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Abstract
We presenta novel approach to createplausible3D facemodelsfromvaguerecollectionsor incompletedescrip-
tions. This taskplaysan important role in police work, where compositefacial imagesof suspectsneedto be
createdfromvaguedescriptionsgivenby theeyewitnessesof an incident.
Our approach is basedon a morphablemodelof 3D facesand takes into accountcorrelationsamongfacial
featuresbasedon humananatomyandethnicity. Usingthesecorrelations,unspeci�edpartsof thetarget faceare
automaticallycompletedto yield a coherent facemodel.Thesystemusesa novel paradigmfor navigatingface
spaceandprovideshigh-level control of facial attributesaswell as thepossibilityto import facial featuresfrom
a database. In addition,theusercanspecifya setof attributeconstraints that are usedto restrict thetarget face
to a residualsubspace. Theseconstraints can also be enforcedon the examplefacesin the database, bringing
their appearancecloserto thementalimageof theuser, andthusavoidingconfusingexposure to entirelydifferent
faces.We alsoproposea novel approach for adaptingthesystemto local populationsbasedon additional image
databasesthatareconvertedinto our 3D representationbyautomatedshapereconstruction.
We demonstrate the applicability of our systemin a simulatedforensicscenarioand compare our resultswith
thoseobtainedby a professionalforensicartist usingstate-of-the-artsoftware for creatingcompositeimagesin
policework.

Categories and Subject Descriptors(accordingto ACM CCS): I.3.6 [ComputerGraphics]:Methodologyand
Techniques—InteractiontechniquesI.4.10 [Image Processingand ComputerVision]: ImageRepresentation—
Hierarchical,Multidimensional,StatisticalJ.m[ComputerApplications]:Miscellaneous—ForensicSciences

1. Intr oduction
Creatingpicturesof facesfrom mentalimagesor vaguerec-
ollectionshasimportantapplicationsin bothart/designand
forensicsciences:new virtual charactersfor movies,adver-
tisementor computergamesare createdfrom the artist's
imagination,andillustrationsof criminalsneedto begener-
atedfrom theeyewitnesses'descriptions.In bothcases,the
artist/witness(denotedassourcein thefollowing)hasamen-
tal imageof thetarget faceto becreated,andit is important
not to in�uence this mentalimageduring theprocessof re-
constructingthe face.In general,the sourcescannotgive a
completeverbaldescriptionof thetargetface,andthey tend
to recollectonly somestriking details,for instancebushy
eyebrowsor ahookednose,while they areunawareof many
othercharacteristics.

In thispaper, wepresentanapproachfor generatingmod-
elsof humanfacesfrom vaguementalimagesor incomplete
descriptions.To demonstrateour approach,we have devel-
opedasystemthatcouldsubstitutecommercialsystemsused
by policefor creatingcompositeor photo�t pictures.

Figure 1: Thefaceof a “cab robber” createdfromthecab
driver's recollectionis rendered into a background image.
Theinsetshowsa photographof theactualpersonwhowas
describedby thecabdriver.
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In contrastto most of thesecommercialsystems,our ap-
proachhasthefollowing advantages:

� Our GUI offers intuitive ways to modify featuresof the
targetfacein arbitraryorder.

� Unspeci�edpartsof the reconstructedfaceareautomati-
cally completedaccordingto statisticalproperties.

� Anatomical/ethnicalcorrelationswithin a faceare taken
into accountautomaticallyduringreconstruction.

� A 3D facemodel is createdthat canbe viewed from an
arbitraryview pointwith arbitrarylighting conditions.

� The resultingfacemodelcanbe renderedautomatically
into backgroundimagesin appropriateposeandillumina-
tion.

While thesefeaturesrepresentthe contributionson the ap-
plicationside,the technicalcontributionsof our systemare
asfollows:

� We proposea new algorithm for navigating facespace,
which usesa set of attribute constraintsthat restrict the
faceto a residualsubspace.

� The predictionof unspeci�edfacial featuresis basedon
correlationbetweendifferent face regions and features
learnedfrom the database.Our systemmakes the most
plausibleprediction,given the information provided by
theuser.

� Photographsof new individualsareusedto augmentthe
databasesavailablefor the3D modelingprocess.

� Using attribute constraints and face exchange, the
databaseof examplefacesis automaticallyadjustedto the
user's speci�cations.

2. RelatedWork

A largebodyof literatureon modelingfaceshasbeenpub-
lishedin thelastdecades.A goodoverview canbefoundin
thetextbookby Parke andWaters[PW96] andin thesurvey
by Noh andNeumann[NN99]. In thecontext of this paper,
wefocusonpublicationsthataddressthecreationof models
or imagesfrom incompletedescriptions.

Remarkably, oneof theoldestpublicationsin thiscontext
is theonly oneto ourknowledgethattakesinto accountsta-
tisticalcorrelationsbetweenfacialfeatures[GC75]. Thesys-
tem supportsonly line drawings.Startingfrom the average
face,it appliesaf�ne transformationsandintensitychanges
of a �x ed setof 17 features,andsupportsselectionfrom a
featuredatabase.The user is promptedto deal with fea-
turesin a �x ed order. Laugheryand Fowler [LF80] found
that artist sketchesaresuperiorto identi-kit imagesdueto
the limited amountof facial featuresandlack of shadingin
identi-kit images.Thisstatement,however, maybeoutdated
by recentcommercialsystemsthat areequippedwith huge
librariesof facial features.An interfacefor gradient-based
facespacenavigationhasbeenproposedin [CF04]. Princi-
pal componentsareusedasnavigation axes in facespace,
but facialfeaturescannotbecontrolledindividually. Theau-
thorsfocusonacomparisonof differentuserinterfaces.

Theuseof geneticalgorithmsfor trackingthetarget face
in a largefacespaceis proposedin severalpublications,ini-
tiatedby Caldwell andJohnston[CJ91]. A systemfor ex-
ploring facespaceis describedby DiPaola[DiP02], wherea
descriptivelanguageis usedto specifyfeaturesandstateof a
facein termsof numericalparameters.To navigatethrough
facespace,a geneticalgorithmusingapproximately25 pa-
rametersis employed.Gibsonet al. [GBS03] describea 2D
facialcompositesystemthatusesanevolutionaryalgorithm.
TheEvoFIT facialcompositesystem[FHC04] is arecentap-
proachbasedonanevolutionaryalgorithmworkingonshape
andtexturePCAcoef�cients extractedfrom adatabaseof 72
monochromephotographs.

Approachesto searchfor and retrieve an imagefrom a
mug-shotdatabasearetypically basedoncompositeimages.
Thedatabaseusedin [WAL � 94] is indexedby attributesof
individual featuresobtainedby PCA and landmarks.The
bestmatchesto aphoto�t targetimageareretrievedbasedon
normalizedcorrelationandweighteddistanceof thefeature
vectors.Thesystemalsosupportsfuzzysearchqueries.Both
Brunelli and Mich [BM96] and Baker and Seltzer[BS98]
proposedsystemsthatusefacialcompositesfor databasere-
trieval andPCA for computationof similarity. In addition,
the user can modify the input imageby featureselection
from databaseimagesor by changingthe PCA coef�cients
of individual features[BM96], or randomcompositescanbe
createdfrom thecurrentdatabaseselections[BS98].

Ourown approachis basedonamorphablemodelaspro-
posedby Blanz andVetter[BV99]. In addition,we usethe
methodpresentedin [BSVS04] to renderour reconstructed
facesinto backgroundimagescontaininghair stylesand/or
scenery.

Severalcommercialsystemsfor generatingcompositefa-
cial imagesare available.The PRO�t TM system[ABM05]
is a standardb/w photo�t systembasedon a library of over
200.000facial features,which can be compositedin both
frontal and 3/4 views. In addition to somecaricatureand
aging simulation features,compositeimagesfrom differ-
ent witnessescan be morphedto generateaverageor in-
betweenresults.The E-FITTM program[Asp05] is another
photo�t systemfor compositingb/w imagesfrom individ-
ual features.Default featurescan be used where no de-
scription is available. The systemsupportsaging simula-
tion and—togetherwith the3D E-FIT extension—�tting of
3D facesto the 2D compositeimages.In the PHANTOM
PROFESSIONALxp c
 system[UNI05], a color basic im-
age is selectedfrom a largedatabasebasedonkey attributes
such as gender, age,skin color, etc. The featuresof this
basicimagearethenmodi�ed usingaf�ne transformations
and/orimport functionality accordingto the descriptionof
the witness.Aging within a limited time frameof approx-
imately ten yearsis alsosupported.The Identi-Kit.NETTM

system[Smi05] is a b/w implementationof the classical,
hands-onidenti-kit systemon thecomputer.
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To ourknowledge,nocommercialsystemavailabletoday
supportsanatomical/ethnicalcorrelationsamongfacial fea-
turesandautomaticcompletionof unspeci�edfeaturesac-
cordingto statisticalproperties.Arbitrary 3D viewsaresup-
portedby only onesystemthroughanextension.

In recentcomputergames,suchas The Sims2 or FIFA
Soccer2006, the usercan model avatarsaccordingto his
ideas.Althoughthecharacter's facescanbeadaptedin quite
detailedways,thetechniquesemployedaretargetedtowards
generatingrathercoarse,textured facemodelssuitablefor
hardwarerendering.The usercannotselectfeaturesfrom a
database,and due to missinganatomicalcorrelationsit is
possibleto createnon-plausible“alien” faces.

3. SystemOverview

In this section,we give a brief overview of thefunctionality
andthefeaturesof oursystem.Uponstart,anaveragefaceis
shown in thedisplayareaof theprogram.Theaveragefaceis
computedastheaverageof 100maleand100femalefacesas
describedby BlanzandVetter[BV99]. All subsequentuser
operationssuchastransformationsor attributeeditingresult
in an immediateupdateof the displayedface.To facilitate
userinteraction,we have implementedanoperationhistory
with multiple levelsof “undo”.

3.1. GeneralSettings

As a �rst step,the user(i.e., either the sourceor an oper-
ator) may specify age,gender, and ethnicity of the target
face.This is anoptionalstep,which doesnot directly affect
thetargetface.Instead,settingtheseparametersrestrictsthe
selectionof examplefacesshown in the import dialog box
to matchthecriteriaspeci�ed for age,gender, andethnicity
(seeSection3.5).

3.2. Segments

Variouseditingoperationsonindividualfacialfeatures(such
as the nose,eyes,eyebrows, mouth)may affect the whole
facedueto correlationsamongthe featuresandthe overall
faceshape.For instance,bushy eyebrows areusuallycorre-
lated to a male faceand to a darker skin, whereasa wide
mouth is typically correlatedto a broaderfaceandalso to
a broadernose.It is oneof the main advantagesof our ap-
proachthat thesecorrelationsare taken into accountauto-
matically. In caseswhereonly little is known or remembered
of thetargetface,exploiting thesecorrelationsmayaddsig-
ni�cantly to the faithfulnessof the reconstruction.On the
otherhand,if theuserknows exactly whatdetail shouldbe
changedwithout in�uencing any otherfacialattributes,it is
desirableto constrainthe effect of editing operationsto a
localarea.

To this end,we have implementedthe possibility to se-
lect anarbitrarycombinationof segments, which de�ne the

areaonthefacewhereeditingoperationsmayhaveaneffect.
Figure2(a) shows the GUI of our programin the selection
mode,where the different segmentsare color-coded.The
userclicks on oneor several differentsegments,which are
thenaddedto theselectionmaskshown in thesmallpixmap
ontheright.Somefacialfeaturesarerepresentedby ahierar-
chy of segments,which arecolor-codedin differentshades
of the samebase-color. The nose,for instance,consistsof
individual segmentsfor thenosebridge,thealarwings,the
tip, andtheoverallnosearea.In theselectionmode,theuser
mayaddsegmentsfrom any hierarchy level of any facialfea-
ture to theselectionmask.To ensurea smoothtransitionat
theborderof segments,we applya multiresolutiondecom-
positionandblendingtechnique[BA83].

3.3. Af�ne Transformations

Any time duringthereconstructionof thetarget face,af�ne
transformations(rotation,translation,non-uniformscaling)
may be applied to the entire face or a currently selected
segment.Thesetransformationsareuseful,for instance,to
adjustthe position and orientationof the faceto �t into a
backgroundimageor to accountfor anasymmetriclayoutof
facialfeatures.

3.4. Facial Attrib utes

Themajority of editingoperationsin our systemareusedto
changetheshapeand/orcolorof facialfeatures.Theeditable
characteristicsof all facial featuresaredenotedasfacial at-
tributesin thefollowing.Thesefacialattributesarepooledin
groupsaccordingto thefacialfeaturethey affect.For exam-
ple, all facial attributesthat affect the shapeor color of the
nosearegroupedtogether. Facialattributescanbemodi�ed
on a continuousscalefrom [� 1: : :1] (where0 denotesthe
default valueof theaverageface)usingsliders.Figure2(b)
showsadialogof ourGUI with slidersfor avarietyof facial
attributesof the nose.As a �rst step,we have includedthe
following facialattributesin oursystem:

overall : masculine–feminine, slender–obese, dark–light
skin,younger–older, intensityof freckles,intensity
of beardshadow, attractiveness,caricaturelevel

faceshape: round–angular, narrow–broad, pear–heart shape,
hollow–puffy cheeks,prominenceof cheekbones,
pointed–broadchin, retruded–protrudedchin, dis-
tancebetweenlips and chin, intensity of double
chin, intensityof nasolabialfold

eyes : slitted–round, upwards–downwards inclination,
horizontal distance of eyeballs, dark–light iris,
color of iris, dark–lighteyebrows, thin–bushy eye-
brows, straight–curvedeyebrows (separatefor left
and right side), horizontal distanceof eyebrows,
distancebetweeneyebrowsandeyes
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(a) (b) (c) (d)

Figure 2: Snapshotsof our system's GUI. Left to right: (a) Main windowin selectionmode. Theuserclickson oneor several
segments(color-codedin themaindrawingarea),which are thenaddedto theselectionmaskshownin thesmall pixmapon
theright side(seealsoSection3.2). In thisexample, theuserhasselectedbotheyesandthenosefor furthereditingoperations.
(b) Dialog for settingindividual facial attributesof the nose. SeeSection3.4 for details. (c) Databasedialog for selecting
featuresfroma large databaseof examplefaces(seeSection3.5). (d) In thehair styledialog, theuserselectsa hair styleand
color (seeSection3.6).

nose : short–longnosebridge,narrow–widenosebridge,
narrow–wide alar wings, �at–round alar wings,
snub–hooked nose, distance between nose and
mouth

mouth : narrow–wide, thin–full lips, dark–light lip color,
convex–concave lip line

ears : small–large,�at–jug ears
ethnicity : Caucasian,Asian,African
expressions: smiling, angry, surprised,scared,deranged,dis-

gusted

Thecaricaturelevelattributeisusefultooverstateall charac-
teristicattributesof areconstructedface.Psychological�nd-
ings [DJVO00] have shown thatmakingfacesmoretypical
by caricaturingtechniquesincreasessubjects'ability to rec-
ognizefaces.Caricaturingis achieved by morphinga face
away from the average.Additional facial attributescanbe
easily integratedthrough parameter�les. Section4.1 ex-
plainshow attributesarelearnedfrom adatabaseof example
faces.

During editing operations,the effect of eachfacial at-
tribute on the target face(or on the currentselection)can
berestrictedto theshapeand/ortextureof thetargetface.In
addition,differentvaluescanbesetfor theshapeandtexture
parameterof eachattribute.

As explainedin Section3.2, somefacialattributesarecor-
relatedto other facial features.Although this is a desired
featureof our system,it might happenthat the userwants
a speci�c valuefor a facialattributeA to remainuntouched
whenperformingfurther editing operationson other facial
attributes.Thiscanbeachievedby addingthecurrentsetting
of attribute A to a list of constraints.Section4.2 explains

how theseconstraintsareenforcedthroughoutfurther edit-
ing operations.

3.5. Importing Featuresfr om a Database

In additionto modifying thefaceor a featureof thefaceus-
ing theattributesdescribedin theprevioussection,theuser
mayalsoselectthedesiredfeature(s)from adatabaseof ex-
amplefacesasshown in Figure2(c). If aselectionmaskhas
beende�ned previously, only thecorrespondingfeaturesare
importedfrom the selectedfacein the database.Thus it is
possibly, for instance,to selectthe noseof the target face
andthenlook for thedesirednoseamongtheexamplefaces.
Upon selectinga facefrom the exampledatabase,the nose
of that facewill be importedseamlesslyinto thetarget face
andcanbe further editedif needed.As with attribute edit-
ing, theimport of featuresfrom a databasecanberestricted
to theshapeand/ortextureof thefeature.

3.6. Hair Style

The facemodelsfrom the databasethat have beenusedto
learnfacial attributes(seeSection4.1) have beencaptured
without hair. Thus,we cannothandlehair in the sameway
asotherfacialattributes.Despiteimpressive progressin re-
centyears,3D hair modelingandrenderingis still an open
�eld of research.Even with photorealisticrenderingtech-
niques,collectinga databaseof hair styleswould requireto
re-modelexisting styles.Therefore,we follow theapproach
of [BSVS04] andrenderthe3D facemodelinto photographs
of hair stylestakenfrom differentviewpoints.

c
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For our hair style database,we selecteda frontal and a
pro�le image of peoplewith several different hair styles
from the FERETdatabase[PWHR98]. After manuallyse-
lecting 5–15 featurepoints in eachhair style imageonce,
the algorithm automaticallyestimatespose, illumination,
and contrastfor insertingarbitrary target faces.This esti-
mationworksfor bothcolor andmonochromephotographs.
We have chosenthe monochromeimagesfrom the FERET
database,sinceit waseasyto color thehair in theseimages
in seven differentcolors(differentshadesof blond,brown,
red;black;grey) usinganimagemanipulationprogram.Fig-
ure2(d) depictsthehair styledialogof oursystem.

3.7. Exporting the TargetFace

Thetargetfacecanbesavedasa3D modelfor furtheroper-
ations.In particular, it is possibleto changeindividual facial
attributeslateronor to displaythefacewith differentrender-
ing parameters.In addition,the target facecanbeexported
into animageusingany desiredsetof renderingparameters.
Renderingafaceinto animagecontainingscenerymayhelp
thesourceto recalldetails.

4. Learning-BasedFaceModeling

Thecoreelementof thefacemodelingsystemisamorphable
modelof 3D faces[BV99]. Themorphablemodelis avector
spaceof shapevectorsSandtexturevectorsT,

S = (x1;y1;z1; : : : ;xn;yn;zn)T

T = (r1;g1;b1; : : : ; rn;gn;bn)T

�
(1)

that containthe (x;y;z) positionsand (r;g;b) color values
of the verticesof a densepolygonmesh.Due to point-by-
pointcorrespondencebetweenthen = 75972verticesof our
model,linear combinationsof shapeandtexture vectorsof
them= 200exampleheadsfrom ourdatabaseproducereal-
istic new 3D faces.

We perform a Principal ComponentAnalysis (PCA) on
shapeand texture separately, ignoring the correlationbe-
tweenshapesandtexturesin thedatabase.Still, we will be
ableto learncorrelationsbetweenshapeandtexturein facial
attributesasdescribedin Section4.1.

Thefollowing algebrais describedonly for shape,andap-
plies to texture in thesameway. Giventhedatasetof shape
vectorsSi , let S= 1

m å m
i= 1 Si bethemeanshapevector, and

X the datamatrix formedby columnsxi = Si � S. The co-
variancematrix of the datais de�ned by C = 1

mXXT, and
PCA performsa diagonalizationC = U diag(s2

i ) UT, where
thecolumnsui of theorthogonalmatrix U aretheprincipal
components,and the eigenvaluesare the squaredstandard
deviationss i alongtheprincipalcomponents.Thisdiagonal-
izationcanbecomputedby aSingularValueDecomposition
of X:

X = UWVT ; (2)

with adiagonalmatrixW = diag(wi) andanorthogonalma-
trix V. SubstitutingX in the de�nition of C, we obtainthe
standarddeviationss i = 1p

mwi .

Transformedinto theorthonormalbasisof principalcom-
ponents,shapevectorscanbewrittenas

S = å i ciui + S: (3)

Eventhoughmostof theoperationsin thefacemodelingsys-
temwork on theshapeandtexturevectorsS, T directly, the
basisof principal componentsis essentialfor the following
algorithm.

4.1. Learning Attrib utesfr om Examples

This sectiondescribeshow to learna vectora from exam-
ples,suchthataddingmultiplesof a to agivenfacechanges
a speci�c attribute while leaving all other individual char-
acteristicsunchanged.On 2D data,an intuitive methodfor
�nding a is to computetheaverages(prototypes)of classes,
suchasmaleandfemalefaces,andto usethedifferencevec-
tor betweentheseprototypes[RP95]. For graduallyvarying
attributes,suchas body weight, a generalizedmethodhas
beenproposed[BV99], basedon a weightedsumof exam-
ples.In thissection,wederive this techniquefrom ageneral
statisticalapproachanddiscussit in moredetail,asit is the
basisfor theconstrainedmodi�cation paradigmpresentedin
thefollowing section.

Let xi be a setof samplevectors(shapeor texture),and
bi 2 R be the ratings of a given attribute, such as body
weight,for these3D faces.bi canbeeithergivenasground
truth,e.g.for age,or basedonsubjective ratingsby theuser.
We have found that the learningapproachpresentedin this
sectionpicksuptrendsin ratingsreliably, sotheratingsmay
be spontaneousanddo not requiretoo muchcare.Without
loss of generality, we assumethat the meansof xi and bi
arezero.Neitherthevectorsxi nor theratingsbi have to be
scaled.

Our approachis to estimatethe function f that assigns
attributevaluesto faces,andthenfollow thegradientof this
function in order to achieve a given changein attribute at
a minimal, mostplausiblechangein appearance.Given the
limited setof data,we choosea linearregressionfor f , and
minimizetheleastsquareserror

E =
m

å
i= 1

( f (xi) � bi)
2: (4)

According to Riesz representationtheorem,any linear
functional f canbe written in termsof a dot productwith
somevectora. As we demonstratelater in this section,the
gradientof f critically dependsonthechoiceof thedotprod-
uct. Intuitively speaking,the dot productde�nes the crite-
rion for thedirectionof steepestascentor descentin f . The
canonicaldot productof two vectorsx, y is thewell known
functionhx;yi = å i xiyi relatedto theL2 norm.In contrast,
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-3a -a average +a +3a

-a original +a

-w average +w

Figure 3: Top row: attributes such as gender can be
changedby addingor subtractingmultiplesof theattribute
vectora to the average face. Secondrow: if applied to an
individual face, characteristics such as the shapeof the
mouthare retained.Bottomrow: simplyadding the gradi-
entr f = w, which de�nesthesteepestslopeof theattribute
in L2-norm,wouldaffectindividual features.

wede�ne adotproduct

hx;yi M = hx;C� 1yi (5)

which is relatedto the Mahalanobisdistanceandthe prob-
ability densityestimatedby PCA. In Mahalanobisdistance
kxkM = hx;xi M , distancesaremeasuredrelative to thestan-
dard deviation observed in the datasetof examples.Let
f (x) = hx;ai M , so

E =
m

å
i= 1

(hxi ;ai M � bi )
2 = kXTC� 1a� bk2 = min (6)

with thedatamatrix X andb = (b1; :::;bn)T . UsingtheSin-
gularValueDecomposition(2), weobtain

E = k(UWVT)T(
1
m

UW2UT)� 1a� bk2 ; (7)

whichsimpli�es to E = km� VW � 1UTa� bk2. Theoptimal
solutiona canbe foundusingthePseudo-Inverse,which is
easyto computeheresincethe problemis alreadydecom-
posedinto orthogonalanddiagonalmatrices:

(m� VW � 1UT)+ =
1
m

UWVT =
1
m

X ; (8)

so
a =

1
m

Xb =
1
m

m

å
i= 1

bixi ; (9)

which is simply a weightedsumof the input vectors.It can
be shown that f (x + m

kbk2 � a) = f (x) + 1 for any vectorx,
andthatthedirectiona de�nesthesteepestascentor descent
in termsof Mahalanobisdistance.Theresultof addingmul-
tiplesof a to facesis shown in thetop two rowsof Figure3.

masculine average higheyebrows

additive constrained

Figure 4: Effect of constrainedcombination.Top row: the
shapeattributes “masculine” and “high eyebrows” have
partly con�icting effectson the average face. The mascu-
line face has low eyebrows,while the face with high eye-
browsappears feminine. Unlike theadditivesolution,where
theattributespartly cancelout (bottomleft), theconstrained
combinationretainstheselectedmasculineappearanceand
eyebrowdistance(bottomright).

In orderto motivatetheuseof thedot producth�iM , con-
siderthesameproblemwith thestandarddotproduct,which
will leadto avectorw differentfrom theprevioussolution:

f (xi) = hxi ;wi ; E = kXTw � bk2 = min: (10)

ThiscanbesolvedusingthePseudo-InverseXT+ of XT :
w = XT+ b. For manipulatingattributesof faces,we would
then add multiples of the gradientr f = w . This vector
achievesthedesiredchangein f (x) evenwith a very small
effect on shapeand texture in termsof L2-norm, which is
hardlyvisible (seeFigure3 bottomrow). However, if larger
multiplesof w areaddedfor moreperceptiblechanges,indi-
vidual characteristicsareno longerretained.

For eachattribute, we estimatevectorsa both for shape
andtexture,andtheusermayapplybothof themat thesame
time. Our method,therefore,capturescorrelationsbetween
shapeandtexture,suchasthefactthatmasculineversusfem-
inine featurescanbe foundboth in shapeandin texture,or
thatfaceswith bright skin complexion might differ in shape
from darker faces.

4.2. Enforcing Constraints on Faces

Previous systemsfor face modeling have relied either
on morphingbetweenexisting example faces,or additive
changesthataddmultiplesr 2 R of vectorsa: x 7! x + ra.
Dealingwith correlatedattributes,however, thesemethods
aresuboptimal,asdemonstratedby the following example:

c
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Figure 5: Applyingconstraints to examplefaces.Top row:
original faces.Bottomrow: transformedfaceswith common
settingsfor skin color, obesity, mouthwidth, and eyebrow
bushiness.

genderis correlatedwith thedistancebetweeneyesandeye-
brows, andif theuser�rst selectsa valuefor masculineap-
pearanceandthenlifts theeyebrows,theresultwill look less
masculinethandesired,seeFigure4 (bottomleft). As a re-
sult, the userwould have to re-adaptattribute valuesin an
iterative procedure.In contrast,our methodretainsthemas-
culineappearanceby restrictingsubsequentmodi�cationsto
the residualsubspaceof shapesand textures.Higher eye-
brows arecompensatedautomaticallyby a moremaleover-
all shapeasshown in Figure4 (bottomright).

In our system,the usermay decideto �x attribute val-
uesasconstraintsfor subsequentoperationsafterhehasse-
lecteda facefrom thedatabaseor appliedmodi�cations al-
ready. After eachsubsequentoperation,oursystemwill then
map the faceback to the residualsubspacede�ned by the
constraints.Moreover, oursystemtransformsall facesin the
databaseto meettheseconstraints(seeFigure5), sotheuser
mayselectsubsequentfacesor facialfeaturesfrom a choice
thatis automaticallyadaptedto hissettings.

Let x0 be the shapeor texture valueof the currentface
(aftersubtractingthemean,without lossof generality).For
eachattribute j, j = 1: : :N, wecomputethecurrentvalue

b j = hx0;a j i M (11)

Thesevaluesarestoredascurrentsettings,andenforcedon
otherfaces.In the following, we describethealgorithmfor
mappinga new facex to the closestelementx0 that meets
theconstraintshx0;a j i M = b j , j = 1: : :N.

Constrainedattributes j are re-adjustedto valuesb j by
addingmultiplesr j to thecurrentheadvector:

x0 = x +
N

å
j= 1

r ja j : (12)

Then,thesetof constraintsis

b j = hx +
N

å
k= 1

rkak; a j i M (13)

= hx;a j i M +
N

å
k= 1

rk � hak;a j i M : (14)

eyes nose

mouth,chin,cheeks,ears compositeface

Figure 6: Adaptingour systemto local populations.From
singlephotographsof threeAfro-Americanindividuals(top
row andbottomleft), wereconstructed3D modelsusingthe
3D datasetof 199CaucasianfacesandoneAsianface. The
compositeface(bottomright) is built fromfacial featuresof
thesethreeindividuals.

Our algorithm solves this systemof equationsfor rk, and
computestheoutputfacex0 usingEquation(12).

Note that for computingdot productssuch as hx;ai M ,
an explicit computationof the high-dimensionalmatrix
C� 1 is not required,due to the decompositionof C into
lower dimensionalmatricesobtainedfrom PCA: hx;ai M =
hx;C� 1ai = hx;UW � 2UTai = hW � 1UTx;W� 1UTai .

4.3. Manipulation of Facesin Images

An importantpartof theproposedsystemis thereplacement
of facesin givenphotographs.This is achievedby �tting the
morphablemodelto an image,which givesanestimatenot
only of the original head,but alsoof all relevant rendering
parameterssuchas poseand illumination [BSVS04]. The
preprocessingstepof thebackgroundimagesrequiresman-
ualclicking of 5–15featurepoints,suchasthetip of thenose
or the cornersof the mouth.Using the estimatedrendering
parameters,thenew faceis renderedautomaticallyinto the
image.Themethodincludesabackgroundcontinuationstep
thatremovesthesilhouetteof theoriginal facefrom theim-
age,andsomesemi-automatedprocessingof theforeground
hair.

4.4. Adapting the Model to Local Populations

The currentdatabaseof 3D scanscontains199 Caucasian
facesandoneAsianface,with anequalnumberof maleand
femaleindividuals.Dependingon wherethesystemis used,
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S1 (PHANTOM) S1 (own) T1 S2 (PHANTOM) S2 (own)

S3 (PHANTOM) S3 (own) T2 S4 (PHANTOM) S4 (own)

Figure 7: Resultsof userstudy. Two target persons(T1 andT2) havebeenshownface-to-faceto four sourcepersons(S1–S4)
for a duration of 60 seconds.Thesourcesdescribedthe target facesafter a delayof half-a-dayup to oneday. A professional
forensicartist usedthePHANTOMPROFESSIONALxp c
 system[UNI05] andAdobePhotoshopR
 for post-processingto create
thecompositeimagesindicatedbythekeyword PHANTOM in about2–3hourseach.Theimagescreatedwith our ownapproach
tookabout1.5–2hourseach.

it will bedesirableto adjustthechoiceof facesto the local
population.

The systemproposedin this papercanbe extendedeas-
ily to cover a wider rangeof faceswithout collectingmore
3D scans.Given a set of single photographsof additional
faces,we reconstruct3D modelsby �tting the morphable
facemodel[BV99] andincludethese3D facesfor selecting
segments.Even thoughthe reconstructedshapesare in the
linear spanof the original database,the methodproduces
faithful reconstructionsthat capturethe detailsof the new
faces.In termsof texture,mappingthecolorvaluesfrom the
imagesto themodelusingillumination-correctedtextureex-
tractionasproposedin [BV99] addsnew dimensionsto the
vectorspace.Figure6 demonstratesthat typical featuresof
facescanbe transferredto the compositeimagegiven only
singleimagesof new individuals.

5. Results

To evaluateoursystem,weconductedauserstudyinvolving
four sourcepersons(S1 andS3 female,S2 andS4 male,age
range25–55years)andtwo target persons(T1 male,T2 fe-
male,agerange25–30years)unknown to eachother. Each
targetpersonhadbeenshown face-to-faceto two sourceper-
sonsfor adurationof 60seconds.After adelayof half-a-day
up to oneday, all sourcepersonsparticipatedin reconstruct-
ing the target facesusingboth our systemandthe PHAN-

TOM PROFESSIONALxp c
 system[UNI05] accordingto
thefollowing schedule:

target source afterhalf-a-day afteroneday
T1 S1 own PHANTOM
T1 S2 PHANTOM own
T2 S3 PHANTOM own
T2 S4 own PHANTOM

Thesourcesdescribedthetargetfacesto theoperatorsof the
systemsand provided feedbackon the intermediatestages
during the process.The operatorsdid not know the target
persons.

A forensicartist with a professionalbackgroundof hav-
ing createdmorethan2000compositefacialimagescreated
imagesof thetargetfacesusingthePHANTOM systemand
Adobe PhotoshopR
 for post-processing.In the process,a
faceis crudelyassembledfrom partsof facesin thedatabase
of thephoto�t systemandthenimportedinto theimagepro-
cessingsystemfor the�nal touches.Eachcompositeimage
hasbeencreatedin about2–3hours.

In contrast,our systemwasoperatedby computerscien-
tists who naturally lack the forensicprofessional's psycho-
logical backgroundand �nesse in conjuring up a detailed
imageof thetargetfacebeforethesource'smentaleye.Since
thevarietyof hair stylesin our systemwasnot suf�cient for
the sourcesto �nd a satisfyinghair style, we interactively
createdhair style imagesaccordingto the sourcesdescrip-
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tions using an imageediting program.It took on average
1.5–2hoursto createeachtargetfacemodel.

A comparisonof the resultscreatedby both our andthe
commercialPHANTOM systemis shown in Figure7. The
overall quality of the resultsshows that creatingrecogniz-
ablecompositesfrom sourcedescriptionsis ahardproblem.
In theirexperimentsLaugheryandFowler [LF80] compared
the quality of sketchesto identi-kit compositesand con-
cludedthat the identi-kit techniqueitself wasthemain lim-
iting factor. Theextensiveuseof AdobePhotoshopR
 by the
forensicartistexcludesthis reason.Both for thecommercial
productoperatedby the expert andour systemoperatedby
laymen,themainconstraintwasthesources'limited ability
for accuraterecallratherthanthe�e xibility of thesystem.

For both target faces,the forensicartist considereda re-
constructionwith our systemthe best(S1 for T1 andS3 for
T2, exceptfor themissingearrings)andstatedthatheantic-
ipatedthemto behelpful in a real investigation.In particu-
lar, hejudgedour resultsassuperiorin termsof overall face
shape,andshapeandpositionof facial features(eyes,nose,
mouth).Healsoappreciatedtheintuitivenessandcontinuous
variability of theattributesliders.

OnesourcepersonfavoredthePHANTOM system,while
the otherthreesourcesfelt morecomfortablewith our sys-
tem. One reasonfor their preferencewas the fact that the
professionalcompositeshoweda staticfront view only. Al-
thoughin thePHANTOM systemit is theoreticallypossible
to alsocreateanadditional90� view of theface,thisrequires
the databaseto be presentin a secondside-face version.
Even if this had beenthe casein our forensicartist's ver-
sion,it wouldhavebeenverytime-consuming,sinceall post-
processingstepsfor thefront view mustbeexecutedanalo-
gouslyfor thesideview. Thesourcesalsomissedthepossi-
bility to replacefacial featuresduring the post-processing
without loosing all intermediatesteps.Somesubjectshad
problemswith thedatabaseapproachin general.Onesource
complainedthat “having seenso manyother faces[in the
database], I can't recall what's right or wrong anymore”,
while anothersaid: “Despitethe huge amountof facesin
thedatabase, I wasn't able to �nd theright eyes:I couldn't
imaginewhatall thoseeyeswouldlook like in thefaceI was
goingto describe.”

We found indeedthat mostof the statementsof sources
were of the type "make the nose wider", so the slider-
interfaceturnedout to be moreappropriatein mostof the
reconstructionprocessthanthestandarddatabaseselection
of theprofessionalsystemsthatoursoftwarealsooffers.

Renderingthe compositefaceinto an imageof a simu-
lated crime scenematchingthe experienceof the witness
(as in Figures1 and8) will set the faceinto proportionto
its surroundingsandmaythushelp thesourceto remember
valuabledetail.

Figure8: Theperpetrator'sfacehasbeenreplacedbya face
modelcreatedwith our system.Theunderlyingmentalimage
is shownasan insetin Figure 1.

6. Conclusionsand Futur eWork

Creatingrecognizablefacial compositesis a dif�cult prob-
lem dueto the inadequacy of thehumanbrainwith respect
to facerecall.Themainadvantageof oursystemis that,due
to the underlyingstatisticalmodel, it supportsthe user in
bringinghis mentalimageto thescreenwithout restraining
him. For overall editing operations,the programpresents
the mostprobablesolutionwhile leaving the userthe free-
domto overridethis result.Thesystemis intuitive to control
and�ne-grained.Theuseralwaysworkswith anentireface
andhenceneednotconsiderisolatedfacialfeatures.Viewing
thecompositefacemodelfrom severaldirectionsis helpful
whende�ning the overall faceshape,whenediting silhou-
ette features,or to simulatea differentperspective, for in-
stance,of asmallpersondescribingatall man.By de�nition
of themorphablemodel,facemodelsof a singletargetcre-
atedfrom several sourcescanbe morphedeasily to obtain
weightedcombinations.

Psychologicalstudiesindicate that humanmemory for
facesis affectedthroughretroactive interferenceif subjects
areexposedto imagesof differentfacesbetweenthe study
and test phase[DCL81]. Therefore,we reducethe variety
of facesour sourcesareexposedto by adjustingthe exam-
ple facesto meetthe user-speci�ed constraints.Moreover,
wrong cluesaboutfeaturesof the target faceinterferewith
thesources'recollectionsigni�cantly [JD85]. Ourtechnique
accountsfor this by showing at any time the most plau-
sible faceaccordingto the correlationestimatedfrom the
database.
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Our controlexperimentwith anexperiencedprofessional
who wasoperatingcommercialsoftwareshows that,appar-
ently, theproblemof reconstructingfacesis intrinsicallydif-
�cult, having seentheseunknown facesfor only 60 seconds
anddescribingthemhalf-a-dayor oneday later. The com-
parisonof theresultsindicatesthat thelimiting factoris the
de�ciency of humanconsciousnesswith respectto exactrec-
ollectionof faces,not theaccuracy of our system.Thepos-
itive reactionsof theforensicartistandthesourcesindicate
thatour systemhelpsto obtainbetterfacialcompositesin a
lesstediousprocess.

For addingdetailssuchasbirth marks,scars,or jewelry,
wecurrentlyproposeto follow theforensicartist'sapproach
and �nish an imageof the completedheadin the desired
view usingan imageediting program.Especiallyfor com-
puter games,however, it would be desirableto have data
basesof suchaccessoriesand facial particularsas well as
beardsandhair stylesin 3D, in orderto beableto addsuch
detailatany stageof thecreationprocess,andto allow views
of the�nal compositeheadfrom any direction.

Using a similar approach,one could generatephoto-
spreadsfor identi�cation of suspectsbywitnesses.Typically,
aphotospreadconsistsof apictureof thesuspectand� ve to
ninemoreor lesssimilar“�llers”. These�llers couldbegen-
eratedby de�ning constraintsfor the most prominentfea-
turesof thesuspect,suchasnosecurvaturefor averyhooked
nose,andvaryingtherestof thefaceby constrainedrandom
permutation.
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