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Abstract

Researchover the lastdecadehasbuilt a solid mathematicalfoun-
dationfor representationandanalysisof 3D meshesin graphicsand
geometricmodeling.Muchof thisworkhoweverdoesnotexplicitly
incorporatemodelsof low-level humanvisualattention.In this pa-
perwe introducetheideaof meshsaliencyasameasureof regional
importancefor graphicsmeshes.Our notionof saliency is inspired
by low-level humanvisual systemcues.We de�ne meshsaliency
in a scale-dependentmannerusinga center-surroundoperatoron
Gaussian-weightedmeancurvatures.We observe thatsucha de�-
nition of meshsaliency is ableto capturewhatmostwouldclassify
asvisually interestingregionson a mesh.The human-perception-
inspiredimportancemeasurecomputedby our meshsaliency op-
eratorresultsin more visually pleasingresultsin processingand
viewing of 3D meshes,comparedto usingapurelygeometricmea-
sureof shape,suchascurvature. We discusshow meshsaliency
canbe incorporatedin graphicsapplicationssuchasmeshsimpli-
�cation and viewpoint selectionand presentexamplesthat show
visuallyappealingresultsfrom usingmeshsaliency.

CR Categories: I.3.5 [ComputerGraphics]:ComputationalGe-
ometryandObjectModeling; I.3.m [ComputerGraphics]:Percep-
tion; I.3.m [ComputerGraphics]:Applications

Keywords: saliency, visual attention,perception,simpli�cation,
viewpoint selection

1 Intro duction

We have witnessedsigni�cant advancesin the theoryandpractice
of 3D graphicsmeshesover the last decade.Theseadvancesin-
cludeef�cient andprogressive representation[Hoppe1996;Karni
and Gotsman2000], analysis[Taubin 1995; Kobbelt et al. 1998;
Meyer et al. 2003], transmission[Al-Regib et al. 2005], andren-
dering [Luebke et al. 2003] of very large meshes.Much of this
work hasfocussedon usingmathematicalmeasuresof shape,such
ascurvature.Therapidgrowth in thenumberandqualityof graph-
ics meshesandtheir ubiquitoususein a large numberof human-
centeredvisualcomputingapplications,suggesttheneedfor incor-
poratinginsightsfrom humanperceptioninto meshprocessing.Al-
thoughexcellentwork hasbeendonein incorporatingprinciplesof
perceptionin managinglevel of detail for renderingmeshes[Lue-
bke andHallen2001;Reddy. 2001;Watsonet al. 2004],therehas
beenlessattentionpaidto theuseof perception-inspiredmetricsfor
processingof meshes.
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Figure1: MeshSaliency: Image(a) shows theStanfordArmadillo
model,andimage(b) shows its meshsaliency.

Our goal in this paperis to bring perception-basedmetricsto bear
on theproblemof processingandviewing 3D meshes.Purelyge-
ometricmeasuresof shapesuchascurvaturehave a rich historyof
usein the meshprocessingliterature. For instance,Heckbertand
Garland[1999] show that their quadricerror metric is directly re-
latedto thesurfacecurvature.Meshsimpli�cations resultingfrom
minimizing the quadricerrorsresult in provably optimum aspect
ratio of trianglesin the L2 norm, as the triangle areasapproach
zero. However, a purely curvature-basedmetric may not neces-
sarily be a goodmetric of perceptualimportance.For example,a
high-curvaturespike in the middle of a largely �at region will be
likely perceived to be important. However, it is also likely that a
�at region in themiddleof denselyrepeatedhigh-curvaturebumps
will beperceivedto be importantaswell. Repeatedpatterns,even
if high in curvature,arevisually monotonous.It is theunusualor
unexpectedthatdelightsandinterests.As anexample,thetextured
region with repeatedbumpsin the leg of the Armadillo shown in
Figure2(a)is arguablyvisually lessinterestingthananisolatedbut
smoothfeaturesuchasits knee(Figure 2(c)).

In this paper, we introducethe conceptof meshsaliency, a mea-
sureof regional importance,for 3D meshes,andpresenta method
to computeit. Ourmethodto computemeshsaliency usesacenter-
surroundmechanism.We usethe center-surroundmechanismbe-
causeit hasthe intuitive appealof beingable to identify regions
that aredifferentfrom their surroundingcontext. We arealsoen-
couragedby thesuccessof thesemechanismson2D problems.

We expecta goodmodelof saliency to operateat multiple scales,
sincewhat is interestingat onescaleneednot remainso at a dif-
ferentscale. A goodsaliency mapshouldcapturethe interesting
featuresat all perceptuallymeaningfulscales.Figure3(a)shows a
saliency mapat a �ne scalewheresmall featuressuchasthenose
andmouthhavehighsaliency, while asaliency mapatalargerscale
(Figure3(b))shows theeye to haveahighersaliency. Weusethese
observationsto de�ne a multi-scalemodelof meshsaliency using
thecenter-surroundmechanismin Section3. A numberof tasksin
graphicscanbene�t from a computationalmodelof meshsaliency.



(a) (b) (c)

Figure2: Curvaturealoneis inadequatefor assessingsaliency since
it doesnot adequatelyconsiderthe local context. Image(a) shows
a part of the right leg of the StanfordArmadillo model. Image
(b) visualizesthemagnitudeof meancurvaturesand(c) shows our
saliency values. While (b) capturesrepeatedtexturesandfails to
capturetheknee,(c) successfullyhighlightstheknee.

In this paperwe explore theapplicationof meshsaliency to mesh
simpli�cation andview selectionin Sections4 and 5.

Themaincontributionsof thispaperare:

1. Saliency Computation: Therecan be a numberof de�ni-
tions of saliency for meshes.We outline one suchmethod
for graphicsmeshesbasedon theGaussian-weightedcenter-
surroundevaluationof surfacecurvatures. Our methodhas
givenusverypromisingresultsonseveral3D meshes.

2. SalientSimpli�cation: Wediscusshow traditionalmeshsim-
pli�cation methodscanbemodi�ed to accommodatesaliency
in thesimpli�cation process.Our resultsshow thatsaliency-
guidedsimpli�cation caneasilypreserve visually salientre-
gionsin meshesthatconventionalsimpli�cation methodstyp-
ically donot.

3. Salient Viewpoint Selection: As databasesof 3D models
evolve to very large collections,it becomesimportantto au-
tomaticallyselectviewpointsthatcapturethemostsalientat-
tributesof objects.We presenta saliency-guidedmethodfor
viewpoint selectionthatmaximizesvisiblesaliency.

Weforeseethecomputationanduseof meshsaliency asanincreas-
ingly importantareain 3Dgraphics.Asweengagein imagesynthe-
sisandanalysisfor ever largergraphicsdatasetsandasthegapbe-
tweenprocessingcapabilitiesandmemory-accesstimesgrowsever
wider, theneedfor prioritizing andselectively processinggraphics
datasetswill increase.Saliency canprovideaneffectivetool to help
achieve this.

2 Related Work

Low-level cuesin�uence wherein an imagepeoplewill look and
pay attention.Many computationalmodelsof this have beenpro-
posed. Koch and Ullman's [1985] early model suggestedthat
salientimagelocationswill bedistinctfromtheirsurroundings.Our
approachis explicitly basedon themodelof Itti etal. [1998]. They
combineinformationfrom center-surroundmechanismsappliedto
different featuremaps,computedat different scales,to compute
a saliencymapthat assignsa saliency value to eachimagepixel.
Tsotsoset al. [1995], Milaneseet al. [1994], Rosenholtz[1999],
andmany othersdescribeotherinterestingsaliency models.Among
theirmany applications,2D saliency mapshavebeenappliedto se-
lectively compress[PriviteraandStark1999]or shrink[Chenetal.
2003; Suhet al. 2003] images. DeCarloandSantella[2002] use
saliency determinedfrom a person's eye movementsto simplify an
imageproducinganon-photorealistic,painterlyrendering.

(a) (b)

Figure 3: Saliency is relative to the scale. Image(a) shows the
saliency mapof theCyberwareDinosaurheadat a smallscale,and
image(b) shows themapof its saliency at a largerscale.In image
(a), the small-scalesaliency highlights the small featuressuchas
noseandmouthandin image(b), thelarge-scalesaliency identi�es
a largerfeaturesuchastheeye.

More recently, saliency algorithmshave beenappliedto views of
3D models. Yee et al. [2001] useItti et al.'s algorithm to com-
putea saliency mapof a coarselyrendered2D projectionof a 3D
dynamicscene.They usethis to helpdecidewhereto focuscom-
putationalresourcesin producinga moreaccuraterendering.Man-
tiuk et al. [2003] usea real-time,2D saliency algorithmto guide
MPEG compressionof an animationof a 3D scene. Frintrop et
al. [2004]useasaliency mapto speedupthedetectionof objectsin
3D data. They combinesaliency mapscomputedfrom 2D images
representingscenedepthand intensities. Howlett [2004] demon-
stratethe potentialvalue of saliency for the simpli�cation of 3D
models. Their work capturessaliency by usingan eye-tracker to
recordwhereapersonhaslookedata2D imageof a3D model.

Theseprior works determinesaliency for a 3D modelby �nding
saliency in its 2D projection. Thereis little work that determines
saliency directly from 3D structure.Guy andMedioni [1996] pro-
poseda methodfor computinga saliency mapfor edgesin a 2D
image,(suchedge-basedsaliency mapswerepreviously explored
by ShashuaandUllman [1988]). In [Medioni andGuy 1997] they
extendthisframework to applyto 3D data.However, theirapproach
is mainlydesignedto smoothlyinterpolatesparse,noisy3D datato
�nd surfaces.They do not computeananalogto thesaliency map
for a 3D object. Watanabeand Belyaev [2001] have proposeda
methodto identify regions in mesheswhereprincipal curvatures
have locally maximalvaluesalongoneof the principal directions
(typically alongridgesandravines).Hisadaet al. [2002] have pro-
poseda methodto detectsalientridgesandravinesby computing
the 3D skeletonand �nding non-manifoldpoints on the skeletal
edgesandassociatedsurfacepoints.

3 Mesh Saliency Computation

Itti et al. [1998]'s methodis oneof the mosteffective techniques
for computingsaliency for 2D images. Our methodfor comput-
ing saliency for 3D meshesusestheir center-surroundoperation.
Unlike images,wherecolor is themostimportantattribute,wecon-
sidergeometryof meshesto be the most importantcontributor to
saliency. At presentourmethodfor meshsaliency usesonly geom-
etry, but it shouldbeeasyto incorporateothersurfaceappearance
attributesinto it aswell. Thereareseveralpossiblecharacteristics
of meshgeometrythatcouldbeusedfor saliency. Beforewedecide
ononelet uscomparethedesiderataof saliency in a2D imagewith
thesaliency of a 3D object.Zerosaliency in animagecorresponds
toaregionwith uniformintensity. Themotivationbehindthisis that
thekey imagepropertywhosevariationsarecritical is theintensity.
In an image,intensityis a functionof shapeandlighting. For 3D
objectshowever, wehave theopportunityto determinethesaliency



basedon shape,independentof lighting. For 3D objects,we feel
thata sphereis thecanonicalzero-saliency feature.This is in spite
of thefactthatdependingonthelighting, aspheremaynotproduce
a uniform intensity image. In the caseof the spherethe property
that is invariant is the curvature. Thereforewe areguidedby the
intuition that it is changesin thecurvaturethat leadto saliency or
non-saliency. This hasled us to formulatemeshsaliency in terms
of the meancurvatureusedwith the center-surroundmechanism.
Figure4 givesanoverview of oursaliency computation.

The�rst stepof our saliency computationinvolvescomputingsur-
facecurvatures. Therearea numberof excellentapproachesthat
generalizedifferential-geometry-basedde�nition of curvaturesto
discretemeshes[Taubin 1995; Meyer et al. 2003]. One can use
any of theseto computethe curvature of a meshat a vertex v.
Let the curvaturemapC de�ne a mappingfrom eachvertex of a
meshto its meancurvature,i.e. let C(v) denotethemeancurvature
of vertex v. We useTaubin [1995]'s methodfor curvaturecom-
putation. Let the neighborhoodN(v;s ) for a vertex v, be the set
of pointswithin a distances . Onecanconsiderseveral distance
functionsto de�ne the neighborhood,suchasthe geodesicor the
Euclidean. We have tried both andfound that the Euclideandis-
tancegave us betterresultsand that is what we usehere. Thus,
N(v;s ) = f xjkx� vk < s ; x is ameshpointg. Let G(C(v);s ) de-
note the Gaussian-weightedaverageof the meancurvature. We
computethisas:

G(C(v);s ) =

å
x2N(v;2s )

C(x)exp[�k x� vk2=(2s 2)]

å
x2N(v;2s )

exp[�k x� vk2=(2s 2)]

Note that with the above formulation,we are assuminga cut-off
for the Gaussian�lter at a distance2s . We computethe saliency
S (v) of avertex v astheabsolutedifferencebetweentheGaussian-
weightedaveragescomputedat�ne andcoarsescales.Wecurrently
usethestandarddeviation for thecoarsescaleastwice thatof the
�ne scale:

Figure4: MeshSaliency Computation:We�rst computemeancur-
vatureat meshvertices. For eachvertex, saliency is computedas
thedifferencebetweenmeancurvatures�ltered with a narrow and
a broadGaussian.For eachGaussian,we computethe Gaussian-
weightedaverageof thecurvaturesof verticeswithin a radius2s ,
wheres is Gaussian's standarddeviation. We computesaliency at
differentscalesby varyings . The�nal saliency is theaggregateof
thesaliency atall scaleswith anon-linearnormalization.

(a) (b) (c)

(d) (e) (f)

Figure5: Images(a)–(e)show thesaliency at scalesof 2e, 3e, 4e,
5e, and6e. Image(f) shows the�nal meshsaliency afteraggregat-
ing thesaliency over multiple scales.Here,e is 0:3% of thelength
of thediagonalof theboundingboxof themodel.

S (v) = jG(C(v);s ) � G(C(v);2s )j

To computemeshsaliency atmultiplescales,wede�ne thesaliency
of avertex v atascalelevel i asS i(v):

S i(v) = jG(C(v);s i) � G(C(v);2s i)j

where,s i is the standarddeviation of the Gaussian�lter at scale
i. For all the resultsin this paperwe have used� ve scaless i 2
f 2e;3e;4e;5e;6eg, wheree is 0:3% of the lengthof thediagonal
of theboundingboxof themodel.

(a) (b)

(c) (d)

Figure 6: We show meshsaliency for the Cyberware Dinosaur
model(a) in �gure (c) andfor theCyberwareIsis model(b) in �g-
ure(d). Warmercolors(redsandyellows) show high saliency and
coolercolors(greensandblues)show low saliency.
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(a)Simpli�cation by Qslim

Saliency 99%simpli�cation 98%simpli�cation 98.5%simpli�cation 99%simpli�cation
(3.5K triangles) (6.9K triangles) (5.2K triangles) (3.5K triangles)

(b) Simpli�cation guidedby saliency

Figure 7: Simpli�cation resultsfor the StanfordArmadillo: (a) shows simpli�ed modelsusing Qslim and (b) shows different levels of
simpli�cation usingsaliency. Thethreeright columnsshow thezoomed-infaceof theArmadillo. Theeyesandthenosearepreservedbetter
with ourmethodwhile thebumpson thelegsaresmoothedfaster.

For combiningsaliency mapsS i at different scales,we apply a
non-linearsuppressionoperatorS similar to the oneproposedby
Itti etal. [1998]. Thissuppressionoperatorpromotessaliency maps
with a smallnumberof high peaks(Figure5(e))while suppressing
saliency mapswith a large numberof similar peaks(Figure5(a)).
Thus,non-linearsuppressionhelpsus in reducingthe numberof
salientpoints. If we do not usesuppression,we get far too many
regionsbeing�aggedassalient.Webelieve,therefore,thatthissup-
pressionhelpsto de�ne whatmakessomethingunique,andthere-
forepotentiallysalient.For eachsaliency mapS i , we �rst normal-
ize S i . We thencomputethemaximumsaliency valueMi andthe
averagem̄i of the local maximaexcluding theglobalmaximumat
that scale. Finally, we multiply S i by the factor(Mi � m̄i)2. The
�nal meshsaliency S is computedby addingthe saliency maps
atall scalesafterapplyingthenon-linearnormalizationof suppres-
sion: S = å i S(S i)

4 Salient Simpli�cation

Thereis a largeandgrowing bodyof literatureon simpli�cation of
meshesusinga diversesetof error metricsandsimpli�cation op-
erators[Luebke et al. 2003]. Severalsimpli�cation approachesuse
estimatesof meshcurvatureto guidethesimpli�cation processand
achieve high geometric�delity for a given triangle budget[Turk
1992; Kim et al. 2002]. Othersimpli�cation approaches,suchas
QSlim [GarlandandHeckbert1997], useerror metricsthat while
not directly computingcurvature,are relatedto curvature[Heck-
bert andGarland1999]. Curvaturehasalsobeendirectly usedto
identify salientregionson meshes.WatanabeandBelyaev [2001]
classifyextremaof theprincipalcurvaturesassalientfeaturesand
preserve thembetterduringsimpli�cation. Their methodhowever,
doesnot usea center-surroundmechanismto identify regionson a
meshthataredifferentfrom their local context.

For evaluatingthe effectivenessof our meshsaliency method,we
havemodi�ed thequadrics-basedsimpli�cation method(Qslim)of
GarlandandHeckbert[1997]by weightingthequadricswith mesh
saliency. However, it shouldbeequallyeasyto integrateour mesh
saliency with any othermeshsimpli�cation scheme.Garlandand
Heckbert'smethodsimpli�es ameshby repeatedlycontractingver-
tex pairsorderedby increasingquadricerrors. Let P be thesetof
planesof trianglesincident at a vertex v, wherethe plane p 2 P
de�ned by the equationax+ by+ cz+ d = 0, a2 + b2 + c2 = 1, is
representedas(a b c d)T . Thenthequadricfor theplanep is de-

(a) (b) (c)

Figure8: We show the saliency-basedweightsandthe quality of
the99%simpli�cation (3:5K triangles)for theStanfordArmadillo
model for three choicesof the simpli�cation weights: (a) the
original meshsaliency (W = S ) (b) the ampli�ed meshsaliency
(W = AS ), and (c) the smoothedand ampli�ed meshsaliency
(W = A(G(S ;3e)) ).



Original (606K tris) 4K triangles 4K triangles 2K triangles 1K triangles
(SmoothShading)

(a)Simpli�cation by Qslim

Saliency 4K triangles 4K triangles 2K triangles 1K triangles
(SmoothShading)

(b) Simpli�cation guidedby saliency

Figure 9: Simpli�cation resultsfor the Cyberware Male: (a) shows simpli�cations by Garlandand Heckbert's method,and (b) shows
simpli�cations by ourmethodusingsaliency. Theeyes,nose,ears,andmoutharepreservedbetterwith ourmethod.

�ned asQp = ppT . They de�ne the error of v with respectto p
as the squareddistanceof v to p which is computedby vTQpv.
The quadricQ of v is the sumof all the quadricsof neighboring
planes: Q = å p2PQp. After computingquadricsof all vertices,
they computetheoptimal contractionpoint v̄ for eachpair (vi ;v j )
which minimizesthequadricerror v̄T (Qi + Q j )v̄ whereQi andQ j
are quadricsof vi and v j , respectively. The algorithm iteratively
contractsthepairwith theminimumcontractioncostv̄T (Qi + Q j )v̄.
After a pair is contracted,the quadricfor the new point v̄ is com-
putedsimplyby addingthetwo quadricsQi + Q j .

We guide the order of simpli�cation contractionsusing a weight
mapW derived from the meshsaliency mapS . We have found
thatusingthesimpli�cation weightsbasedona non-linearampli�-
cationof thesaliency givesusgoodresults.Webelievethattherea-
sonbehindthis is thatby amplifying thehigh saliency verticeswe
areensuringthatthey arepreservedlongerthanthenon-salientver-
ticeswith high contractioncosts.Speci�cally, we de�ne a saliency
ampli�cation operatorA usinga thresholda andanamplifyingpa-
rameterl , suchthatweamplify thesaliency valuesthataregreater
thanor equalto a by a factor l . Thus,the simpli�cation weight
mapW usingthesaliency ampli�cation operatorA is speci�edas:

W(v) = A(S (v);a ; l ) =
�

l S (v) if S (v) > = a
S (v) if S (v) < a

For all the saliency-basedsimpli�cation resultsin this paper, we
usel = 100anda = 30th percentilesaliency. At theinitialization
stageof computingthe quadricQ for eachvertex v, we multiply
Q by its simpli�cation weight W(v) derived from the saliency of
v: Q  W(v)Q. Analogousto the computationof a quadricafter
a vertex-pair collapse,thesimpli�cation weightW(v) for thenew
vertex v is the sum of the weightsfor the pair of verticesbeing
collapsedW(vi) + W(v j ).

Obviously, the quality of simpli�cation increaseswhenwe apply
thesaliency amplifying operator. However, we have observedthat
evenwhenwedirectlyusethesaliency astheweightingfactorwith-
out theamplifyingoperator, i.e. with l = 1, theinterestingfeatures
arepreserved longerthanwith theoriginal quadric-basedmethod.

We have alsoobservedthatblurring thesaliency mapbeforecom-
putingtheampli�ed saliency givesusfewer salientregionsandal-
lows thesimpli�cation processto focusmoreon theseselectedre-
gions. We uses = 3e for blurring, i.e.W = A(G(S ;3e)) , This is
shown in Figure8. We computethesaliency mapjust onceanddo
not modify it duringsimpli�cation sothatwe canalwaysstaytrue
to theoriginalmodel's saliency.

5 Salient Viewpoint Selection

With advancesin 3D modelacquisitiontechnologies,databasesof
3D modelsareevolving to very largecollections.Accordingly, the
importanceof automaticallycraftingbestviewsthatmaximallyelu-
cidatethemostimportantfeaturesof anobjecthasalsogrown for
high-quality representative �rst views, or sequenceof views. A
numberof papershave addressedtheproblemof automaticallyse-
lecting a viewpoint for looking at an object. KamadaandKawai
[1988] describea methodfor selectingviews in which surfacesare
imagednon-obliquelyrelative to their normals,usingparallelpro-
jection.Stoev andStraßer[2002]consideradifferentapproachthat
is more suitableto viewing terrains,in which most surfacenor-
mals in the sceneare similar, and visible scenedepthshouldbe
maximized.In thecontext of computervision,WeinshallandWer-
man[1997]show anequivalencebetweenthemoststableandmost
likely view of an object,andshow that this is the view in which
an object is �attest. Finding the optimal set of views of an ob-
ject for purposesof image-basedrenderinghasalsobeenconsid-
ered,usingmeasuressuchasthoseproviding bestcoverageof the
scene[Fleishmanet al. 1999],andthosethatprovide themostin-
formation[Vázquezetal. 2002].

Blanz et al. [1999] have conducteduserstudiesto determinethe
factorsthatin�uence thepreferredviewsfor 3D objects.They con-
cludethatselectionof apreferredview is a resultof complex inter-
actionsbetweentask,objectgeometry, andobjectfamiliarity. Their
studiessupportvisibility (andocclusion)of salientfeaturesof an
objectasoneof thefactorsin�uencing theselectionof a preferred
view. Goochet al. [2001]have built a systemthatusesart-inspired
principlesandsomeof thefactorssuggestedby Blanzet al. [1999]



Figure10: For viewpointselection,we�nd theviewpoint thatmax-
imizesthevisible saliency sum. Here,thewireframemesharound
theDavid'sheadmodelshowsthemagnitudeof thevisiblesaliency
sumwhenthemodelis seenfrom eachdirection. Thecolor of the
meshis alsomappedfrom the visible saliency sum. Our method
selectstheview-directionwith thehighestmagnitude.

to automaticallycomputeinitial viewpoints for 3D objects. Sys-
temssuchasthesecangreatlybene�t from a computationalmodel
of meshsaliency.

Wehavedevelopedamethodfor automaticallyselectingviewpoint
soasto visualizethemostsalientobjectfeatures.Our methodse-
lectstheviewpoint thatmaximizesthesumof thesaliency for vis-
ible regionsof theobject. For a givenviewpoint v, let F(v) bethe
setof surfacepointsvisible from v, andlet S bethemeshsaliency.
We computethesaliency visible from v as:U(v) = å x2F(v) S (x).
Thentheviewpointwith maximumvisiblesaliency vm is de�nedas
vm = argmax

v
U(v). Onepossiblesolutionhereis to exhaustively

computethe maximumvisible saliency over all viewpoints. This
is shown in Figure10. This, however, could get computationally
intensiveastheamountandcomplexity of 3D contentrises.

Instead,we usea gradient-descent-basedoptimizationheuristicto
helpusselectgoodviewpoints. Theoptimizationvariablesarethe
longitudeandlatitude,(q; f ) andtheobjective function is thevis-
ible saliency U(q; f ). We startfrom a randomview directionand
usetheiterative gradient-descentmethodto �nd thelocal maxima.
Wecomputethelocalgradientby probingthesaliency atneighbor-
ing view points.We usea randomizedalgorithmto �nd theglobal
maximumby repeatingthis procedurewith multiple randomlyse-
lectedstartingpoints. We canseethe resultsof this approachfor
Stanford'sDavid modelin Figure11. It is interestingto seethatour
approachidenti�ed a sideof the facewhereasa purely curvature-
basedapproachhasidenti�ed a view looking straightdown at the
backof David'shead.

6 Results and Discussion

Wehavedevelopedamodelfor meshsaliency, discussedits compu-
tation,andshown its applicabilityto meshsimpli�cation andview-
point selection. Figure6 shows the meshsaliency for the Cyber-
wareDinosaurandtheCyberwareIsis models.Repeatingpatterns
areusuallynotclassi�edassalientby ourapproach.Noticethatal-
thoughthecurvatureof theDinosaur's ribs in Figure6 is high,their
saliency is low. For otherexamples,considerthe repeatedbumps
onthelegsof theArmadillo modelin Figure7, David'shair in Fig-
ure11,or patternsin Isis'swig in Figure6. Ourapproachassignsa
low saliency to suchlocal repeatingpatterns.

(a) (b) (c)

(d) (e) (f)

Figure11: Image(a) shows a viewpoint selectedby maximizing
visiblesaliency, andimage(d) showsaviewpointselectedby max-
imizing visible meancurvature.Images(b) and(e) show themean
curvaturefor the two selectedviewpoints,and images(c) and(f)
show thesaliency. Sincesaliency negatestherepeatedhair texture
in image(e), themethodbasedon saliency selectsthemoreinter-
estingregionof faceinsteadof thetopof thehead.

The applicationof our saliency modelsto guidesimpli�cation of
mesheshave alsogiven us very effective results. Considerfor in-
stancetheCyberwareMale in Figure9. Noticehow our saliency-
basedsimpli�cation retainsmore trianglesaroundthe ears,nose,
lips, andeyesthanpreviousmethods.Althoughin thiscase,salient
simpli�cation preservesthedesirablehighcurvatureregions,it can
alsoselectively ignoretheundesirablehighcurvatureregions,such
asin thesimpli�cation of theArmadillo's legs (Figure7) or in ig-
noringDavid'shair for viewpoint selection(Figure11).

The time to computesaliency dependson the scaleat which it is
computed.Largerscalesrequireidenti�cation andprocessingof a
largernumberof neighborhoodverticesandthereforearemoretime
consuming.Spatialdata-structuressuchasa grid or anoctreecan
greatlyimprovetherunningtimefor establishingtheneighborhood
at a given scale.Table1 shows the time for saliency computation
ona3.0GHzPentiumIV PCwith 2 GB RAM usingaregulargrid.

Table1: RunTimesfor ComputingMeshSaliency

Time for eachscale(sec)
Model #verts 2e 3e 4e 5e 6e

Dinosaur 56K 1.6 3.4 4.8 6.7 9.0
Armadillo 172K 7.6 15.4 20.5 29.8 41.1

Male 303K 20.7 35.2 50.6 71.2 95.2
Dragon 437K 34.8 72.8 93.8 131.9 178.9

David's Head 2M 593.7 1097.2 1407.4 1968.6 2619.7

Our meshsaliency computationapproachis basedon a center-
surroundoperator, which is presentin many modelsof humanvi-
sion.Weusethisapproachprimarily becauseit is astraightforward
way of �nding regions that areuniquerelative to their surround-
ings.For this reason,it is plausiblethatmeshsaliency maycapture
the regionsof 3D modelsthat humanswill also �nd salient. Our
experimentsprovidepreliminaryindicationsthatthismaybetrue.
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Figure12: Viewpoint selectionfor theOctopusandtheStanfordDragonmodels.Images(a)–(d)show viewpointsselectedby maximizing
visible saliency, andimages(e)–(h)show viewpointsselectedby maximizingvisible meancurvature.Images(b) and(d) show thesaliency,
andimages(f) and(h) show themeancurvature.Comparedwith a curvature-basedviewpoint selectionmethod,thesaliency-basedmethod
picksa morepleasingview for modelswith repeatedtexturessuchas(a) theoctopusbut not for (c) theDragon.Our methodfor saliency-
guidedview selectionfor theDragonselectstheview from below insteadof from thesidesincetheDragon's feethave a very high saliency.

7 Conclusions and Future Work

Wehavedevelopedamodelof meshsaliency usingcenter-surround
�lters with Gaussian-weightedcurvatures.We have shown how in-
corporatingmeshsaliency canvisually enhancetheresultsof sev-
eral graphicstaskssuchasmeshsimpli�cation andviewpoint se-
lection. For a numberof exampleswe have shown in this paper,
onecanseethatourmodelof saliency is ableto capturewhatmost
of uswould classifyasinterestingregionsin meshes.Not all such
regionsnecessarilyhavehighcurvature.While wedonotclaimthat
our saliency measureis superiorto meshcurvaturein all respects,
we believe that meshsaliency is a goodstart in merging percep-
tual criteria inspiredby low-level humanvisual systemcueswith
mathematicalmeasuresbasedon discretedifferentialgeometryfor
graphicsmeshes.

Meshsaliency promisesto bea rich areafor further research.We
are currently de�ning mesh saliency using mean curvature. It
should be possibleto improve this by using better measuresof
shape,suchasprincipalcurvatures.Our currentde�nition of mesh
saliency considersonly geometry. Generalizingmeshsaliency to
encompassotherappearanceattributessuchascolor, texture, and
re�ectance,shouldbe an importantdirectionfor further research.
Currentmethodsfor lighting design[Lee et al. 2004] do not in-
corporateany notion of perceptualsaliency in decidinghow and
whereto illuminateascene.Saliency-basedlightingdesignis likely
to emerge asan importantareafor further research.Our current
methodof computingsaliency takesa long time. It shouldbepos-
sible to signi�cantly speedit up by usinga multiresolutionmesh
hierarchy to accelerate�ltering at coarserscales.Meshsegmenta-
tion [Katz andTal 2003],like meshsimpli�cation, is anothermesh
processingoperationthatcouldbene�t from asaliency mapthatas-
signsdifferentprioritiesto differentregionsof a mesh.It will also
be an interestingexerciseto useeye-trackingto determinethe re-
gionson 3D objectsthatelicit greatervisualattentionandcontrast
thiswith their computedsaliency usingmethodssuchasours.
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2003. Discretedifferential-geometryoperatorsfor triangulated
2-manifolds.In VisualizationandMathematicsIII (Proceedings
of VisMath2002), SpringerVerlag,Berlin (Germany), 35–54.

M ILANESE, R., WECHSLER, H., GIL , S., BOST, J., AND PUN,
T. 1994. Integrationof bottom-upandtop-down cuesfor visual
attentionusingnon-linearrelaxation. In Proceedingsof IEEE
ComputerVisionandPatternRecognition, 781–785.

PRIVITERA , C., AND STARK , L . 1999. FocusedJPEGencod-
ing basedupon automaticpreidenti�ed regions of interest. In
Proceedingsof SPIE,HumanVision andElectronic Imaging IV,
552–558.

REDDY., M. 2001. Perceptuallyoptimized3D graphics. IEEE
ComputerGraphicsandApplications21, 5, 68–75.

ROSENHOLTZ, R. 1999.A simplesaliency modelpredictsa num-
berof motionpopoutphenomena.VisionResearch 39, 19,3157–
3163.

SHASHUA , A., AND ULLMAN, S. 1988. Structuralsaliency: The
detectionof globallysalientstructuresusinga locally connected
network. In Proceedingsof IEEE InternationalConferenceon
ComputerVision, 321–327.

STOEV, S., AND STRAßER, W. 2002. A casestudyon automatic
cameraplacementandmotionfor visualizinghistoricaldata. In
Proceedingsof IEEEVisualization, 545–548.

SUH, B., L ING, H., BEDERSON, B. B., AND JACOBS, D. W.
2003.Automaticthumbnailcroppingandits effectiveness.CHI
Letters (UIST2003)5, 2, 95–104.

TAUBIN, G. 1995. Estimatingthe tensorof curvatureof a sur-
facefrom a polyhedralapproximation.In Proceedingsof IEEE
InternationalConferenceonComputerVision, 902–907.

TSOTSOS, J., CULHANE, S., WAI , W., LAI , Y., DAVIS, N., AND
NUFLO, F. 1995.Modelingvisual-attentionvia selectivetuning.
Arti�cial Intelligence78, 1-2,507–545.

TURK , G. 1992. Re-tiling polygonsurfaces. In Proceedingsof
ACM SIGGRAPH, 55–64.
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