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Abstract. This papertacklesa particularshapematchingproblem:givena data
baseof shapes(describedastriangularmeshes),we searchfor all shapeswhich
describea human.We do so by applyinga 3D facedetectionapproachon the
meshwhich consistsof threesteps:�rst, a local symmetryvalue is computed
for eachvertex. Then, the symmetryvaluesin a certainneighborhoodof each
vertex are analyzedfor building sharpsymmetrylines. Finally, the geometry
aroundeachvertex is analyzedto get further facial featureslike noseandfore-
head.We testedour approachwith several shapedatabases(e.g. the Princeton
ShapeBenchmark)andachievedhigh ratesof correctfacedetection.

1 Intr oduction

Dueto the fastdevelopmentof new 3D scanningandmodellingtechniques,thenum-
berandcomplexity of surfaceswhich ComputerGraphicsdealswith is currentlydra-
matically increasing.Becauseof this, theretrieval andsearchof shapesin the internet
becomesanimportantandchallengingissue.Shapematchingaimsin choosingshapes
of certaincharacteristicsout of a shapedatabase.Thesecharacteristicsareusuallythe
similarity to agivenshapewhich is describedeitherasaparticularsurface,asketching,
or a ratherabstractdescription[1]. Recently, a numberof shapematchingapproaches
have beendevelopedwhich arebasedon shapehistograms[2], extendedGaussianim-
ages[3], sphericalextendfunctions[4,5], shapedistributions[6], sphericalharmonics
[7], light �elds [8], 3D Fourier transforms[9], the topologyof Reebgraphs[10], or
anisotropy [11]. A part-in-wholeapproachwasintroducedby [12] whichallowssearch-
ing 3D modelswith partsmatchingaquery.

Theproblemwewantto tacklein thispaperis aparticularshapematchingproblem
whichcanbeformulatedasfollows:

Problem1. Givena databaseof shapes,getall which describea human.

The main applicationof this problemrelatesto the applicationsof shapematchingin
general:imaginea userwho wantsto build up a virtual 3D sceneof many different
humansin different positions.Insteadof modelling them,he or shemay searchthe
internetfor appropriateshapes.

Figure1 shows a numberof shapeswhich obviously describehumansin different
positionsandstatesof completeness.Contrary, �gure 3showsanumberof shapeswhich
do not describehumans.Note that the above-mentionedshapematchingapproaches



detectsigni�cantly differentshapesin theexamplesof �gure 1. This is dueto thefact
thatwe did not make any assumptionaboutthepositionof thehumanbody. Arms and
legsmaybeoutstretched(�gure 1 (a))or bent(�gure 1 (b)), mergedwith therestof the
body(�gure 1 (c)) or evennon-existing at all (�gure 1 (d), (e)). Sinceshapematching
algorithmsaresensitive againstthesefeatures,they tendto give a highersimilarity for
instancebetweenthe shapesin �gures 1 (a) and3 (c) thanbetweenthe shapes1 (a)
and1 (c). Hence,theabove-mentionedshapematchingapproachesarenot suitablefor
problem1.

Our startingpoint for a solutionof problem1 lies in the assumptionthat a shape
describingahumanshouldcontainthehuman's face.(In fact,thisseemsto betheonly
propertywhich all examplesof �gure 1 have in common.)Hencewe canreformulate
problem1 to

Problem2. Givena databaseof shapes,�nd all shapeswhich containa human's face.

Notethatproblem2 doesnotmake any assumptionaboutsizeandlocationof theface.
Neitherit doesaboutsizeandresolutionof themodel.Theonly assumptionwe useis
that– if theshapedescribesahuman– only onehuman(andnothingmore)is contained
in theshape.Wealsoassumethattheshapesaredescribedastriangularmeshes,and– if
afaceis present– thepartof themeshrepresentingthefacehasadisc-liketopology, i.e.,
it is a manifoldwithout holes.Thenproblem2 appearsto bea facedetectionproblem
for triangularmeshes.

A variety of algorithmsfor detectingfacesin imageshasbeendevelopedwhich
roughlycanbeclassi�edinto knowledgebasemethods[13,14], featurebasedmethods
[15,16], templatematching[17], andappearancebasedmethods.Having thesealgo-
rithmsavailable,a straightforwardapproachto detectfaceson meshesis to renderthe
meshesfrom differentview pointsandthenapply 2D facedetectionmethodson the
resultingimages.However, thisapproachappearsto benot reliablebecauseof two rea-
sons:First, thereis no control abouthow many andwhich view pointsto choosefor
rendering.Second,thereis no textureinformationin themeshwhichgivesfor instance
differentcolorsfor a faceandthesurroundinghair. Becauseof this, we have to apply
facedetectionapproacheswhichwork directlyon themeshes.

A well-researchedproblemon triangularmeshesis theproblemof facerecognition
[18–21].For this classof problemsana-prioryknowledgeaboutthelocationof a face
is assumed.In this sense,our problem2 canbe consideredasa precedingstepof 3D
facerecognition.

The faceof a humanis approximatelymirror-symmetric.This fact– alreadyused
for facedetectionin 2D images[22] – givesthekey of ourapproach:wesearchfor face
symmetrylinesasshown in �gure 2 (a).

Thepaperis organizedasfollows:Section2 describesourdetectorfor thecasethat
thesize(givenby aradius)of thefaceis known. Section3 extendsthis to thecaseof an
unknown radiusof in�uence. In section4 weapplyouralgorithmto severalrepresenta-
tivedatasets.Section5 draws conclusionsandmentionsissuesin futureresearch.



2 Our Approach- SingleSearch Radius

Symmetryis a featurewhich is well-researchedin ComputerVision both for images
andfor 3D objects.Generally, two kinds of symmetrycanbe distinguished:rotation
andmirror symmetrywherefor ourpurposesweareinterestedin thelast-named.

For 2D images,mostof theexisting work considerssymmetryasa binary feature
(i.e.,andobjectis symmetricor not [23,24]). In addition,[25,26,22,27] computesym-
metryasalocal featureandapplyit to detectfacesin 2D images.For 3D objects,mirror
symmetryis usuallyconsideredasa global feature.This meansthata mainsymmetry
planeis searched[28], or all symmetryplanesthroughthe centerof gravity areeval-
uated[29]. Whatwe needfor our purposeis a local symmetrydetectionon a surface.
This meansthatwe needtwo piecesof informationfor eachsurfacepoint: thestrength
of local symmetry("how symmetricis the surfaceat a certainpoint?"), and the best
symmetryaxis.Thesevaluesdependon thechoiceof a searchradiusr: only theparts
of the surfacewith a distancesmallerthan r are incorporatedin the local symmetry
analysis.Thus, the evaluationof local symmetryis alwaysconnectedto a particular
choiceof r. Thebestdetectionof a symmetryline in a facecanbeexpectedif r is ap-
proximatelyhalf thediameterof the face.If r is larger, otherpartsof thehumanbody
in�uence theanalysiswhile asmallerr detectstoomany symmetrylinesona face.

In this sectionwe describeour symmetry-basedfacedetectionapproachfor the
caseof aparticulargivensymmetryradiusr. Thismeansthatwedecidewhetheror not
the meshcontainsa faceof approximatelythe diameter2r. For doing so,we start to
computesymmetryvaluesfor eachvertex.

2.1 Computing the Symmetry Field

Let M be a trianglemeshwith verticesV(M). For eachvertex v 2 V(M), pv denotes
thevertex position,while nv is the(exactor estimated)normalin v. Thenlet dist(p;d)
denotetheminimum(signed)distanceof pointp alongdirectionvectord to thesurface
de�ned by M, wheredist(p;d) = 1 if thereis no intersection.We computedist(p;d)
by a raytracingapproachusingakd-tree.

For eachvertex v of the mesh,we samplea height�eld on a circle in the tangent
planethroughpv by measuringthedistancein normaldirectionto themeshatanumber
of samplepoints(�gure 2 (b)). In orderto discardsmall-scalevariationsof thenormals,
we useanaveragesurfacenormalñv of all verticeswhich have anEuclidiandistance
smallerthanr:

ñv =
å u2 Nv wunu

kå u2 Nv wunuk
with Nv = f u 2 V(M) : kpv � puk � rg, (1)

wherewu is thetotalareaof thetrianglefansurroundingvertex u. ñv canbeconsidered
asa strongsmoothingat v. Now, we choosetwo orthogonalnormalvectorsxv andyv
whichareperpendicularto ñv. Wesampletheheight�eld in thisplaneonnC concentric
circles wherenR samplepoints are placedequidistantlyon eachcircle (we usedare
nC = 8 andnR = 64).Thiswaywegetall samplepointsas

sv(iC; iR) = pv +
iC + 1

nC
� r � cos

�
iR
nR

� 2p
�

� xv +
iC + 1

nC
� r � sin

�
iR
nR

� 2p
�

� yv (2)



Fig.1. A collectionof humanshapes.

Fig.2. (a) A face with a symmetryaxis. (b)
Samplingthe surfacearoundvertex v. (c) The
mirror axiscorrespondingto rotationindex iR.

Fig. 3. Non-humanshapes.

Fig.4. Some meshesand their symmetry
�elds.

for iC = 0; :::;nC � 1 andiR = 0; :::;nR � 1. We cancomputetheheightmaphv at each
samplepointas

hv(iC; iR) = dist(sv(iC; iR); � ñv): (3)

Using this, measuringthe symmetryof the surfacesurroundingv is quite straightfor-
ward.As illustratedin �gure 2 (c), eachrotationindex correspondsto amirror axisthat
canbeusedfor symmetryanalysis.Basically, we simply have to comparethesample
valuesontheonesideof themirror axiswith thevaluesontheotherside.Sincewewant
to constraintheanalysisto thesurfacecloseto v, we limit thevalid heightmapvalues
to therange[� r; r]. Hencefor eachmirror axis,de�ned by rotationindex iR, we de�ne
a setof valid mirror pairsMv(iR) = f (iC; iR1; iR2) : hv(iC; iR1) 2 [� r; r] ^ hv(iC; iR2) 2
[� r; r] ^ iR2 = 2iR � iR1 � 1g. Now we canmeasuretheerrorbetweenbothsidesof the
mirror axisby computingthemeandifferencebetweenthesamplevaluesof all mirror
pairs:

ev(iR) =
1

jMv(iR)j å
(iC;iR1;iR2)2 Mv(iR)

khv(iC; iR1) � hv(iC; iR2)k (4)

To get a meaningfulsymmetrymeasurefrom this value,we normaliseit by dividing
it by the maximumdifferenceof valid height map values.We de�ne the symmetry
measureof v as:

sv = 1�
min

iR2f 0;:::;nR� 1g
ev(iR)

max
(iC;iR)2 Dv

hv(iC; iR) � min
(iC;iR)2 Dv

hv(iC; iR)
(5)

whereDv = f (iC; iR) 2 f 0; :::;nC � 1g� f 0; :::;nR � 1g : h(iC; iR) 2 [� r; r]g is thesetof
valid samples.Furthermore,we cancomputethe normalof the correspondingmirror
planeasfollows:First,wegettherotationindex iv = argminiR2f 0;:::;nR� 1gev(iR) andthe
correspondingrotationangleav = (iv � 1

2) � 2p
nR

+ p
2 . Finally, wegetthesymmetryplane



Fig.5. (a)Smoothsurfacesarehighly symmet-
ric. (b) Symmetrydecreasein humanfaces. Fig.6. Theextractedsymmetrylines.

normal:
mv = cos(av) � xv + sin(av) � yv (6)

2.2 Analysisof the Symmetry Field

As expected,thesymmetryvaluesarehigh for verticeslocatedcloseto thehorizontal
centerof a humanface(see�gure 4). Furthermore,thesymmetryvaluesarevery low
for mostof theotherverticeson theface.This resultsin a sharpline of high-symmetry
verticesrunningfrom theforeheadover thenasalboneto themouth.Figure5 (a)shows
thatotherareasaredetectedto have a high symmetryaswell. In thefollowing section,
weprovideanalgorithmthatcanbeusedto extractthosesigni�cant areas.

2.3 Extracting Symmetry Features

Let sym(p;d) denotethelinearly interpolatedsymmetryvalueat theintersectionpoint
betweenthemeshsurfaceandtheray from p alongd. Analogically to theheightmap
hv, wecansamplethesymmetryvaluesaroundavertex v:

sv(iC; iR) = sym(sv(iC; iR); � ñv) (7)

This function usesthe samesampledistribution ashv. We want to extract thoseparts
of the symmetry�eld that form narrow areasof high symmetry, borderedby areas
of low symmetry. More precisely, we wantto measurehow muchthesymmetryvalues
decreasein bothdirectionsorthogonalto thesymmetryplaneatvertex v. Wecanproject
everysamplepoint into thesymmetryplanenormalmv (i.e.computeits signeddistance
to thesymmetryplane)andnormaliseit with respectto thesymmetryradiusr, obtaining
ascalarvalue:

dv(iC; iR) =
(sv(iC; iR) � pv) � mv

r
(8)

For eachsideof themirror plane,wecande�ne asetof two-dimensionalpoints:

Rv = f (dv(iC; iR);sv � sv(iC; iR)) : (iC; iR) 2 Dv ^ iC <
nC

2
^ dv(iC; iR) > 0g

Lv = f (dv(iC; iR);sv(iC; iR) � sv) : (iC; iR) 2 Dv ^ iC <
nC

2
^ dv(iC; iR) < 0g

(9)



The �rst coordinateof eachpoint correspondsto the normaliseddistanceof sample
(iC; iR) to the symmetryplane.The secondcoordinateis the differencebetweenthe
symmetryvalueof v andthesymmetryvalueof sample(iC; iR), wherethis difference
is negatedin Rv. Thereasonfor this negationwill becomeclearin thenext step.Note
thatonly sampleswhosecircle index iC is smallerthan nC

2 areconsideredbecauseit has
turnedout that the decreaseof symmetryin humanfacesrangesfrom the facecenter
approximatelyto half of thesymmetryradius(see�gure 5 (b)). In thenext step,we�t a
line throughorigin to thepointsin Rv [ Lv. Sincewenegatedthesymmetrycoordinates
of thepointsin Rv, thegradientof theline will bepositive if thesymmetrydecreasesin
bothdirections.Thevalueof thegradientis computedasfollows:

gv =
å (d;s)2 Rv[ Lv d � s

å (d;s)2 Rv[ Lv d2 (10)

Thecompleteextractionprocessis depictedin �gure 7.Expressedgraphically, gv weak-
ensthelargehigh-symmetryareasof thesymmetry�eld mentionedabove andintensi-
�es thenarrow linesof highsymmetryasfoundin humanfaces(�gure 6)). Interestingly,
acommonthresholdseemsto exist for all humanfacesthatcanbeusedto classifyaver-
tex (morepreciselyits surroundingsurface)assymmetricor non-symmetric.Provided
thatthesymmetryradiusr matchesapproximatelythesizeof theface,by markingonly
thoseverticeswhosegradientvaluegv exceedsthethreshold,acompleteline of vertices
runningfrom therootof thenoseto thenosetip is markedfor all kindsof humanfaces
(see�gure 11).In our implementation,weusedthethresholdtSym = 0:06.Thisway, the
numberof potentialfaceverticeshasbeendecimatedby a large amountandwe even
haveanindicationfor theorientationof theface(symmetryplanedirectionmv) aswell
asfor thesizeof theface(radiusr).

2.4 Analysisof the FaceGeometry

In thefollowing section,we examinethesurroundingsurfacesof all verticesthathave
beenclassi�edsymmetric.Moreprecisely, wetry to �nd outif theseverticesarelocated
on thenosetip of ahumanface.Givenapotential“nosetip vertex” v, weknow thatthe
correspondingfacehastwo possibleup-directions:

u1
v = ñv � mv andu2

v = � ñv � mv (11)

Fromnow on, theup-vectoris simply referredto asua
v sincethealgorithmworksana-

logically for u1
v andu2

v.
First we analysethecurvesrunninghorizontallyfrom thenoseover thecheeksas

illustratedin �gure 8 (a).Sincethecurvesmayrunbothover theleft andtheright side,
we de�ne a direction vector db

v with d1
v = mv and d2

v = � mv. Given the numberof
curvesnY, theiY-th curve is de�ned by

ca;b
v (iY;x) =

1
r

dist(pv +
iY

nY � 1
�

r
2

� ua
v + x� db

v; � ñv). (12)



Firstof all, wemeasurehow far thepotentialnosesticksoutof thefacewith respect
to thecheeks(�gure 8 (b)):

noseheighta;b
v =

1
nY

nY � 1

å
iY= 0

(ca;b
v (iY;

r
2

) � ca;b
v (iY;0)) (13)

Next, we measurethe meannosewidth. For eachcurve, we de�ne the width as
thepositionwithin therange[0; 3

4r] wherethecurve gradientis maximal(�gure 8 (c)).
GivennX samplespercurve,wegetthemeannosewidth

nosewidtha;b
v =

1
nY

nY � 1

å
iY= 0

wiY (14)

with wiY = 3
4nX

argmaxiX2f 1;:::;nXg(ca;b
v (iY; iX

nX
� 3

4r) � ca;b
v (iY; iX � 1

nX
� 3

4r)) .
All curvesshouldbegin with abulgeandendwith arelatively �at region.Figure10

(a) shows how we canmeasuretwo heightson the curve whosedifferencegivesus a
meaningfulvalue.By computingthemeanvalueof all curvesweget

nosecurvea;b
v =

1
nY

nY � 1

å
iY= 0

(ca;b
v (iY;wiY +

r
4

) � ca;b
v (iY;0)

�j ca;b
v (iY;wiY +

r
2

) � ca;b
v (iY;wiY +

r
4

)j).

(15)

Thenoseandthecheeksarequitesmoothandcontainnocracks.Wecopewith this
factby �tting a quadraticB-splineto eachcurve andmeasuringtheerror, asillustrated
in �gure 10 (b). Let splinedista;b

v (iY) denotethe maximumheightdifferencebetween
curve iY andits correspondingB-spline.Thenthemeansmoothnesserroris de�ned as:

f acesmoothnessa;b
v =

1
nY

nY � 1

å
iY= 0

splinedista;b
v (iY) (16)

The nosebridge is relatively smoothandcontainsno cracks.Hencewe measure
the maximumdistancebetweenthe nosepro�le and the straight line from the nose
tip to the root (�gure 10 (c)). Given the nosepro�le as height function noseav(y) =
1
r dist(pv + y� ua

v; � ñv), wecande�ne theline as

noselinea
v(y) = y�

noseav( 3
4r)

3
4r

(17)

Wesuspectthenoserootof beinglocatedatadistanceof 3
4r upwardsthenosetip. Then

wecanmeasuretheerrorwith

nosesmoothnessav = maxdist(noseav;noselineav) (18)

Nosesstick out of theface,especiallywith respectto theregion directly below the
nosetip (�gure 10 (d)). Thus,wemeasuretheminimumdistanceto thisspot.

nosebottoma
v =

1
r

min
iX2f� nX ;:::;nXg

dist(pv � 0:2� r � ua
v +

iX
2nX

r � mv; � ñv) (19)



Next, we measurethe smoothnessof the foreheadby samplingthe heightsof a
rectangularregionon theforehead(�gure 9 (a)):

headsmoothnessav =
maxH � minH

r
(20)

with H = dist(pv + (1:3+ 0:2 iY
nY � 1r)ua

v + 0:5 iX
nX

mv; ñv) : (iX; iY) 2 f� nX; :::;nXg�
f 0; :::;nY � 1gg.

Anotherfeatureof humanfacesis theconvexity of theforehead(�gure 9 (b)).Hence
wecomputethedifferencebetweenthecentralandouterheightof theforehead:

headconvexitya;b
v =

1
r

(dist(pv+ 1:3�ua
v + 0:8�db

v; � ñv) � dist(pv+ 1:3�ua
v; � ñv)) (21)

The lastpropertywe examinearetheeyes.Dependingon themeshresolutionthe
eyesaredescribedmoreor lessdetailed,but theeye-socketsshouldalwaysbepresent.
As �gure 9 (c) shows, theeye-socketsarelocateddeeperin theheadthantheforehead.
We scantheregion wheretheeye is assumedandcomputethedifferencebetweenthe
largestheightvalueandtheheightof theforeheadcenter:

eyedeptha;b
v =

1
r

(maxf dist(pv + (0:5+ 0:4
iY

nY � 1
r)ua

v + (0:2+ 0:3
iX

nX � 1
)db

v; � ñv) :

(iX; iY) 2 f 0; :::;nX � 1g� f 0; :::;nY � 1gg

� dist(pv + ua
v; � ñv))

(22)
Using all the measuresde�ned above, we imposethe following setof constraints

thatneedto beful�lled if avertex v is locatedon thenosetip of ahumanface:

noseheighta;1
v > cNH ^ noseheighta;2

v > cNH ^

nosewidtha;1
v < cNW ^ nosewidtha;2

v < cNW ^

nosecurvea;1
v > cNC ^ nosecurvea;2

v > cNC ^

f acesmoothnessa;1
v < cFS^ f acesmoothnessa;2

v < cFS ^

eyedeptha;1
v > cED ^ eyedeptha;2

v > cED^

headconvexitya;1
v > cHC ^ headconvexitya;2

v > cHC^

nosesmoothnessav < cNS ^ nosebottoma
v > cNB ^ headsmoothnessav < cHS

(23)

The parameterscNH–cHC aresupposedto be constantfor all meshesandcanbe
trained(manually)with adatabaseof humanandnon-humanmeshes(seesection4).

3 Our Approach- All Radii

Up to now our facedetectionapproachwasbasedon a particularchoiceof thesearch
radiusr: this way facesof theapproximatediameter2r aredetected(or excluded)on
a mesh.In fact, all thresholdsand parametersof the approachare tunedto depend
exclusively on r. For thecompletesolutionof problem2, we would have to apply the



algorithmfor all r. However, the following observationsleadto theresultsthatonly a
certainnumberof searchradii have to be checked: First, the facedetectionalgorithm
appearsto beratherstableagainstsmallvariationsof r. In fact,a facewith a diameter
f d is generallydetectedfor any choiceof r between0:7 f d

2 and1:2 f d
2 . Second,giben

thesized of thewholemesh(which we estimateby the lengthof thediagonalof the
minimal enclosingboundingbox), the diameterf d of the faceis limited to a certain
interval. If the meshdescribesa completestretched-outhuman,we canestimatethe
sizeof the faceto be not smallerthan5% of the sizeof the mesh( f d � 0:05d). On
theotherhand,if themeshdescribesonly a face,thenthesizeof themeshandtheface
coincide( f d � d). Becauseof this, for eachmeshwe check32 differentsearchradii
r0,...,r31 whicharechosenasr0 = 0:05 d

2 , r31 = 0:7 d
2 , andtheremainingr i areplacedin

a quadraticdistribution betweenr0 andr31 allowing a higherdensityfor smallerradii.
Thiswayouralgorithmbecomesindependentof any parameter.

4 Applications and Results

We trainedthe parameterscNH–cHC of the geometryconstraintsmanuallyusing the
PrincetonShapeBenchmarkandfoundthefollowing con�guration:cNH = 0:2, cNW =
0:4, cNC = 0:2, cFS = 0:2, cNS = 0:1, cNB = 0:1, cED = 0:1, cHS = 0:2, cHC = 0:01.
In orderto testour approach,we appliedit to several shapedatabases:The Princeton
ShapeBenchmark[30] (our training database),the CCCC database[5], the Utrecht
database[31] andthe aim@shapedatabase[32]. Altogether, we tested4429meshes.
Most of thedatabasesprovide shapeclassi�cationslike “human”, “human_arms_out”,
“head”, “f ace”.However, theseclassi�cationsareinappropriatefor our purposedueto
thefollowing reasons:many of theshapesclassi�edashumanhaveholes(�gure 14(b))
or don't containhumanfaces(�gure 14 (c)). Therefore,we identi�ed thehumanfaces
in eachdatabasemanuallyin orderto evaluatethealgorithm.

ThePrincetonShapeBenchmarkconsistsof 1814meshes.Weidenti�ed 141human
faceswithout holes.Many of thesefacesarevery coarseandhave non-humanfeatures
(�gure 14 (a)). For this database,the algorithmdetected51 meshesto be human.All
detectedshapesare indeedhuman,i.e. no non-humanmeshwas found. The CCCC
databasecontains1841meshes.We identi�ed 49 valid faces,our algorithmdetected
20.Again,no“wrong” facewasdetected.TheUtrechtdatabaseconsistsof 684meshes
andcontainsno humanface.Thealgorithmcorrectlydetectedno facein this database.
Finally, weappliedthealgorithmto 90high-resolutionmeshesof theaim@shaperepos-
itory. 16mesheshavehumanfaces,where6 facescontainholesor areincomplete.The
algorithmdetected12 faces(�gure 13) – althoughtwo detectedfacescontainholes–
andtherewasno incorrectdetection.

Theevaluationshows thatthealgorithmis ableto detecthumansin differentstates
of completeness:completebodies(�gure 12 left), incompletebodies,headsandsingle
faces(�gure 12 right). For abettervisualisation,theapplicationautomaticallydisplays
“glasses”on eachdetectedfaceand marksthe nosetip red. Furthermore,therewas
no incorrectdetectionin all testedmeshes.However, thealgorithmcannotdetectfaces
with non-humanfeatureslikenon-convex foreheads,or faceshiddenby masks,glasses
or hair. Thereweretotally 11 non-detectedmesheswith oneof theseproperties.The



remainingmeshesthathavenotbeendetectedareverycoarse(�gure 14(a)showssome
examples):thenumberof facetriangleslies between50 and400andaveragesto 150.
In contrast,theaveragetrianglenumberof thedetectedfacesamountsapproximatelyto
4000,i.e. thealgorithmrequiresacertainresolutionof thefacemeshesin orderto work
reliably. Thecomputingtimefor ourapproachis approximatelylinearto thenumberof
verticesin themesh:anAthlonXP2400+processorwith 512MB RAM tookapprox.15
minutesfor ameshwith 20000triangles,40minutesfor 60000triangles,and70minutes
for 100000triangles.Sincein our applicationscenarioeachmeshof a databasehasto
becheckedonly onceandtheresultcanbestoredwith themesh,our algorithmcanbe
consideredasapreprocessof aweb-searchfor meshesdescribinghumans.

5 Conclusions

In this paperwe madethe following contributions:We introduceda domain-speci�c
shapematchingapproachwhich is basedon a fully-automaticfacedetectionon trian-
gularmeshes.To decidewhetherameshcontainsahumanface,eachvertex undergoes
a three-steptestfor beingpart of a face.This testis repeatedfor differentradii of in-
�uence to ensurethatfacesof arbitraryscalingaredetected.We trainedtheparameters
of our algorithmandappliedit to a numberof differentshapedatabases.No wrong
facewasdetected.In general,we detectedmostfacesaslong asthey did not contain
holesandhada suf�cently high triangularresolution.We concludethat,giventhat the
meshesdescribehumanfacesin enoughdetail, the algorithm is able to differentiate
betweenhumanandnon-humanmeshesvery reliably. For futureresearchwe intendto
make thealgorithmmorerobustagainstholesin themeshes,sinceanumberof meshes
comeswith holesin theeyeandmouthregions.
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