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Abstract. This papertacklesa particularshapematchingproblem:givenadata
baseof shapegdescribedastriangularmeshes)we searchfor all shapesvhich

describea human.We do so by applyinga 3D facedetectionapproachon the

meshwhich consistsof threesteps: rst, a local symmetryvalueis computed
for eachvertex. Then,the symmetryvaluesin a certainneighborhoodf each
vertex are analyzedfor building sharpsymmetrylines. Finally, the geometry
aroundeachvertex is analyzedto getfurther facial featuredik e noseandfore-

head.We testedour approachwith several shapedatabasege.g.the Princeton
ShapeBenchmarkandachiezed high ratesof correctfacedetection.

1 Intr oduction

Dueto the fastdevelopmentof new 3D scanningand modellingtechniquesthe num-
berandcomplity of surfaceswhich ComputerGraphicsdealswith is currentlydra-
maticallyincreasing Becausef this, the retrieval andsearchof shapesn theinternet
becomesnimportantandchallengingissue.Shapematchingaimsin choosingshapes
of certaincharacteristicout of a shapedatabase Thesecharacteristicareusuallythe
similarity to agivenshapewhichis describeceitherasa particularsurface,a sketching,
or aratherabstractdescription[1]. Recently a numberof shapematchingapproaches
have beendevelopedwhich arebasedon shapehistogramg?2], extendedGaussianm-
ageg3], sphericalextendfunctions[4, 5], shapedistributions[6], sphericaharmonics
[7], light elds [8], 3D Fourier transforms[9], the topology of Reebgraphs[10], or
anisotropy [11]. A part-in-wholeapproactwasintroducedoy [12] whichallows search-
ing 3D modelswith partsmatchinga query

The problemwe wantto tacklein this paperis a particularshapematchingproblem
which canbeformulatedasfollows:

Probleml. Givena databaseof shapesgetall which describea human.

The main applicationof this problemrelatesto the applicationsof shapematchingin
generaliimaginea userwho wantsto build up a virtual 3D sceneof mary different
humansin different positions.Insteadof modelling them, he or she may searchthe
internetfor appropriateshapes.

Figure 1 shavs a numberof shapesvhich olbviously describehumansn different
positionsandstateof completenes£ontrary gure 3shavsanumberof shapesvhich
do not describehumans.Note that the abore-mentionedshapematchingapproaches



detectsigni cantly differentshapesn the examplesof gure 1. Thisis dueto thefact
thatwe did not make ary assumptioraboutthe positionof the humanbody. Arms and
legsmaybeoutstretched gure 1 (a)) or bent( gure 1 (b)), memgedwith therestof the
body ( gure 1 (c)) or evennon-«isting atall ( gure 1 (d), (e)). Sinceshapematching
algorithmsaresensitve againstthesefeaturesthey tendto give a highersimilarity for
instancebetweenthe shapesn gures 1 (a) and 3 (c) thanbetweenthe shapesdl (a)
and1 (c). Hence the abore-mentionedshapematchingapproachearenot suitablefor
probleml.

Our startingpoint for a solutionof problem1 lies in the assumptiorthat a shape
describinga humanshouldcontainthe humans face.(In fact,this seemsgo betheonly
propertywhich all examplesof gure 1 have in common.)Hencewe canreformulate
probleml to

Problem2. Givena databaseof shapes,nd all shapesvhich containa humansface

Notethatproblem2 doesnot make ary assumptioraboutsizeandlocationof theface.
Neitherit doesaboutsizeandresolutionof the model. The only assumptiorwe useis
that—if theshapedescribeshuman- only onehuman(andnothingmore)is contained
in theshapeWe alsoassuméhattheshapearedescribedstriangularmeshesand-—if
afaceis present-thepartof themeshrepresentinghefacehasadisc-liketopology i.e.,
it is a manifold without holes.Thenproblem2 appeargo be a facedetectionproblem
for triangularmeshes.

A variety of algorithmsfor detectingfacesin imageshasbeendevelopedwhich
roughlycanbeclassi edinto knovledgebasemethodq13, 14], featurebasednethods
[15,16], templatematching[17], and appearanc®asedmethods Having thesealgo-
rithms available,a straightforvard approacho detectfaceson meshess to renderthe
meshedrom differentview pointsandthenapply 2D facedetectionmethodson the
resultingimages However, this approachappearso benotreliablebecausef two rea-
sons:First, thereis no control abouthow mary andwhich view pointsto choosefor
rendering Secondthereis notextureinformationin the meshwhich givesfor instance
differentcolorsfor a faceandthe surroundinghair. Becauseof this, we have to apply
facedetectionapproachewhich work directly onthemeshes.

A well-researchegroblemon triangularmeshess the problemof facerecognition
[18-21]. For this classof problemsan a-priory knowledgeaboutthe locationof aface
is assumedln this sensepur problem2 canbe consideredasa precedingstepof 3D
facerecognition.

Thefaceof a humanis approximatelymirror-symmetric.This fact— alreadyused
for facedetectionn 2D imageq22] — givesthe key of ourapproachwe searctfor face
symmetrylinesasshavnin gure 2 (a).

Thepaperis organizedasfollows: Section2 describe®ur detectorfor the casethat
thesize(givenby aradius)of thefaceis known. Section3 extendsthisto thecaseof an
unknaowvn radiusof in uence. In sectiord we applyour algorithmto severalrepresenta-
tive datasets.Section5 dravs conclusionandmentionsssuedn futureresearch.



2 Our Approach- Single Search Radius

Symmetryis a featurewhich is well-researcheih ComputerVision both for images
andfor 3D objects.Generally two kinds of symmetrycan be distinguishedrotation
andmirror symmetrywherefor our purposesve areinterestedn thelast-named.

For 2D imagesmostof the existing work considerssymmetryasa binary feature
(i.e.,andobjectis symmetricor not[23, 24]). In addition,[25,26,22,27] computesym-
metryasalocalfeatureandapplyit to detectfacesn 2D imagesFor 3D objectsmirror
symmetryis usuallyconsideredisa global feature.This meanghata main symmetry
planeis searched28], or all symmetryplanesthroughthe centerof gravity areeval-
uated[29]. Whatwe needfor our purposeis a local symmetrydetectionon a surface.
This meanghatwe needtwo piecesof informationfor eachsurfacepoint: the strength
of local symmetry("how symmetricis the surfaceat a certainpoint?"), andthe best
symmetryaxis. Thesevaluesdependon the choiceof a searchradiusr: only the parts
of the surfacewith a distancesmallerthanr areincorporatedn the local symmetry
analysis.Thus, the evaluationof local symmetryis always connectedo a particular
choiceof r. The bestdetectionof a symmetryline in afacecanbe expectedf r is ap-
proximatelyhalf the diameterof theface.If r is larger, otherpartsof the humanbody
in uence theanalysiswvhile asmallerr detect€oo mary symmetrylinesonaface.

In this sectionwe describeour symmetry-basedace detectionapproachfor the
caseof aparticulargivensymmetryradiusr. This meanghatwe decidewhetheror not
the meshcontainsa faceof approximatelythe diameter2r. For doing so, we startto
computesymmetryvaluesfor eachvertex.

2.1 Computing the Symmetry Field

Let M be a triangle meshwith verticesV(M). For eachvertex v 2 V(M), py denotes
thevertex position,while ny is the (exactor estimatedhormalin v. Thenlet dist(p; d)
denotethe minimum (signed)distanceof point p alongdirectionvectord to the surface
de ned by M, wheredist(p;d) = 1 if thereis no intersectionWe computedist(p; d)
by araytracingapproactusingakd-tree.

For eachvertex v of the mesh,we samplea height eld on a circle in the tangent
planethroughp, by measuringhedistancean normaldirectionto themeshatanumber
of samplepoints( gure 2 (b)). In orderto discardsmall-scalevariationsof thenormals,
we usean averagesurfacenormalfi, of all verticeswhich have an Euclidiandistance
smallerthanr:

auw Ny Wulu
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wherew, is thetotal areaof thetrianglefansurroundingvertex u. fi, canbeconsidered
asa strongsmoothingat v. Now, we choosewo orthogonalnormalvectorsx, andyy
whichareperpendiculato fi,. We sampletheheight eld in this planeon nc concentric
circleswherenr samplepoints are placedequidistantlyon eachcircle (we usedare
nc = 8 andng = 64). Thisway we getall samplepointsas
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Fig. 1. A collectionof humanshapes. Fig. 3. Non-humarshapes.

Fig.2. (a) A facewith a symmetryaxis. (b) Fig.4. Some meshesand their symmetry
Samplingthe suriacearoundvertex v. (c) The  €lds.
mirror axis correspondingo rotationindex ir.

foric= 0;::;;nc  1landigr= 0;::;;nr 1. We cancomputethe heightmaph, ateach
samplepointas

hy(ic;ir) = dist(sy(ic;ir); fiv): 3)
Using this, measuringhe symmetryof the surfacesurroundingv is quite straightfor
ward.As illustratedin gure 2 (c), eachrotationindex correspond$o amirror axisthat
canbe usedfor symmetryanalysis.Basically we simply have to comparethe sample
valuesontheonesideof themirror axiswith thevaluesontheotherside.Sincewe want
to constrainthe analysisto the surfacecloseto v, we limit the valid heightmapvalues
totherange[ r;r]. Hencefor eachmirror axis,de ned by rotationindex ig, we de ne
a setof valid mirror pairsMy(ir) = f(ic;ireire) : hv(icjiry) 2 [ 1r]” hy(icjire) 2
[ rr]Mire= 2ir gt 1g. Now we canmeasurdhe errorbetweerboth sidesof the
mirror axis by computingthe meandifferencebetweerthe samplevaluesof all mirror
pairs:
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To geta meaningfulsymmetrymeasuredrom this value,we normaliseit by dividing
it by the maximumdifferenceof valid height map values.We de ne the symmetry
measuref v as:

ir2f OI;T:?:;nR 1g Q/('R)

max hy(ic;iRr) min  hy(ic;ir)
(ic;ir)2 Dy (iciir)2 Dy

s=1 (5)

correspondingotationangleay = (iy %) %E* 5. Finally, we getthe symmetryplane



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

normal;
my = cogay) Xv+ sin(ay) yv (6)

2.2 Analysisof the Symmetry Field

As expected the symmetryvaluesarehigh for verticeslocatedcloseto the horizontal
centerof a humanface(see gure 4). Furthermorethe symmetryvaluesarevery low
for mostof the otherverticeson theface.This resultsin a sharpline of high-symmetry
verticesrunningfrom theforeheadverthenasalboneto themouth.Figure5 (a) shavs
thatotherareasaredetectedo have a high symmetryaswell. In the following section,
we provide analgorithmthatcanbe usedto extractthosesigni cant areas.

2.3 Extracting Symmetry Features

Let sym(p; d) denotethelinearly interpolatedsymmetryvalueat the intersectiorpoint
betweerthe meshsurfaceandtheray from p alongd. Analogicallyto the heightmap
hy, we cansamplethe symmetryvaluesarounda vertex v:

sv(ic;ir) = sym(s,(ic;ir); fiv) (7)

This function usesthe samesampledistribution ash,. We wantto extractthoseparts
of the symmetry eld that form narrov areasof high symmetry borderedby areas
of low symmetry More precisely we wantto measurénowv muchthe symmetryvalues
decreas@ bothdirectionsorthogonato thesymmetryplaneatvertex v. We canproject
every samplepointinto thesymmetryplanenormalm,, (i.e. computeits signeddistance
tothesymmetryplane)andnormalisdt with respecto thesymmetryradiusr, obtaining
ascalarvalue:

iciir) = (MACR)._P) My ®)

For eachsideof the mirror plane,we cande ne a setof two-dimensionapoints:
R, = f(dv(iciir);sv  Sv(iciir)) : (ic;ir) 2 Dy ic < %" dy(ic;ir) > Og

o o o R (©)
Lv = f(du(ic;ir);sv(iciir)  S/) : (iciir) 2 Dy ic < ?" dy(ic;ir) < Og



The rst coordinateof eachpoint corresponddo the normaliseddistanceof sample
(ic;ir) to the symmetryplane.The secondcoordinateis the differencebetweenthe
symmetryvalue of v andthe symmetryvalue of sample(ic;ir), wherethis difference
is negatedin R,. Thereasorfor this negationwill becomeclearin the next step.Note
thatonly samplesvhosecircleindex ic is smallenhan% areconsideredbecausé has
turnedout that the decreasef symmetryin humanfacesrangesfrom the facecenter
approximatelyto half of thesymmetryradius(see gure 5 (b)). In thenext stepwe t a
line throughorigin to thepointsin R, [ Ly. Sincewe negatedthe symmetrycoordinates
of thepointsin Ry, thegradientof theline will bepositiveif thesymmetrydecreasem
bothdirections.The valueof thegradientis computecdasfollows:

d@92riL,d S
= —5( 2R 7 (10)
(d;92Ry[ Ly

Thecompleteaxtractionprocesss depictedn gure 7. Expressedraphically g, weak-
ensthelarge high-symmetryareasof the symmetry eld mentionedabove andintensi-
es thenarrav linesof highsymmetryasfoundin humanfaceq gure 6)). Interestingly
acommonthresholdseemso exist for all humanfaceghatcanbeusedto classifyaver-

tex (morepreciselyits surroundingsurface)assymmetricor non-symmetricProvided

thatthesymmetryradiusr matchesapproximatelythesizeof theface by markingonly

thoseverticeswhosegradientvalueg, exceedghethresholdacompletdine of vertices
runningfrom theroot of the noseto the nosetip is markedfor all kindsof humanfaces
(seegure 11).In ourimplementationye usedthethresholdgm= 0:06. Thisway, the
numberof potentialfaceverticeshasbeendecimatedoy a large amountandwe even

have anindicationfor the orientationof theface(symmetryplanedirectionmy) aswell

asfor the sizeof theface(radiusr).

2.4 Analysis of the FaceGeometry

In the following section,we examinethe surroundingsurfacesof all verticesthathave
beenclassi edsymmetricMore preciselywetry to nd outif theseverticesarelocated
onthenosetip of ahumanface.Givena potential‘nosetip vertex” v, we know thatthe
correspondindacehastwo possibleup-directions:

ul=f, myandu?= A, my (11)

Fromnow on, the up-vectoris simply referredto asug sincethe algorithmworks ana-
logically for ul andu?.

First we analysethe curvesrunninghorizontallyfrom the noseover the cheeksas
illustratedin gure 8 (a). Sincethe curvesmayrun bothovertheleft andtheright side,
we de ne a directionvectord? with dl = m, andd2 = m,. Given the numberof
curvesny, theiy-th curveis de ned by
VoL @ex db iy (12)
n 1 2 v v \Z8

¥(ivin) = Tdis(py+



Firstof all, we measurénow farthe potentialnosesticksout of thefacewith respect
to thecheekq gure 8 (b)):

r

5 Givi0) (13)

po 1Mt
noseheigtf®= — 3§ (& (iy;
nY iy=0
Next, we measurehe meannosewidth. For eachcurwe, we de ne the width as
the positionwithin therangel0; %r] wherethe curve gradientis maximal( gure 8 (c)).
Givenny samplegercurve, we getthe meannosewidth

1

Ny
nosavidth®®= = 3 wj, (14)
i\(:O

; — o L b Lix 1
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All curvesshouldbegin with abulgeandendwith arelatively at region.Figurel10
(a) shavs how we canmeasurgwo heightson the curve whosedifferencegivesus a

meaningfulvalue.By computingthe meanvalueof all curveswe get

. 1 r}Yo ! . r .
nosecure®® = — & (cFP(iy;wi, + =) cP(iy;0)
iy=0 4 (15)
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Thenoseandthe cheeksarequite smoothandcontainno cracks We copewith this
factby tting aquadraticB-splineto eachcurve andmeasuringheerror, asillustrated
in gure 10 (b). Let splinedis§®(iy) denotethe maximumheightdifferencebetween
cune iy andits correspondin@-spline. Thenthemeansmoothnessrroris de ned as:

ny 1
facesmothnes&® = % a splinedisF®(iy) (16)

IY=0

The nosebridgeis relatively smoothand containsno cracks.Hencewe measure
the maximumdistancebetweenthe nosepro le and the straightline from the nose
tip to the root ( gure 10 (c)). Given the nosepro le as heightfunction nosé(y) =
%dist(p\,+ y ug; fy), wecande netheline as

nosé(3r)
—a

4

noselned(y) = y (7)

We suspecthenoseroot of beinglocatedat a distanceof %r upwardsthenosetip. Then
we canmeasurahe errorwith
nosesmaihines§ = maxdis{nosé; noseliné) (18)

Nosesstick out of theface,especiallywith respecto theregion directly belowv the
nosetip (gure 10 (d)). Thus,we measurghe minimumdistanceto this spot.

1 . : i ~
nosebttont = o min dispy 0:2 r ud+ ZITXr my; ) (29)
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Next, we measurehe smoothnes®f the foreheadby samplingthe heightsof a
rectangularegion ontheforehead gure 9 (a)):

maxH minH

headsmoahnes§ = -

(20)

with H = dist(py + (1:3+ O:ZnYiY THug+ O:S%mv;ﬁv) H(ixsiy) 2 nx;innxg
Anotherfeatureof humarfacess thecorvexity of theforehead gure 9 (b)). Hence
we computethedifferencebetweerthe centralandouterheightof theforehead:

heactorvexity®P = %(dist(pv+ 1:3 ud+ 0:8 d f,) dist(py+ 1:3 ud; Ay)) (21)

The last propertywe examinearethe eyes.Dependingon the meshresolutionthe
eyesaredescribednoreor lessdetailed but the eye-socletsshouldalwaysbe present.
As gure 9 (c) shavs, theeye-socletsarelocateddeepeiin the headthantheforehead.
We scanthe region wherethe eye is assumedand computethe differencebetweerthe
largestheightvalueandthe heightof the foreheactenter:

Q/edapthi?b:}(maxfdist(pv+(0:5+ 04— ryud+ (0:2+ 0:3 X )d% Ay :
r n 1 ny 1

(ix;iy) 2 f0;::;n  1g f0;:;ny 1gg
dist(py + U\é/l; fiv))
(22)
Using all the measuresle ned above, we imposethe following setof constraints
thatneedto beful lled if avertex vis locatedon the nosetip of ahumanface:

noseheigt{! > cyy » noseheigtf? > cyp »
nosavidthd! < cyw * nosavidth®? < cyw *
nosecuve®! > e nosecur/ei?2 > cne A
facesmothnesd! < cps” facesmothnes&?< ces®  (23)
eyecepthd! > cep” eyedepthd? > cep”
heaccorvexity®! > cyc” heactorvexity®? > ¢y
nosesmaihines§ < cys * nosebttont > cyg  headsmoadhnesd < cys

The parametergyy—CHc are supposedo be constantfor all meshesand canbe
trained(manually)with a databasef humanandnon-humammeshegseesection4).

3 Our Approach- All Radii

Up to now our facedetectionapproachwasbasedon a particularchoiceof the search
radiusr: this way facesof the approximatediameter2r aredetectedor excluded)on
a mesh.In fact, all thresholdsand parameterf the approachare tunedto depend
exclusively onr. For the completesolutionof problem2, we would have to apply the



algorithmfor all r. However, the following obsenrationsleadto theresultsthatonly a

certainnumberof searchradii have to be checled: First, the facedetectionalgorithm
appeargo beratherstableagainstsmall variationsof r. In fact,a facewith a diameter
fd is generallydetectedor ary choiceof r betweerO:?% and 1:2f—2d. Secondgiben
the sized of the whole mesh(which we estimateby the lengthof the diagonalof the

minimal enclosingboundingbox), the diameterfd of the faceis limited to a certain
interval. If the meshdescribesa completestretched-ouhuman,we can estimatethe

size of the faceto be not smallerthan5% of the size of the mesh(fd  0:05d). On

the otherhand,if themeshdescribe®nly aface, thenthesizeof themeshandtheface
coincide(fd d). Becauseof this, for eachmeshwe check32 differentsearchradii

ro....Fa1 whicharechoserasro = 0:059, rz; = 0.7, andtheremainingr; areplacedn

a quadraticdistribution betweerr andrs; allowing a higherdensityfor smallerradii.

Thisway our algorithmbecomesndependenof ary parameter

4 Applications and Results

We trainedthe parametergyy—CHc of the geometryconstraintsmanually using the
PrincetonShapeBenchmarkandfoundthefollowing con guration: cyy = 0:2, cyw =
0:4,cne = 0:2,cps= 0:2,cns= 0:1, eng = 0:1, cep = 0:1, cys = 0:2, cyc = 0:01.
In orderto testour approachwe appliedit to several shapedatabasesthe Princeton
ShapeBenchmark[30] (our training database)the CCCC databasg5], the Utrecht
databasg¢31] andthe aim@shapealatabasg¢32]. Altogether we tested4429 meshes.
Most of the databaseprovide shapeclassi cationslike “human”, “human_arms_out”,
“head”, “face”. However, theseclassi cationsareinappropriatdor our purposedueto
thefollowing reasonsmary of theshapeglassi edashumanhave holes( gure 14 (b))
or don't containhumanfaces( gure 14 (c)). Thereforewe identi ed thehumanfaces
in eachdatabasenanuallyin orderto evaluatethealgorithm.

ThePrincetorShapeBenchmarlconsistof 1814meshesWeidenti ed 141human
faceswithout holes.Marny of thesefacesarevery coarseandhave non-humarfeatures
(‘gure 14 (a)). For this databasethe algorithmdetecteds1 meshego be human.All
detectedshapesare indeedhuman,i.e. no non-humanmeshwas found. The CCCC
databaseontains1841 meshesWe identi ed 49 valid faces,our algorithm detected
20.Again,no“wrong” facewasdetectedThe Utrechtdatabaseonsistof 684 meshes
andcontainsno humanface.Thealgorithmcorrectlydetectecho facein this database.
Finally, we appliedthealgorithmto 90 high-resolutiormeshe®f theaim@shapeepos-
itory. 16 meshediave humanfaceswhere6 facescontainholesor areincomplete The
algorithmdetectedl2 faces( gure 13) — althoughtwo detectedacescontainholes—
andtherewasnoincorrectdetection.

The evaluationshaws thatthe algorithmis ableto detecthumansn differentstates
of completenessompletebodies( gure 12 left), incompletebodiesheadsandsingle
faceq gure 12right). For abettervisualisationthe applicationautomaticallydisplays
“glasses”’on eachdetectedface and marksthe nosetip red. Furthermoretherewas
noincorrectdetectionin all testedmeshesHowever, the algorithmcannotdetectfaces
with non-humarfeaturedik e non-cowvex foreheadsor faceshiddenby masksglasses
or hair. Thereweretotally 11 non-detecteanesheswith one of theseproperties.The



remainingmesheshathave notbeendetectedarevery coarsg gure 14 (a)shovssome
examples)the numberof facetriangleslies betweerns0 and400 andaveragego 150.
In contrasttheaveragerianglenumberof thedetectedacesamountsapproximatelyo

4000,i.e.thealgorithmrequiresa certainresolutionof thefacemeshesn orderto work

reliably. Thecomputingtime for our approachs approximatelylinearto the numberof

verticesin themesh:anAthlonXP 2400+processowith 512MB RAM tookapprox.15

minutesfor ameshwith 20000triangles 40 minutesfor 60000triangles and70minutes
for 100000triangles.Sincein our applicationscenarioeachmeshof a databasehasto

bechecled only onceandtheresultcanbe storedwith the mesh,our algorithmcanbe
consideredhsa preprocessf aweb-searclior mesheglescribinghumans.

5 Conclusions

In this paperwe madethe following contritutions: We introduceda domain-speci ¢
shapematchingapproachwhich is basedon a fully-automaticfacedetectionon trian-
gularmeshesTo decidewhetherameshcontainsa humanface,eachvertex undegoes
athree-steqestfor beingpartof aface.This testis repeatedor differentradii of in-
uence to ensurehatfacesof arbitraryscalingaredetectedWe trainedthe parameters
of our algorithmand appliedit to a numberof different shapedatabasedNo wrong
facewasdetectedIn generalwe detectednostfacesaslong asthey did not contain
holesandhada sufcently high triangularresolution.We concludethat,giventhatthe
meshegdescribehumanfacesin enoughdetail, the algorithmis ableto differentiate
betweerhumanandnon-humammeshewery reliably. For futureresearchwe intendto
male thealgorithmmorerobustagainstholesin the meshessincea numberof meshes
comeswith holesin theeye andmouthregions.
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