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Abstract

Researclover the lastdecadenhasbuilt a solid mathematicafoun-
dationfor representatioandanalysisof 3D meshesn graphicsand
geometrianodeling.Much of thiswork however doesnotexplicitly
incorporatemodelsof low-level humanvisual attention.In this pa-
perweintroducetheideaof meshsaliencyasa measuref regional
importancefor graphicsmeshesQOur notion of salieng is inspired
by low-level humanvisual systemcues. We de ne meshsaliengy
in a scale-dependemhannerusing a centersurroundoperatoron
Gaussian-weightetheancurvatures.We obsenre that sucha de -
nition of meshsalieng is ableto capturewhatmostwould classify
asvisually interestingregionson a mesh. The human-perception-
inspiredimportancemeasurecomputedby our meshsalieny op-
eratorresultsin more visually pleasingresultsin processingand
viewing of 3D meshesgomparedo usinga purelygeometriomea-
sureof shape,suchas curvature. We discusshow meshsalieny
canbe incorporatedn graphicsapplicationssuchasmeshsimpli-
cation and viewpoint selectionand presentexamplesthat shav
visually appealingesultsfrom usingmeshsalieng.

CR Categories: 1.3.5 [ComputerGraphics]: ComputationalGe-
ometryandObjectModeling;1.3.m [ComputerGraphics]:Percep-
tion; 1.3.m [ComputerGraphics]:Applications

Keywords: salieng, visual attention,perceptionsimpli cation,
viewpointselection

1 Intro duction

We have witnessedsigni cant advancesn the theoryandpractice
of 3D graphicsmeshesover the last decade. Theseadwancesin-

cludeef cient andprogressie representatiofHoppe 1996; Karni

and Gotsman2000], analysis[Taubin 1995; Kobbeltet al. 1998;
Meyer et al. 2003], transmissiorfAl-Regib et al. 2005], and ren-
dering [Luebke et al. 2003] of very large meshes. Much of this
work hasfocussedn usingmathematicaimeasuresf shapesuch
ascurvature.Therapidgrowth in the numberandquality of graph-
ics meshesandtheir ubiquitoususein a large numberof human-
centeredsisual computingapplicationssuggesthe needfor incor

poratinginsightsfrom humanperceptiorinto meshprocessingAl-

thoughexcellentwork hasbeendonein incorporatingprinciplesof
perceptionin managindevel of detail for renderingmeshegLue-
bke andHallen2001; Reddy 2001; Watsonet al. 2004], therehas
beenlessattentionpaidto theuseof perception-inspirethetricsfor
processingf meshes.
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Figurel: MeshSalieny: Image(a) shovs the StanfordArmadillo
model,andimage(b) shavs its meshsalieng.

Our goalin this paperis to bring perception-basethetricsto bear
on the problemof processingandviewing 3D meshes.Purelyge-

ometricmeasuresf shapesuchascurvaturehave arich history of

usein the meshprocessinditerature. For instance Heckbertand
Garland[1999] shaw thattheir quadricerror metricis directly re-

latedto the surfacecurvature. Meshsimpli cations resultingfrom

minimizing the quadricerrorsresultin provably optimum aspect
ratio of trianglesin the L, norm, as the triangle areasapproach
zero. However, a purely curvature-basednetric may not neces-
sarily be a good metric of perceptuaimportance.For example,a

high-cunaturespike in the middle of a largely at region will be

likely perceved to be important. However, it is alsolikely thata

at regionin the middle of denselyrepeatedigh-cunaturebumps
will be percevedto beimportantaswell. Repeateghatternsgven

if highin curvature,arevisually monotonous.lt is the unusualor

unexpectedthatdelightsandinterests As anexample thetextured
region with repeatedbumpsin the leg of the Armadillo shawvn in

Figure2(a)is arguablyvisually lessinterestinghananisolatedbut

smoothfeaturesuchasits knee(Figure 2(c)).

In this paper we introducethe conceptof meshsaliency a mea-
sureof regionalimportancefor 3D meshesandpresenta method
to computet. Our methodto computemeshsalieny usesa center
surroundmechanism.We usethe centersurroundmechanisnbe-
causeit hasthe intuitive appealof being able to identify regions
that are differentfrom their surroundingcontext. We arealsoen-
couragedy the succes®f thesemechanismsn 2D problems.

We expecta goodmodelof salieng to operateat multiple scales,
sincewhat s interestingat one scaleneednot remainso at a dif-

ferentscale. A goodsalieny map shouldcapturethe interesting
featuresat all perceptuallyneaningfulscales.Figure3(a) shovs a
salieny mapata ne scalewheresmallfeaturessuchasthe nose
andmouthhave highsalieng, while asalieny mapatalargerscale
(Figure3(b)) shavs theeye to have a highersalieng. We usethese
obsenationsto de ne a multi-scalemodelof meshsalieny using
the centersurroundmechanisnin Section3. A numberof tasksin

graphicscanbene t from a computationamodelof meshsalieng.
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Figure2: Curvaturealoneis inadequatéor assessingalieng since
it doesnot adequatelyconsiderthe local context. Image(a) shavs
a part of the right leg of the Stanford Armadillo model. Image
(b) visualizesthe magnitudeof meancunaturesand(c) shavs our
salieny values. While (b) capturesepeatedexturesandfails to
capturetheknee,(c) successfullyhighlightstheknee.

In this paperwe explore the applicationof meshsalieny to mesh
simpli cation andview selectionin Sectionst and 5.

Themaincontritutionsof this paperare:

1. Saliency Computation: Therecanbe a numberof de ni-
tions of salieny for meshes. We outline one suchmethod
for graphicsmeshedasedon the Gaussian-weightedenter
surroundevaluationof surfacecunatures. Our methodhas
givenusvery promisingresultson several 3D meshes.

2. SalientSimpli cation: Wediscussow traditionalmeshsim-
pli cation methodscanbemodi ed to accommodatealieny
in the simpli cation process.Our resultsshow thatsalieng-
guidedsimpli cation caneasily presere visually salientre-
gionsin mesheshatcorventionalsimpli cation methodsyp-
ically donot.

3. Salient Viewpoint Selection: As database®f 3D models
evolve to very large collections,it becomesmportantto au-
tomaticallyselectviewpointsthat capturethe mostsalientat-
tributesof objects. We presenta salieng-guidedmethodfor
viewpoint selectionthatmaximizesvisible salieng.

We foreseahe computatioranduseof meshsalieny asanincreas-
ingly importantareain 3D graphics As we engagein imagesynthe-
sisandanalysisfor ever largergraphicsdatasetandasthe gapbe-
tweenprocessingapabilitiesandmemory-accessmesgrows ever
wider, the needfor prioritizing andselectvely processingyraphics
datasetsvill increaseSalieny canprovide aneffectivetool to help
achieve this.

2 Related Work

Low-level cuesin uence wherein animagepeoplewill look and
pay attention. Many computationamodelsof this have beenpro-

posed. Koch and Ullman's [1985] early model suggestedhat
salientimagelocationswill bedistinctfrom theirsurroundingsOur
approachs explicitly basednthemodelof Itti etal. [1998]. They

combineinformationfrom centersurroundmechanismsppliedto

different featuremaps, computedat different scales,to compute
a saliencymapthat assignsa salieny valueto eachimagepixel.

Tsotsoset al. [1995], Milaneseet al. [1994], RosenholtZ1999],

andmary othersdescribeotherinterestingsalieny models.Among
theirmary applications2D salieny mapshave beenappliedto se-
lectively compresgPriviteraandStark1999]or shrink[Chenetal.

2003; Suhet al. 2003] images. DeCarloand Santella[2002] use
salieny determinedrom a persons eye movementso simplify an
imageproducinga non-photorealisticpainterlyrendering.
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Figure 3: Salieng is relative to the scale. Image (a) shavs the
salieny mapof the CybervareDinosaurheadat a smallscale and
image(b) shavs themapof its salieng atalargerscale.ln image
(a), the small-scalesalieng highlightsthe small featuressuchas
noseandmouthandin image(b), thelarge-scalesalieng identi es
alargerfeaturesuchastheeye.

More recently salieny algorithmshave beenappliedto views of

3D models. Yeeet al. [2001] useltti et al.'s algorithmto com-
putea salieny mapof a coarselyrenderedD projectionof a 3D

dynamicscene.They usethis to help decidewhereto focuscom-
putationalresourcesn producinga moreaccurateendering.Man-

tiuk et al. [2003] usea real-time, 2D saliengy algorithmto guide
MPEG compressiorof an animationof a 3D scene. Frintrop et
al. [2004] useasalieny mapto speedup thedetectiorof objectsin

3D data. They combinesalieny mapscomputedrom 2D images
representingscenedepthandintensities. Howlett [2004] demon-
stratethe potentialvalue of salieny for the simpli cation of 3D

models. Their work capturessaliengy by usingan eye-tracler to

recordwherea persorhaslookedata 2D imageof a 3D model.

Theseprior works determinesalieny for a 3D modelby nding
salieny in its 2D projection. Thereis little work that determines
salieny directly from 3D structure.Guy andMedioni [1996] pro-
poseda methodfor computinga salieny mapfor edgesin a 2D
image, (suchedge-basedalieny mapswere previously explored
by ShashuandUIliman [1988]). In [Medioni andGuy 1997]they
extendthisframework to applyto 3D data.However, theirapproach
is mainly designedo smoothlyinterpolatesparsenoisy 3D datato
nd surfaces.They do not computean analogto the salieny map
for a 3D object. Watanabeand Belyaes [2001] have proposeda
methodto identify regionsin mesheswhere principal curvatures
have locally maximalvaluesalongone of the principal directions
(typically alongridgesandravines).Hisadaet al. [2002] have pro-
poseda methodto detectsalientridgesandravinesby computing
the 3D skeletonand nding non-manifoldpoints on the skeletal
edgesandassociatedurfacepoints.

3 Mesh Saliency Computation

Itti etal. [1998]'s methodis one of the mosteffective techniques
for computingsalieny for 2D images. Our methodfor comput-
ing salieny for 3D meshesusestheir centersurroundoperation.
Unlikeimageswherecoloris themostimportantattribute, we con-
sidergeometryof meshego be the mostimportantcontrikutor to
salieng. At presenbur methodfor meshsalieny usesonly geom-
etry, but it shouldbe easyto incorporateothersurfaceappearance
attributesinto it aswell. Thereareseveral possiblecharacteristics
of meshgeometnthatcouldbeusedfor salieng. Beforewe decide
ononeletuscomparehedesiderataf salieny in a2D imagewith
thesalieng of a 3D object. Zerosalieng in animagecorresponds
toaregionwith uniformintensity Themotivationbehindthisis that
thekey imagepropertywhosevariationsarecritical is theintensity
In animage,intensityis a function of shapeandlighting. For 3D
objectshowever, we have the opportunityto determinghe salieny



basedon shape jndependenbf lighting. For 3D objects,we feel

thata spherds the canonicakzero-salieng feature.Thisis in spite

of thefactthatdependingnthelighting, aspherenaynot produce
a uniform intensityimage. In the caseof the spherethe property
thatis invariantis the curvature. Thereforewe are guidedby the

intuition thatit is changesn the cunaturethatleadto salieny or

non-salieng. This hasled usto formulatemeshsalieny in terms
of the meancunvatureusedwith the centersurroundmechanism.
Figure4 givesanoverview of our salieny computation.

The rst stepof our salieny computationnvolvescomputingsur

facecunatures. Thereare a numberof excellentapproacheshat
generalizedifferential-geometry-basede nition of curvaturesto

discretemesheqTaubin 1995; Meyer et al. 2003]. One canuse
ary of theseto computethe cunature of a meshat a vertex v.

Let the cunaturemapC de ne a mappingfrom eachvertex of a
meshto its meancunature,i.e. let C (v) denotethemeancurvature
of vertex v. We use Taubin [1995]'s methodfor curvature com-
putation. Let the neighborhood\(v; s) for a vertex v, be the set
of pointswithin a distances. One can considerseveral distance
functionsto de ne the neighborhoodsuchasthe geodesicor the
Euclidean. We have tried both and found that the Euclideandis-
tancegave us betterresultsand thatis what we usehere. Thus,
N(v;s) = fxkx vk< s; xisameshpointy. Let G(C(V);s) de-
note the Gaussian-weighteaverageof the meancurvature. We
computethis as:

4 CMexplk x vk?=(2s2)]
X2N(v;2s)
& explk x vk?=(2s2)]
X2N(v;2s)

G(C(v);s) =

Note that with the abore formulation, we are assuminga cut-off

for the Gaussianlter ata distance2s. We computethe salieny
S (v) of avertex v astheabsolutalifferencebetweerthe Gaussian-

weightedaveragecomputedat ne andcoarsescalesWe currently
usethe standarddeviation for the coarsescaleastwice thatof the
ne scale:

Figure4: MeshSalieny Computation\We rst computemeancur-
vatureat meshvertices. For eachvertex, salieny is computedas
the differencebetweenmeancurvatures Itered with a narrov and
a broadGaussian.For eachGaussianwe computethe Gaussian-
weightedaverageof the curvaturesof verticeswithin a radius2s,
wheres is Gaussiars standardieviation. We computesalieny at
differentscalesy varyings. The nal salieny is theaggreateof
thesalieng atall scalesvith anon-lineamormalization.
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Figure5: Images(a)—(e)showv the salieny at scalesof 2e, 3e, 4e,
5e, and6e. Image(f) shawvsthe nal meshsalieny afteraggreat-
ing the salieny over multiple scales Here, e is 0:3% of thelength
of thediagonalof the boundingbox of the model.

S (V) =jG(C(v);s) G(C(V);2s)]

To computemeshsalieny atmultiple scalesywe de ne thesalieny
of avertex v atascalelevel i asS (v):

Si(v) = JG(C(V);si) G(C(v);2si)j

where, s; is the standarddeviation of the Gaussianlter at scale
i. For all the resultsin this paperwe have used ve scaless; 2
f 2e; 3e; 4€; 5¢; 6eg, wheree is 0:3% of thelengthof the diagonal
of theboundingbox of themodel.
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Figure 6: We shov meshsalieng for the Cyberware Dinosaur
model(a)in gure (c) andfor the Cyberwarelsis model(b) in g-
ure (d). Warmercolors(redsandyellows) shav high saliengy and
coolercolors(greensandblues)shav low salieng.
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(a) Simpli cation by Qslim

Salieny 99%simpli cation 98%simpli cation

(3.5K triangles)
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98.5%simpli cation
(5.2K triangles)

99%simpli cation
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(b) Simpli cation guidedby saliengy

Figure 7: Simpli cation resultsfor the StanfordArmadillo: (a) shavs simpli ed modelsusing Qslim and (b) shavs differentlevels of
simpli cation usingsalieng. Thethreeright columnsshav thezoomed-infaceof the Armadillo. Theeyesandthenosearepreseredbetter

with our methodwhile the bumpson thelegsaresmoothedaster

For combiningsalieny mapsS; at different scales,we apply a
non-linearsuppressioroperatorS similar to the one proposedby
Itti etal. [1998]. Thissuppressiooperatopromotesalieny maps
with a smallnumberof high peaks(Figure5(e)) while suppressing
salieny mapswith a large numberof similar peaks(Figure5(a)).
Thus, non-linearsuppressiomelpsus in reducingthe numberof
salientpoints. If we do not usesuppressionwe getfar too mary
regionsbeing agged assalient.We believe,thereforethatthissup-
pressiorhelpsto de ne what makessomethingunique,andthere-
fore potentiallysalient.For eachsalieny mapsS i, we rst normal-
ize Si. We thencomputethe maximumsalieng valueM; andthe
averagem; of the local maximaexcluding the global maximumat
thatscale. Finally, we multiply S; by thefactor(M; m)2. The
nal meshsalieny S is computedby addingthe salieny maps
atall scalesafterapplyingthe non-lineamormalizationof suppres-
sion:S = &;SSi)

4 Salient Simpli cation

Thereis alargeandgrowing body of literatureon simpli cation of
mesheausinga diversesetof error metricsand simpli cation op-
eratorgLuebke etal. 2003]. Severalsimpli cation approachesse
estimate®f meshcurvatureto guidethe simpli cation processand
achieve high geometric delity for a given triangle budget[Turk
1992; Kim et al. 2002]. Othersimpli cation approachessuchas
QSlim [Garlandand Heckbert1997], useerror metricsthat while
not directly computingcurvature, are relatedto curvature[Heck-
bertand Garland1999]. Curvaturehasalsobeendirectly usedto
identify salientregionson meshes Watanabeand Belyaes [2001]
classifyextremaof the principal cunaturesas salientfeaturesand
presere thembetterduring simpli cation. Their methodhowever,
doesnot usea centersurroundmechanisnto identify regionson a
meshthataredifferentfrom theirlocal context.

For evaluatingthe effectivenessf our meshsalieny method,we
have modi ed thequadrics-basegimpli cation method(Qslim) of
GarlandandHeckberf1997] by weightingthe quadricswith mesh
salieny. However, it shouldbe equallyeasyto integrateour mesh
salieny with ary othermeshsimpli cation scheme.Garlandand
Heckberts methodsimpli es ameshby repeatedlycontractingver-
tex pairsorderedby increasingguadricerrors. Let P be the setof
planesof trianglesincidentat a vertex v, wherethe planep 2 P
de ned by the equationax+ by+ cz+ d = 0, a2+ b?+ c2= 1,is
representeds(a b ¢ d)T. Thenthe quadricfor the planep is de-

@) (b) ()

Figure8: We shav the salieng-basedweightsandthe quality of
the 99% simpli cation (3:5K triangles)for the StanfordArmadillo
model for three choicesof the simpli cation weights: (a) the
original meshsalieny (W = S ) (b) the ampli ed meshsalieny
(W = AS ), and (c) the smoothedand ampli ed meshsalieny
(W = A(G(S ;3¢))).
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2K triangles 1K triangles

(a) Simpli cation by Qslim

Salieny 4K triangles

(SmoothShading)

4K triangles

2K triangles 1K triangles

(b) Simpli cation guidedby saliengy

Figure 9: Simpli cation resultsfor the Cyberware Male: (a) shavs simpli cations by Garlandand Heckberts method,and (b) shavs
simpli cations by our methodusingsalieng. Theeyes,nose ears,andmoutharepreseredbetterwith our method.

ned asQp = pp'. They de ne the error of v with respectto p
asthe squareddistanceof v to p which is computedby vTva.

The quadricQ of v is the sumof all the quadricsof neighboring
planes:Q = & pppQp. After computingquadricsof all vertices,
they computethe optimal contractionpoint v for eachpair (vi; vj)

which minimizesthe quadricerrorv' (Q; + Qj)vwhereQ; andQ;

are quadricsof v andvj, respectiely. The algorithmiteratively
contractghepairwith theminimumcontractiorcostv’ (Q; + Qj)v.

After a pair is contractedthe quadricfor the new pointvis com-
putedsimply by addingthetwo quadricsQ; + Q;.

We guide the order of simpli cation contractionsusing a weight
mapW derived from the meshsalieny mapS . We have found
thatusingthe simpli cation weightsbasedon a non-linearampli -
cationof thesalieng givesusgoodresults.We believe thattherea-
sonbehindthis is thatby amplifying the high salieng verticeswe
areensuringhatthey arepreseredlongerthanthenon-salientver
ticeswith high contractioncosts.Speci cally, we de ne asalieny
ampli cation operatorA usingathresholda andanamplifying pa-
rameter , suchthatwe amplify the salieny valuesthataregreater
thanor equalto a by afactor/ . Thus,the simpli cation weight
mapW usingthesalieny ampli cation operatorA is speci ed as:

IS(v) ifS(v)>=a

WV =AS Wal)= 5 ifs(v<a

For all the salieng-basedsimpli cation resultsin this paper we
use/ = 100anda = 30" percentilesalieny. At theinitialization
stageof computingthe quadricQ for eachvertex v, we multiply
Q by its simpli cation weight W (v) derived from the salieng of
v: Q W (V)Q. Analogousto the computationof a quadricafter
a vertex-pair collapse the simpli cation weightW (v) for the new
vertex v is the sum of the weightsfor the pair of verticesbeing
collapsedV (vi) + W (vj).

Olviously, the quality of simpli cation increasesvhenwe apply
the salieny amplifying operator However, we have obseredthat
evenwhenwe directly usethesalieny astheweightingfactorwith-

outtheamplifyingoperatori.e. with | = 1, theinterestingeatures
arepresered longerthanwith the original quadric-basednethod.

We have alsoobseredthatblurring the salieny mapbeforecom-
putingtheampli ed salieny givesusfewer salientregionsandal-
lows the simpli cation procesgo focusmoreon theseselectede-
gions. We uses = 3e for blurring,i.e W = A(G(S ;3e)), Thisis
shavn in Figure8. We computethe salieny mapjust onceanddo
not modify it duringsimpli cation sothatwe canalwaysstaytrue
to theoriginal models salieng.

5 Salient Viewpoint Selection

With advancesn 3D modelacquisitiontechnologiesdatabasesf
3D modelsareevolving to very large collections.Accordingly, the
importanceof automaticallycraftingbestviews thatmaximallyelu-
cidatethe mostimportantfeaturesof an objecthasalsogrown for
high-quality representadie rst views, or sequencef views. A
numberof papershave addressethe problemof automaticallyse-
lecting a viewpoint for looking at an object. Kamadaand Kawai
[1988] describea methodfor selectingviews in which surfacesare
imagednon-obliquelyrelative to their normals,usingparallelpro-
jection. Stoev andStraRef2002] considera differentapproactthat
is more suitableto viewing terrains,in which most surface nor-
malsin the sceneare similar, and visible scenedepthshouldbe
maximized.In the context of computewision, WeinshallandWer-
man[1997] shav anequivalencebetweerthe moststableandmost
likely view of an object, and shav that this is the view in which
an objectis attest. Finding the optimal set of views of an ob-
ject for purposesf image-basedenderinghasalsobeenconsid-
ered,usingmeasuresuchasthoseproviding bestcoverageof the
scenglFleishmanet al. 1999], andthosethat provide the mostin-
formation[V azqueztal. 2002].

Blanz et al. [1999] have conducteduserstudiesto determinethe
factorsthatin uence the preferredviews for 3D objects.They con-
cludethatselectionof a preferredview is aresultof comple inter-

actionsbetweertask,objectgeometryandobjectfamiliarity. Their
studiessupportvisibility (andocclusion)of salientfeaturesof an
objectasoneof thefactorsin uencing the selectionof a preferred
view. Goochetal. [2001] have built a systemthatusesart-inspired
principlesandsomeof thefactorssuggestetby Blanzetal. [1999]



Figurel10: For viewpointselectionwe nd theviewpointthatmax-
imizesthe visible salieny sum. Here,the wireframemesharound
theDavid's headmodelshavs themagnitudeof thevisible salieny
sumwhenthe modelis seenfrom eachdirection. The color of the
meshis also mappedfrom the visible salieny sum. Our method
selectgheview-directionwith the highestmagnitude.

to automaticallycomputeinitial viewpointsfor 3D objects. Sys-
temssuchasthesecangreatlybene t from a computationamodel
of meshsalieng.

We have developeda methodfor automaticallyselectingviewpoint
soasto visualizethe mostsalientobjectfeatures.Our methodse-
lectsthe viewpoint that maximizesthe sumof the salieny for vis-
ible regionsof the object. For a givenviewpointv, let F(v) bethe
setof surfacepointsvisiblefromv, andletS bethemeshsalieng.
We computethe salieng visible from v as:U(v) = &,0r ) S (X)-
Thentheviewpointwith maximumvisible salieny vy, is de ned as
Vm = argmaxU (v). Onepossiblesolutionhereis to exhaustvely
\

computethe maximumvisible salieny over all viewpoints. This
is shawn in Figure 10. This, however, could get computationally
intensie astheamountandcomplexity of 3D contentrises.

Instead,we usea gradient-descent-basegtimizationheuristicto
help us selectgoodviewpoints. The optimizationvariablesarethe
longitudeandlatitude,(q; f ) andthe objectie functionis the vis-
ible salieny U(q;f). We startfrom arandomview directionand
usetheiterative gradient-descenhethodto nd thelocal maxima.
We computethelocal gradientby probingthesalieny atneighbor
ing view points. We usea randomizedalgorithmto nd theglobal
maximumby repeatingthis procedurewith multiple randomlyse-
lectedstartingpoints. We canseethe resultsof this approachor
Stanfords David modelin Figurell. It is interestingo seethatour
approachdenti ed a side of the facewhereasa purely curvature-
basedapproachhasidenti ed a view looking straightdown at the
backof David's head.

6 Results and Discussion

We have developedamodelfor meshsalieng, discussedts compu-
tation,andshawn its applicabilityto meshsimpli cation andview-
point selection. Figure 6 shavs the meshsalieny for the Cyber
wareDinosaurandthe Cyberwarelsis models.Repeatingpatterns
areusuallynotclassi edassalientby our approachNoticethatal-
thoughthe curvatureof the Dinosaursribs in Figure6 is high, their
salieny is low. For otherexamples,considerthe repeatechumps
onthelegsof the Armadillo modelin Figure7, David's hairin Fig-
urell,or patterndn Isis'swig in Figure6. Our approachassignsa
low salieng to suchlocal repeatingpatterns.

(@) (b) (c)

(d) (e) )

Figure 11: Image (a) shows a viewpoint selectedby maximizing
visible salieng, andimage(d) shavs a viewpoint selectedby max-
imizing visible meancurvature.lmages(b) and(e) shav themean
cunaturefor the two selectedviewpoints, andimages(c) and (f)
shav the salieng. Sincesalieny negatesthe repeatedhair texture
in image(e), the methodbasedon salieny selectshe moreinter
estingregion of faceinsteadof thetop of thehead.

The applicationof our saliengy modelsto guide simpli cation of

meshedave alsogiven us very effective results. Considerfor in-

stancethe Cyberware Male in Figure9. Notice how our salieng-

basedsimpli cation retainsmore trianglesaroundthe ears,nose,
lips, andeyesthanpreviousmethods Althoughin this case salient
simpli cation preseresthe desirablehigh curvatureregions,it can
alsoselectvely ignoretheundesirablénigh curvatureregions,such
asin the simpli cation of the Armadillo’s legs (Figure 7) or in ig-

noring David's hair for viewpoint selection(Figure11).

The time to computesalieny dependn the scaleat which it is
computed.Larger scalegequireidenti cation andprocessingf a
largernumberof neighborhooderticesandthereforearemoretime
consuming.Spatialdata-structuresuchasa grid or anoctreecan
greatlyimprove therunningtime for establishinghe neighborhood
at a givenscale. Table 1 shows the time for salieny computation
ona3.0GHz PentiumlV PCwith 2 GB RAM usingaregulargrid.

Tablel: RunTimesfor ComputingMeshSalieny

Time for eachscale(sec)

Model #verts 2e 3e de 5e 6e

Dinosaur 56K 1.6 34 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 meshsalieny computationapproachis basedon a center
surroundoperator which is presentin mary modelsof humanvi-

sion. We usethis approactprimarily becausé is a straightforvard
way of nding regionsthat are uniquerelative to their surround-
ings. For thisreasonit is plausiblethatmeshsalieny maycapture
the regions of 3D modelsthathumanswill also nd salient. Our
experimentgprovide preliminaryindicationsthatthis maybetrue.
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(©) ()

©) (d)

(@) (h)

Figure12: Viewpoint selectionfor the Octopusandthe StanfordDragonmodels. Images(a)—(d)shav viewpointsselectedy maximizing
visible salieng, andimages(e)—(h)shav viewpointsselectedoy maximizingvisible meancurvature.Images(b) and(d) shawv the salieng,
andimages(f) and(h) shav the meancurvature. Comparedvith a curvature-basegiewpoint selectionmethod the salieng-basedmethod
picks a morepleasingview for modelswith repeatedexturessuchas(a) the octopusbut not for (c) the Dragon. Our methodfor salieng-
guidedview selectionfor the Dragonselectghe view from below insteadof from the sidesincethe Dragons feethave a very high salieng.

7 Conclusions and Future Work

We have developedamodelof meshsalieng usingcentersurround
lters with Gaussian-weightedunatures We have shavn how in-
corporatingmeshsalieny canvisually enhancehe resultsof sev-
eral graphicstaskssuchas meshsimpli cation and viewpoint se-
lection. For a numberof exampleswe have shawvn in this paper
onecanseethatour modelof salieng is ableto capturewhatmost
of uswould classifyasinterestingregionsin meshesNot all such
regionsnecessarilyave high curvature.While we donotclaimthat
our salieny measuras superiorto meshcurvaturein all respects,
we believe that meshsalieny is a good startin meiging percep-
tual criteriainspiredby low-level humanvisual systemcueswith
mathematicameasuredasedodn discretedifferentialgeometryfor
graphicsmeshes.

Meshsalieny promisesto be a rich areafor furtherresearch We
are currently de ning meshsalieny using mean cunvature. It
should be possibleto improve this by using better measureof
shapesuchasprincipal curvatures.Our currentde nition of mesh
salieny considersonly geometry Generalizingmeshsalieny to
encompasstherappearancattributessuchascolor, texture, and
re ectance,shouldbe animportantdirectionfor furtherresearch.
Currentmethodsfor lighting design[Lee et al. 2004] do not in-
corporateary notion of perceptuakalieny in decidinghow and
whereto illuminateascene Salieng-basedighting designis likely
to emepe as animportantareafor further research.Our current
methodof computingsalieny takesalongtime. It shouldbe pos-
sible to signi cantly speedit up by usinga multiresolutionmesh
hierarcly to accelerateltering at coarserscales.Meshseggmenta-
tion [Katz andTal 2003],like meshsimpli cation, is anothemesh
processingperatiorthatcouldbene t from asalieny mapthatas-
signsdifferentprioritiesto differentregionsof a mesh.It will also
be aninterestingexerciseto useeye-trackingto determinethe re-
gionson 3D objectsthatelicit greatervisual attentionandcontrast
this with their computedsalieny usingmethodssuchasours.
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