for eachmodel while
Figure 5b shows an unstableview. Note, that the unsta-
ble view lies at the intersectionof several stableview re-
gions.Wecanobservethatthestableregionsfor thedragon
andhorsemodelsarestretchedin thesphere's longitudinal
direction. This implies that a movementof the viewpoint
alonga longitudinal line will result in minimal changein
view comparedto movementin a latitudinaldirection.

We �x ed the numberof partitions(also the numberof
�nal views) to 8. From our experiments,we have noticed
thatthis numberis usuallysuf�cient to cover all interesting
partsof themodel. A largernumberof partitionsmaynot
revealany new information,while a smallernumbermight
not suf�ce.

Figures1, 6, and 7 show several resultsof our exper-
imentsusing our automaticmulti-view selectionmethod.
We alsoexaminedilluminanceimages(grayscaleimages)
using the Gouraudshadingmodel besidesbinary (silhou-
ette) images.However, the shadedimagesaresensitive to
environmentalconditions,suchaslighting, andhencetend
to biasthe results.Due to this, we concludetheuseof bi-
naryimagesis moreappropriatefor ourpurposes.

Figure 10 shows a multi-view selectionthat is based
on saliency alone. It is easyto seethat all high saliency
viewpointsareconcentratedin a small region on theview-
sphere. This is becausesmall deviations in viewpoint do
not affect thesaliency valuemuch. By taking into account
thestabilityof theview, we forcetheviews to bespreadall
over theview-sphere,resultingin abetterdistribution.

Figure 9 shows the best views selectedby the mesh
saliency method[11]. ComparingFigure9 with Figures6
and7,wecansaythatourresultsarecomparableor, in some
cases,better. For example,thebottomof thedragonmodel
is the mostsalient(Figure9). However, whenstability is
takeninto account,thebestview changesto thesideof the
dragon,which is a muchbettersuggestion(Figure7), al-
thoughthis is not themostsalientview.

Similarly, the neck of David's headis also salientdue
to its high andconsistentcurvature. However, this view is
unstable(Figure5). Therefore,our methodavoids the un-
interestingview of the neckandrecommendsbetterviews
that cover the front and top of the head(Figure6). Note
thatour methoddoesnot ignorethesaliency recommenda-
tion in theneckregion, but combinesit with a stableview.
Theseexamplesshow thebene�ts of our methodachieved
by combiningtwo humanperceptionelements,stabilityand
saliency.

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



not dependon themodelsincethecomputationsareon the
renderedviews andthe numberof views is �x ed (number
of verticesof the view-sphere). The view resolution is
setto 256� 256. Graphpartitioningby MeTiS takesless
than 0.01 seconds. Readerscan �nd the meshsaliency
computationtime in [11]. The view saliency computation
takeslessthana minute,dependingon the renderingtime
of the model. Currently, no optimizationhasbeendone
throughoutour implementation.All timingsweremeasured
ona2.8GHzPentium4 PCwith anATI RadeonR300.

4 Conclusion

We presenta new view selectionapproachbasedon two
human perceptionelements,view stability and saliency.
Stableview regions on the view-sphereare computedby
a graphpartition algorithmwherethe edgesareweighted
by view similarity. Recommendedviews areobtainedby
rankingtheregionswith view saliency. Comparedto other
known methods,our generatedviews look moreplausible
andperceptuallyunderstandable.

In the future, we are planning to investigate and im-
prove performanceof our methodin certaincaseswhere
bestview selectionfails. We alsoplan to researchthe au-
tomaticmodelorientationproblemwhich will have signif-
icant in�uence on automaticview-selectionprocedures.In
addition,computationtime optimizationswerenot consid-
eredin this paper. Speedup of themethodis alsoa signif-
icant topic. Thereareseveraloptimizationsthatcanspeed
up Zernike momentscomputation(e.g.[3]) andwe planto
enhanceourapproachby severalof them.
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