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Figure1: Fromleft to right: oneof the40 imagescapturedby a handheldcameraundernaturalconditions;therecoveredhair renderedwith
therecovereddiffusecolor; a fractionof thelongestrecoveredhair �bers renderedwith therecovereddiffusecolor to show thehair threads;
therecoveredhair renderedwith anarti�cial constantcolor.

Abstract

In this paper, we proposea novel image-basedapproachto model
hair geometryfrom imagestaken at multiple viewpoints. Unlike
previoushairmodelingtechniquesthatrequireintensive userinter-
actionsor rely on specialcapturingsetupundercontrolledillumi-
nationconditions,weuseahandheldcamerato capturehair images
underuncontrolledillumination conditions. Our multi-view ap-
proachis naturaland�e xible for capturing.It alsoprovidesinherent
strongandaccurategeometricconstraintsto recoverhairmodels.

In ourapproach,thehair �bers aresynthesizedfrom local image
orientations.Eachsynthesized�ber segmentis validatedandopti-
mally triangulatedfrom all visible views. Thehair volumeandthe
visibility of synthesized�bers canalsobe reliably estimatedfrom
multipleviews. Flexibility of acquisition,little userinteraction,and
high quality resultsof recoveredcomplex hair modelsarethe key
advantagesof ourmethod.
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1 Intr oduction

Many computergraphicsapplications,suchas animations,com-
putergamesor 3D teleconferencing,require3D modelsof people.

Hair is oneof the mostde�ning characteristicsof humanappear-
ance,but thecapturingof hair geometryremainselusive. Thege-
ometryof hair, with hundredsof thousandsof thin �bers, is com-
plex andhardly perceivableat normal imageresolutions.The in-
triguing re�ectancepropertiesof hair make active scanningmeth-
odsunreliable.Mostprior dedicatedmodelingtools[Kim andNeu-
mann2002]requiredcostlyandtedioususerinteraction.Therecent
work by [Parisetal. 2004;Grabli et al. 2002]demonstratesthepo-
tential andpossibility of an image-basedhair modelingapproach
combiningsynthesisandanalysis.Impressive resultsarepresented
in [Pariset al. 2004]. But thecapturingof the imagesvia this ap-
proachhasto be donein a controlledenvironmentwith a known
moving light source.This requirementlimits its applicability. The
subjectto becapturedmustremainstill duringtheentireprocessof
capturing.Thisprocessexcludesthepossibilityof capturingasub-
ject in motion.Moreover, thisapproachcannotbeusedfor existing
capturedvideos.

In thispaper, weproposeamorepracticalandnaturalmethodof
modelingfrom imagesof a given subjecttaken at differentview-
points. A handheldcameraor video camerais usedundernatural
lighting conditionswithoutany speci�c setup.It offersgreater�e x-
ibilities for imagecapture;moreover, it mayproducemorecomplex
andaccuratemodelsof sophisticatedhairstyles.This is mainlydue
to theinherentstrongandaccurategeometricconstraintsfrom mul-
tiple views. Our approachis ef�cient andinvolveslittle userinter-
action. This makesit a usefulsolutionasa startingpoint for other
interactivemodelingsystems,therebyreducingtheamountof work
neededfor generationof a �nal model.

2 Related Work

Active 3D laserscannerscannothandlehair reconstructiondueto
thecomplex geometryandre�ection propertiesof hairs.Traditional
image-basedvision techniques,suchasstereomethodsor photo-
metricstereoapproaches[Faugeras1999]atbestgenerateasmooth
surfaceboundaryof thehair volumewithout the�ber geometry.



Most existing methods[Gelder and Wilhelms 1997; Kim and
Neumann2002;Changet al. 2002;WardandLin 2003]arehighly
interactive andtake a long time to producehair models.Nakajima
etal. [Nakajimaetal. 1998]startedto useimagesfor boundingthe
hairvolume,yet thesynthesisof thehair �bers is heuristicanddoes
not follow theobservedimages.

More recently, Grabli et al. [Grabli et al. 2002] and Paris et
al. [Paris et al. 2004] pioneereda new image-basedhair model-
ing approach.Notethathair structureconsistsof �bers of a spatial
frequency muchhigherthanthatcanactuallybecapturedby therel-
atively low imageresolutionof cameras.This makesthedirectre-
covery of individual �bers ill-posed,evenimpossible.Yet, it is ob-
servedin [Grabli etal. 2002;Parisetal. 2004]thatneighboringhair
�bers tendto have similar directions,anda groupof suchclosely
tied hair �bers, calleda strand, generatesstructuredanddetectable
2D orientationinformation in the images. The �ber direction in
spaceis �rst constrainedby the local orientationat oneviewpoint,
and �nally determinedfrom the scatteringproperties[Marschner
et al. 2003]observed from multiple imagesat thesameviewpoint
with theknown light positions.

Paris et al. [Paris et al. 2004] proposedan effective �ltering
methodbasedon theoriented�lters to producea robust,denseand
reliableorientationmapat oneviewpoint. Goodresultshave been
producedby repeatingthe procedurefrom several differentview-
pointsto covertheentirehair. Themaindisadvantageof themethod
is thatthecapturingprocedureis rathercomplex underacontrolled
environmentanda�x edviewpointapproachperserestrictsthevis-
ibility andgeometricconstraints.

3 Appr oach

3.1 Overview

Our approachis to useimagescapturedfrom multiple views to re-
cover the hair geometry. A hand-heldcamerais usedunderun-
controlledillumination conditionsto captureimagesfrom multiple
viewpoints.Then,thecamerageometryis automaticallycomputed
usingthe methoddevelopedin [Lhuillier andQuan2005]. Next,
we detecta local orientationper pixel in eachimage. Eachhair
�ber is representedby a sequenceof chainedline segments. The
key stepof thereconstructionis triangulationof each�ber segment
usingimageorientationsof multiple views. If �bers wereobserv-
ablein images,the recovery would begeometricallyequivalentto
a 3D line reconstructionfrom multiple 2D imagelines [Faugeras
1999;QuanandKanade1997].However, sincethey areinvisibleat
normalimageresolutions,each�ber segmentis �rst synthesizedin
space,thenvalidatedby orientationconsistency from at leastthree
views, and�nally optimally triangulatedfrom all its visible views.
Themulti-view settingnaturallyallows a robustandaccurateesti-
mationof thehair volumethatboundsthehair synthesis,by com-
putingavisualhull from multipleviews.

Themajordifferencebetweenour methodandthemostrelevant
work by [Pariset al. 2004] lies in our multiple view approachver-
sustheir per sesingleview approach.This resultsin a different
reconstructionmethod,differentcapturingtechniquesanddifferent
results. The practicalityof the capturingmethodandthe inherent
strong3D geometricinformationareclearadvantagesof ourmulti-
view approachovera �x edview one.

3.2 Hair volume de�nition and determination

The hair volumeis the volumeboundedby two surfaces,the hair
surface,Shair , andthe scalpsurface,Sscalp , as illustratedin the
violet areain Figure2.b. A goodestimateof the hair volume is
importantto boundthesynthesisof thehair �bers. Althoughthis is

dif�cult for the�x edviewpoint approach[Pariset al. 2004], it can
bereliablyestimatedthroughamultipleview approach.

Onepossiblewayto computeasurfacerepresentationof thesub-
ject,canbeusingthequasi-denseapproachdevelopedby [Lhuillier
andQuan2005].However, to makeourapproachmoregeneraland
practical,we approximatethe surfaceof the subjectShair by the
visualhull [Laurentini1994]. Thevisualhull is usuallya goodap-
proximationwhenusingimagesof full turn aroundthesubjectand
canbe automaticallycomputedfrom the subject's silhouettesin a
practicalandrobustmanner[Matusiketal. 2000;Szeliski1993].

The scalpsurfaceSscalp underneaththe hair is invisible, thus
unobtainableby cameras.A genericheadmodelor anellipsoidcan
beusedasanapproximationof it. Anothergoodsystematicwayof
approximatingthe scalpsurfaceis to usean inward offset version
of Shair .

Thehair area,H (S), of a givensurfaceS canbede�ned asthe
union of all patcheswhoseprojectiononto imagesis in the hair
maskof thoseimages.Theextractionof thehair maskis described
in Section4. Thehair volumeis thenapproximatedto be thevol-
umebetweenH (Shair ) andH (Sscalp ). Thesynthesizedhair�bers
start from a regular distribution over H (Sscalp ). They aretermi-
natedwhen they exceeda pre-de�nedmaximumlength or reach
H (Shair ). All thesequantitiesareillustratedin Figure2.a.

a. b.

Figure2: a. Hair volume,markedin violet, is approximatedfrom a
visualhull Shair andan inwardoffsetsurfaceSscalp of thevisual
hull. b. Thevisibility of a �ber point P is determinedfrom thatof
theclosestpoint P 0 on thehair surface. Theprojectionof P onto
animageis notapoint,but asmallimageareathatis theprojection
of aball aroundP with radiusPP 0.

3.3 Fiber visibility determination

Given a spacepoint, P , throughwhich a hair �ber is to be syn-
thesize,we �rst needto determineits visibility with respectto all
views.

Thevisibility of a point on thehair surfaceShair is determined
by the surfaceitself andcanbe storedoff-line. However a point
P insidethehair volumeis obviously invisible from all views. Its
visibility is de�ned to bethesameasthatof theclosestpointP 0 on
thehair surface(seeFigure2.b). This maybeconsideredasa con-
venientheuristic.On theotherhand,whenthe3D orientationof P
is computed,it averagetheorientationof thesmall imageareathat
is the projectionof the ball de�ned in Figure2.b. Intuitively, the
observed imageinformationis smoothlydiffusedfrom the visible
surfaceto theinteriorof thehairvolume,andthedirectionof inside
invisible �bers is an interpolationof visible �bers on the hair sur-
face.This procedurenaturallyresultsin moresmoothedhair �bers
inside the volume: the further away from the visible hair surface
the �bers are, the moresmoothedthe reconstructeddirectionsof
the�bers are.

3.4 Three-vie w orientation consistenc y

Let P bea point in space.In eachview, the2D orientationat the
projectionof P de�nes a line in the image,a, a homogenenous



3-vector. Back-projectingthis line into spacefrom the viewpoint
givesa planegoing throughthe cameracenterand the line. The
normalvectorn of theplaneis n = AT a, whereA3� 3 is the3 � 3
submatrixof the3 � 4 projectionmatrix (A3� 3 ; t1� 3).

If P is a valid �ber point in space,its 3D orientationshouldbe
consistentwith themultiple2D orientationsobtainedon its projec-
tions in theseviews whereit is visible. All backprojectionplanes
should intersectinto the commonsupportingline of a �ber seg-
mentatP . Thisconstraintcanbeexpressedin aminimumof three
views, resultingin two independentalgebraicconstraints.Oneof
them,importantto ourapplication,is expressedonly in termsof the
orientationquantities[Faugeras1999]: n � (n0 � n00) = 0:

Therefore,aspacepointP is avalid �ber pointif theorientations
a, a0, anda00at theprojectionsof P in threeviews representedby
A, A0 andA00satisfy

AT a � (A0T a0 � A00T a00) = 0: (1)

This is indeedoneof the trilinear constraints[Hartley andZisser-
man2000;FaugerasandLuong2001]andcanbeusedto ef�ciently
validatethepositionsof the�ber pointsin space.

3.5 Triangulation of the 3D orientation of �ber s

A hair �ber is a spacecurve that is approximatedby a sequenceof
chainedline segments.Thepositionof oneend-pointof a �ber seg-
mentis synthesizedin space,andthedirectionof the�ber segment
is optimally triangulatedfrom all visible views aslong asthe�ber
segmentis validatedin multipleviews.

Let nj be thenormalvectorof theplane� j de�ned by the line
of orientationaj in the j th view. Assumethat thedirectionvector
in spaceof the�ber segmentis d. We have d � nj = 0: Thedirec-
tion vectord canthereforeberecoveredfrom at leasttwo views by
solvingthis linearhomogeneousequationsystem.Whenmorethan
two views areavailable,thedirectionvectorcanbeoptimizedover
all visible views j asfollows. A line throughthe point P canbe
parameterizedby any otherpoint Q of the line. Thepositionof Q
is optimizedby minimizing thesumof all distances,� dj (Q; � j )2 ;
from Q to eachplane� j . Takingtheuncertaintyof orientationes-
timationinto account,wesolve for d by minimizing

� j
1

� 2
j jj nj jj

(nj � d)2 ; subjectto jj djj = 1; (2)

where� j is the varianceof the responsecurve in differentorien-
tationsof the given �lter at that position. Its inverseencodesthe
strengthof thedetectedorientationedge.This is a linearoptimiza-
tion problemthat is ef�ciently solvedby singularvaluedecompo-
sition. A small line segmentfrom P to P � � d canbecreatedas
aportionof the�ber. Thescalar� is aglobally �x edconstantsuch
that thesegmentis of unit length,i.e., theprojectionof jj � djj onto
an imageshouldroughlybe thesizeof a pixel. Thesign is deter-
minedsuchthat thecurrentsegmentformsa largeranglewith the
previoussegmentto keepthe�ber assmoothaspossible.

Given the fact that the computed2D orientationsarenoisy, we
�rst systematicallydiscardthosewith low con�dence. Second,
insteadof directly using the algebraicconstraintgiven by Eq. 1
to validatea synthesized�ber point P , we use the averageun-
weightedresidualerror of Eq. 2, computedfrom at least three

views, 1
n � j

(nj �d) 2

jj nj jjjj djj
, for thevalidation.

4 Implementation

Image capture and camera calibration The imagecaptur-
ing in ourapproachis convenientlyachievedusingahand-helddig-
ital cameraundernaturalconditions.Typically, about30 to 40 im-
agesare taken to cover the whole headof the subject. We either

move aroundthe subjectthat remains�x ed to make a full turn or
turn the subjectarounditself. This acquisitionprocessdoesnot
requireany ad hoc setup. Necessaryprecautionsare that a short
shuttertime shouldbe usedto avoid motion blurring of the hair
imagesand the environmentshouldbe suf�ciently illuminated to
make surethatall partsof thesubjectarevisible, particularlywith
verydarkhairareas.

Thecamerageometrythroughcorrespondencesandautocalibra-
tion is fully automaticallyrecoveredusingthequasi-denseapproach
developedin [Lhuillier andQuan2005]. A morestandardsparse
approachusingthe pointsof interestasdescribedin [Hartley and
Zisserman2000;FaugerasandLuong2001]mayrequiremoreim-
agesfor camerageometrydetermination.

2D orientation map computation We adaptedthe �ltering
methoddevelopedin [Paris et al. 2004] to computea denseori-
entationmapat eachpixel for eachimage. We chooseonly one
oriented�lter , a Canny-like �rst derivative of Gaussian,andapply
it at discreteanglesfor eachpixel. The angleat which the �lter
givesthehighestresponseis thenretainedfor theorientationof that
pixel. Thecon�denceof theorientationateachpixel is takenasthe
inverseof thevarianceof theresponsecurve.

The 2D orientationestimationfor eachpixel obtainedin [Paris
etal.2004]is usuallybetterthantheoneestimatedby us,astheesti-
matefor eachpixel is takento bethemostreliableresponseamong
all imagesunderdifferentlighting conditionsfor agivenviewpoint,
while weprocessonly asingleimageundera �x ednaturallighting
for eachviewpoint. Yet, insteadof using the 2D orientationin-
formationto directly constrainonedegreeof freedomof the �ber
directionin space,asdoneby [Paris et al. 2004],we cangain ro-
bustnessby taking advantageof redundancy in multiple views. A
directionof a �ber segmentis typically triangulatedfrom about10
views.

We also found that choosingthe bestresponseout of multiple
�lters insteadof usinga singleonedoesnot signi�cantly improve
thequalityof theresults.

Hair mask extraction An approximatedbinary hair maskfor
eachimageis usedto determinethe hair areaof a surfaceH (S).
Silhouettesof the subjectareusedto computea visual hull asan
approximationof the hair surface,boundingthe synthesizedhair
�bers.

In ourcurrentimplementation,thesemasksaredrawn manually.
This is essentiallytheonly interactivepartof ourapproach,thatcan
beautomatedaswell. For example,thesubjectsilhouettescouldbe
recoveredusingtechniquessuchasspace-carving[Kutulakos and
Seitz1999] for a generalcase,andchromakeying or background
accumulationfor a caseof staticcameraanda moving head.Sepa-
ratingtheboundarybetweenthehairandfacecouldbeachievedby
advancedskin toneanalysis.

Hair �ber synthesis We �x an object-centeredcoordinate
frameat the centerO of the volumeboundedby Shair andalign
it with theverticaldirectionof Shair . Weusesphericalcoordinates
for pointson the scalp,andangularcoordinates,� 2 [0; 180] and
� 2 [0; 360], for surfaceparameterization.We alsode�ne a map-
pingbetweenthesesurfacesby drawing a line throughthecenterO
andintersectingit with a surfaceat pointsP , Phair , andPscalp , as
illustratedin Figure2.a.Thismappingmaynotbeoneto oneif one
of the surfacesis not starshaped.In that case,we systematically
choosetheintersectionpoint thatis theshortestto thecenter.

Thestartingpointsof hair �bers areuniformly sampledpointsin
thehairareaof thescalpsurfaceH (Sscalp ). A pointonSscalp is in
thehair areaH (Sscalp ) if its projectionin themostfronto-parallel
view lies in thehair maskof thatview. It is suf�cient to discretize
theparameter� by onedegreesamplingfrom 0 to 360degrees,and



Figure3: Exampleof a typical man's shortanddarkhair. In each
row, oneof theoriginal imageson the left, therecoveredhair ren-
deredwith therecovereddiffusecolorsin themiddle,andrendered
with a curvaturemapon the right. Middle bottomimage's levels
aresetbrighterto bettershow details.

theparameter� , pointingto thetop of theheadwith � = 0, from 0
to 120degreesateachdegree.

Eachhair �ber is asequenceof chainedsmallline segments,and
eachof themroughlycorrespondsto animagedpixel size.Theseg-
mentsaregeneratedoneby one. The procedureterminateswhen
thetotal accumulatedlengthof all segmentsexceedsa pre-de�ned
thresholdor thesegmentreachestheboundaryof thehair volume.
The �ber segmentdirectionis optimally triangulatedfrom all vis-
ible views asdescribedin Section3.5. Thosevisible views at ex-
tremeviewing anglesarediscardedto avoid uncertaintydueto oc-
clusionand blurring aroundthe silhouettes.To maintainsmooth
�bers, we avoid sharpchangesof growth direction. In suchcases,
we preferto keepthe growth directionof previous segments.Re-
peatedfailure to get a newly triangulateddirectionwill terminate
the�ber growth. Finally, the�bers aresmoothedwherethecurva-
tureis too largeandtheveryshortonesarediscarded.

5 Results

Examples We testeddifferent hair styles and hair colors to
demonstratethe �e xibility andthe accuracy of our hair geometry
recovery. For a typical man's examplewith very darkhair, shown
in Figure3, 38 imagesof resolution480� 640arecapturedin the
cornerof our lab. For thewoman'sstylesshown in Figures1, 5 and
6, we usedshortandlong wavy wigs worn on a realpersonto cap-
ture40 imagesof resolution768� 1024. We alsotesteda dif�cult
curly hair style shown in Figure4. For that, a wig wasput on a
dummyheadon a turntablewith a blackbackgroundto capture36
imagesof resolution1024� 768. Additionalviewsof therecovered
modelcanbeseenin theaccompanying video.

All theseresultsarefully automaticallycomputedexceptfor the
extractionof the hair masks,clearly demonstratingthe robustness
andthe quality of the reconstructionwith a multi-view approach.
Many longstrandsfrom thelongwavy hairstylehavebeensuccess-
fully recoveredin goodorder. In thecurly example,therecovered
densityis slightly lowerdueto theintriguingcomplex curls.

Hair rendering The recovered hair �bers are renderedas
OpenGLlineswithout anti-aliasingto bettervisualizetheseparate

�bers. A diffusedcolor for each�ber segmentis collectedfrom
all its visible views. Then,a medianof all sampledcolors is re-
tainedto remove directionalillumination. Yet, samespecularityis
retained,andvisibleonthetoppartof thehead,dueto light sources
ontheceiling. capturingfrom additionalviewpointdirections,such
astop views,or modelingof theoriginal illuminationstructurecan
beusedto geta betterestimationof thehair colors,if needed.For
displaypurposes,agenericheadmodelis displayed,roughlyscaled
to �t thesubjecthead(althoughsomediscrepanciescanbeseen).

To emphasizethestructureof therecovered�bers, we useother
renderingmethods.Thecurvature renderingusesa curvaturemap
in which a reddercolor encodesa higher curvature. The sparse
renderingonly rendersa fraction of the longestrecovered�bers
so that the hair threadsarebetterillustrated. The long wavy hair
style is alsorendered,shown in Figure6, with theself-shadowing
algorithmdevelopedin [Bertailsetal. 2005].

Running time Theimagecapturingtakesonly aboutafew min-
utes.Theregistrationis automaticallydonewithin 5 minuteson a
1.9GHzP4 PC.The orientationmapcomputationis implemented
in Matlab andtakesa few hours. Extractionof hair maskswhich
could be automaticis currently doneinteractively for eachview.
The visual hull computationtakes about1 minute. We typically
synthesizeabout40K �bers, consistingof 4 to 8 million line seg-
ments,in about15minutes.

Limitations As weusenaturalimages,wecanmodelonly what
we cansee.Somepartsof thehair might besaturatedor shadowed
in theimages,sotheorientationcannotbereliablyestimated.Some
interpolationtechniqueslikeinpaintingcouldbeusedto �ll in these
areas.The invisible �bers arenow synthesizedfrom a lower reso-
lution orientationmapor neighboringones,but thereexist multi-
layeredhair stylesin which onelayer is completelyoccludingthe
others.Sinceeachlayeralreadycontainsinvisible strands,it is im-
possibleto recover theoccludedpartsof theinnerlayer. Heuristics
oruserinteractionsarenecessaryfor theimprovementandenhance-
mentof therecoveredhair.

6 Conc lusion

We have presenteda methodfor modelinghair from a realperson
by taking imagesfrom multiple viewpoints. It typically recovers
a completehair model for complex hair stylesfrom about30 to
40 views. The methodoffers many practicaladvantages.Images
canbecapturedat any placeandany time aslong asthesubjectis
suf�ciently illuminated.It opensuppossibilitiesfor captureof hair
dynamics,usingasetupof multiplecameras.It is highly automated
with little userinteraction.Theonly userinteractionin our current
implementationis the extraction of hair masksfrom imagesthat
could have beenautomatedwith a moreadvancedimageanalysis

Figure4: Exampleof adif�cult curly hairstyle.Oneof theoriginal
imageon the left. Therecoveredhair renderedwith therecovered
diffusecolorsin themiddle,renderedwith a curvaturemapon the
right.



Figure5: Exampleof a typical woman's style. Oneof theoriginal
imageson the top left. The recoveredhair renderedwith the re-
covereddiffusecolorson thetop right, renderedwith a fractionof
long�bers onthebottomleft, renderedwith acurvaturemaponthe
bottomright.

method.Wewill focusour futureresearchdirectionsonthefollow-
ing issues:the immediateextensionto dynamicmodelingof hair
with amulti-camerasetting;improvementof orientation�ltering in
thescalespace,particularlyfor theareasin whichnoreliableorien-
tationinformationis available;andthedevelopmentof simpleuser
interactive toolsfor enhancementandimprovementof themodeled
hair style.
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