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Abstract. This paperinvestigatesiow accuratelythe covariancematrix of chro-
maticity distributionsof facial skin might be modelledfor differentillumination
coloursusinga physics-basedpproachResultsare presentedisingrealimage
datataken underdifferentillumination coloursandfrom subjectswith different
shadesof skin. The orientationof the eigervectorsof the modelledand mea-
suredcovariancesdeviate in averageabout4°. The methodhasapplicationin
skin colour sggmentatione.g.,to describethe confidenceof a segmentedskin
area.

1 Introduction

Humanfacetrackingsystemsarebecomingmorerobustby fusingseveralcuessuchas
motion and shape]3, 14,10]. An often usedcueis skin colour sggmentation.Several
approachebave beenproposedsomestatisticallybasede.g.[6, 15], andsomephysics
basede.g.[9, 12].

A problemwhenusingskin colourasafeaturearisesundervaryinglighting condi-
tions.In particularchangesn thespectracompositionof scenédllumination mayresult
in failuresof colour sgmentatiommethodg5].

Yanget.al. [15] shavedthatthefacialskin chromaticitydistribution of anindividual
undera singlelight sourcemay be approximatedy a multivariatenormaldistribution
in the red-greerchromaticityplane.They proposedan adaptve statisticalskin colour
model updatingthe meanvector and the covariancematrix as the lighting changes.
Themodelis usedin areal-timefacetracker andworksunderslightly changingndoor
illumination conditions.

McKennaet.al. [6] use Gaussiammixturesto model the skin colour distribution
in Hue-Saturatiorspace.The parametersare updatedover time in orderto adaptto
changesn illumination andviewing direction.

A problemwith adaptinga colourmodelduringtrackingis thelack of ground-truth
of theregion of interest[6], i.e. the colour modelmight adaptto imageregionswhich
do notbelongto the skin colouredobject.

In [12] skin chromaticitiesaremodelledby a physics-basedpproacHor different
illuminationswith a goodapproximationusingknowledgeaboutthe cameraparame-
tersandassuminghat commonlyusedin- and outdoorlight sourcescanbe modelled



by blackbodyradiatorg[4]. The skin chromaticitiesfor a variety of illuminationswith

differentcorrelatedcolour temperature$CCT) form a 'skin locus’ which follows the
curvatureof the Planckianiocusof blackbodyradiatorsThis mightbeusedto constrain
thesearchareafor skin colourin the chromaticityplane.

In Sorianoet.al. [9] the searchareais constrainedby the skin locus and inside
the skin locusa nonparametriskin colour modelis learnedandupdatedby histogram
backprojectionThey shav a facetracking systemworking outdoorsunderchanging
illumination conditions.However, histogrambackprojectiorhasthe dravbackthatthe
histogranmightadapto nonskincolouredobjectsin thebackgroundThis effectmight
be avoidedif the skin colourmodelwould be constrainedy physics-baselinowledge
aboutpossibleskin distributions.

In this papera statisticalmodelis constrainedisinga physics-basedpproachln
particular it is investigatedl) How well may two dimensionalkkin chromaticitydis-
tributions be approximatecby a normal distribution, i.e. by meanvaluesand covari-
ancematrices?2) How accuratelymaythe eigenspacef a skinchromaticitycovariance
matrix be modelledfor illuminationswith arbitraryCCTsby linking it with a physics-
basedapproach.

Modelling of the covariancematrix hasapplicationin adaptve statisticalmodelsas
usedin [6,9,15]. It might give anindicationon the currentconfidenceaboutthatthe
segmentedskin areais the sameasthe one,e.g.,in the previous framesor beforean
illumination changeThe confidencaneasuramight be obtainedby matchingthe mea-
suredandmodelledeigenspaceagainstachother Confidenceneasuresreespecially
of interestin systemavheresereraltrackingcuesarefused[3].

2 Background

2.1 Skin chromaticities

Humanskin reflectionsmay be modelledwith the Dichromatic ReflectionModel [8]
assurfaceand body/mattereflections.Most of the facial skin areashaws 'pure’ body
reflections[2, 12]. Evenunderdirectillumination highlights occurusually not on the
entire face but only on someareas.e.g. the nose,forehead,or cheeks which might
befiltered[13]. In the following only body reflectionsare consideredFurthermoreijt
is assumedhat the investigatedskin areasare illuminated by a 'single’ light source.
This'single’ light sourcemaybe a mixture of severalsourceshaving differentspectral
compositions.The constraintis that the mixture is uniform for the investigatedskin
area.For spatiallynon-uniformillumination seee.g.[1].

In colour machinevision usuallyeachpixel is representedby a 3D vectorC rg g
containingred, green,andblue cameraresponsed-or analysingcoloursindependent
of the scaleof intensity, it is corvenientto transforma colourvectorC gg g to its cor-
respondingchromaticity c,q. This is doneby normalisingthe colour vectorelements
(R, G, B) with theirfirstnorm(V = R + G + B):
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2.2 Statistical modelling of skin chromaticities

Therg-chromaticities,, ; of a skin areawith ¢ = 1...n pixels may simply be mod-
elledby its meanvaluep,., andcovariancematrix S

In figure1 skinchromaticitieof onesubjectareshovn whichweretakenunderfour
different CCTs. The asteriskq*) arethe meanvaluesof the respectie distributions.
The dashedines are 85% confidenceellipsescalculatedby the Mahalanobis-distance
with a x2 for two degreesof freedom.
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Fig. 1. Skin chromaticitydistributionsof an Asiansubjectunderfour differentCCTs.

2.3 Physics-based modelling of skin chromaticities

The chromaticitiesof the body reflectionsof humanskin canbe modelledusingre-
flectancecurvesof skin, the spectralsensitvities of the cameraandthe spectralcom-
positionof the light source[7,12]. The RGB valuesC g p are obtainedby spectral
integrationandthe correspondinghromaticitiesc,.,, by equationl.

Thereflectanceurvesof humanskin maybe modelledasa functionof themelanin
concentrationf the epidermisandthe blood contentin the dermis[7, 12]. Negro skin
hasa highmelaninconcentratiowhereasCaucasiaskin hasalow melaninconcentra-
tion. The melaninconcentratiorfor onesubjectis not constantut hasa certainrange
of variationin spaceThelowerandupperlimits of thebloodcontenty;, andbm,,x are
ratherconstanffor all ethnicgroups.The skin chromaticitydistribution for anindivid-
ual is approximatedyy a minimum anda maximummelaninconcentrationn,;,, and
Mmax- IN Otherwordsit is approximatedy the areabetweenthe four chromaticities
modelledwith thereflectancesurvesusing: bnin @aNdmmin; bmin @NAdMmax; bmax and
Mmin; bmax ANdMmax.

The chromaticitiesof generalpurposelight sourcesg.g.daylightand fluorescent
light, have only a small deviation from the Blackbodyradiatorwith the sameCCT.
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Fig. 2. Modelledilluminant-andbodyreflection-chromaticitiesf skin for anumberof Planckian
illuminants,from [12].

Finlaysonand Schaefeif4] measured. 72 light sourcesjncluding daylightsand fluo-

rescent.They reportthat the illuminant chromaticitiesfall on a long thin bandin the

chromaticityplanewhich is very closeto the Planckianlocusof Blackbodyradiators.
Light sourceswill in thefollowing beapproximatedby Blackbodyradiatorsof thesame
CCT asthelight source which wassuccessfullydonein [12].

Figure 2 shaws the rg-chromaticitiesof a numberof Blackbodyilluminantsrang-
ing from 1500K to 25000K (Planckianlocus), plotted astriangles(a). The figure is
modelledfor a Blackbodyradiatorwith a CCT=3700Kascanonicalight source(white
balancesource).Two body reflectionchromaticities plottedassquareg0d), are mod-
elledfor eachilluminant usingthe Caucasianeflectancecurvesfor low andfor high
blood contentcalledecy andeg g. Thesolid linesindicatethe correspondingilumi-
nantandbodychromaticitiesTheasteriskg*) shovsthebodyreflectancehromaticity
for Negroskin ¢y, i.e. with high melaninconcentration.

3 Adapting statistical modelsto changing illumination

The methodproposedn this paperusesphysics-basenowledgeto estimatehow the
statisticaimodelwill changeastheilluminationchangesA necessargonditionfor this
is to find how thesetypesof modelscanberelated.

Firstly we considethow thedistributionsof the skin chromaticitieschangeasillus-
tratedin figure 1. They changepositionalongthe skin locusandthe majorand minor
axes(eigenspacef the covariancematrix) changen orientationandaspectatio.

Thephysics-basethodeldescribesinexpectedareafor thechromaticitiegyiventhe
CCTandsomebiologicalparametersf thehumanskin. Thisareacanalsobedescribed



by amajorandminor axes,henceaneigenspacesuchthatif thebiological parameters
for agivenindividual areknown, the eigenspaceanbe computedor any CCT.

The questionis if the physics-base@nd the statisticalmodel can be adequately
relatedvia their eigenspacedescribedabove. If so,aninitial 'calibration’ of the two
modelscan be establishedrom a referenceimage, and parameter®f the statistical
modelcanthenbeestimatedor ary CCT.

To demonstratendtestif the eigenspaceescriptionmay have practicaluse,we
presenta procedurancludingtwo stepsinitialisationfor calibration(section3.1),and
thenestimationof eigenspacefor arbitraryCCTs(section3.2).

3.1 Initialisation

Givenis areferencdmagewith a pre-sgmentedareaof facial skin, andwith known
CCT of theilluminationused.Thecorrespondingkinchromaticitiedorm adistribution
M,4. Theeigervectorsv s and-valuesA,, of M,, arecalculated.

The next stepis to find the physics-basednodel, which throughmaximumand
minimum melaninandblood parameterslefinesan areawith an eigenspace g, Ag
thatmatchv s, A

An iterative procedurescanghroughrelevantcombination®f theseparametertest-
ing for theorientationdeviationbetweerw 5y andv . Amongthoseconfigurationsvith
adeviation below somethreshold here0.8°, we chosethe bestfitting aspectationde-

finedas
> . 3)

Fromthe selectedcconfigurationwe getthe melaninparametersisthe major result
of theinitialisation. To compensatéor coarsenessf our model(e.g.blood contentin-
dependentf individuals/ethniggroups)we alsointroducea diagonalmatrix & relating
themodelledandmeasureigervalues,

min < A1 A
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3.2 Estimating eigenspacesfor arbitrary CCTs

Using the parameterestimatedrom the referencamagewe getfour skin reflectance
curves.Togethemith thecamerasensitvities, andthe Blackbodyspectrunof the CCT
in questionan expectedareafor the skin chromaticitiescan be computedHence,an
eigenspacév g, Ag) canbe estimatedor ary CCT. This eigenspacean be usedto
estimatehe expectedcovariancematrix S g of the measurement®r the CCT in ques-
tion,

Sgp=vg-Ap-k-vg' . (5)



4 Test results

The methodis testedusingonereferenceCCT and3 testCCTs.Imagesof 8 subjects
having differentethnic backgroundqChina, Iran, Cameroun Latvia, Greece,Spain,
Denmark,andindia) werecapturedsothataltogether32 imageswereused.For each
referencethereare 3 testimagesusedto comparethe estimatedstatisticalmodelwith
themeasurements.

4.1 Image acquisition

Theimageswerecapturedwith a JAI CV-M90 3CCD cameraAutomaticgain control
andautomatiovhite balancingareswitchedoff andgammacorrectionis setto one.The
lensopeningandthe shutterspeedare manuallyadjustedo make useof the dynamic
rangeof the cameraThe light sourcesare fluorescentamps(Philips TLD 927, 940,
950, 965) with CCTs of 2600, 3680,4700, and 6200K, respectiely. The spectraof
theselampsareprovided from Philips andadditionallymeasuredvith a J&M TIDAS
spectrometeiThe measuredpectravereusedto calculatethe CCTs.Theilluminance
on the facesis approximately2000 lux asit is recommendedby JAl. Thereare no
pronouncedhighlights on the faces.The numberof pixels of a faceis between5000
and 15000. The camerais white balancedo the 3680K lamp. An exampleimageis
shawn in figure 3. Theimageswere handsegmentednto facial skin areaswhich are
usedin thefollowing for evaluatingthe method.

Fig.3. Example Image of a face. Examples of colour images are available at
http://www.cvmt.auc.dk/ "mst/ras.html

4.2 Modelling skin by mean and covariance

The measuredskin distributionsweretestedfor normality in ther andg chromaticity
dimensionsisingamodifiedKolmogoros-Smirnor test,whichrejectedhenull hypoth-
esisat a significancelevel of o = 0.2. Furthermoreempiricalquantile-quantilglots



weredone,seefigure 4 for someexamples.It canbe seenthatnon of the distributions
is normaldistributed.
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Fig. 4. Two examplesof quantile-quantilglotsof measurediata(chromaticitiesyersusstandard
normal. Theuppercurvesarein thered, thelower alongthe greenchromaticitydimension.

However, the distributions might be approximatedy their covariancematrix. The
true positivesinsidethe 85% confidenceellipses(shavn in figure 1) arecountedusing
equation? andthepercentagés shavn in figure5 (left). The averageis 88%.
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Fig. 5. Percentagef true positivesusing85% confidenceellipseswith the measureatovariance
(Ieft) andmodelledcovariance(right).

4.3 Physics based modelling of eigenspaces

Theimagegakenata CCT=3680Kwereusedto estimatehe parametersf themethod
asit wasdescribedn section3.1. Thenthe covariancematricesfor the CCT=2600,
4700,and6200K, respectiely, weremodelledasdescribedn section3.2.

Figures6 and7 shav exampleresultswith measure&ndmodelledconfidenceel-
lipses.To allow comparisorof themeasure@ndthemodelledcovariancestheir eigen-
vectorsandeigervaluesaregivenin table 1. The averagedeviation betweermeasured



andmodelledorientationis about4® andmaximal9.8°. Theaveragedeviation between
thelengthsof thevectorsis 6 %.

Figure5 (right) shaws the true positivesinside the 85% modelledconfidenceel-
lipses.The averageis 87%. The areaof the modelledellipsesis in averagenot bigger
thantheareaof themeasureanes.
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Fig. 6. Skin chromaticitiesfor a Caucasiarsubjectunderfour differentCCTs.Thesolidlinesare
themeasureellipsesandthe dashedinesarethemodelledellipses.
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Fig. 7. Skin chromaticitiesfor a Negro subjectunderfour differentCCTs.Thesolid linesarethe
measureellipsesandthe dashedinesarethe modelledellipses.

5 Discussion

The proposedmethodaimsto estimatethe eigenspacesf anindividual's skin chro-
maticity distribution for illuminationswith arbitrary CCTs.We have testedthis for 8
very differentskin types,andwith 3 illuminationsfor each.The averagedeviation be-
tweenmeasure@ndestimatedrientationf theeigenspaceis about4® andthe max-
imumabout10°. Theaveragedeviation betweerthelengthsof thevectorsis about6%.



Table 1. Deviations betweermeasuredaind modelleddatafor 3 testCCTsand8 subjects.The
angleerroris the anglebetweerthe eigervectors.The eigevalue erroris the deviation between
the squareroots of the measurecand modelledeigevaluesin %. The numbersin braclets are
from theinitialisationdata.

illumi-  angleerror eigemvalueerrorsin %
nation  in degree first second
CCT mean max mean max mean max
2600 27 75 48 87 6.1 15.7
(3680) (0.3) (0.8) (0.0) (0.0 (0.0) (0.0
4700 3.7 52 38 81 6.0 16.5
6200 45 9.8 6.5 122 8.0 16.9

The deviationsaredueto measurementoiseduring the imageacquisitionandthe
approximationsn modelling. The light spectraare approximatecby blackbodyradi-
atorswhich very coarselymatchspectraof fluoresceniampsand, thus, introducea
smallerror, especiallyin thegreenchromaticity[12]. Furthermoretheassumptiorthat
therangeof blood concentrationgs constanis corvenient,but mayaswell contritute
to theerror.

If 85%confidenceellipsesareusedto approximatehedistributions,the numberof
true positivesof the measuregixelsis in average88% for the measuredovariances
and87% for the modelledcovariancesHence the skin distributionsmay for practical
purposedeapproximatedvith their covariancesywhich wasalsoreportedn [15].

Themethodrequiresknowledgeaboutan (approximate)CCT of thecurrentillumi-
nation.This may be estimatedrom the meanvalueof the measuredkin chromaticity
distribution or, moreaccuratelyby methodsproposedn [11,13].

Figuresl, 6, and7 show the distributions of an Asian, a Caucasiananda Negro
subject.A modelfor eachindividual is estimatedIt canbe seenthatthey differ from
eachother If this differencds significantit mightbeusefulto trackanddistinguishthe
skin of multiple facesn animage.

6 Conclusions

This paperdemonstratedhat the eigenspacef a two dimensionalskin chromaticity
distributioncanbe modelledfor differentilluminationsusingaphysics-basedpproach.
Theaverageorientationerroris about4®, the averagedeviation betweerthe lengthsof
thevectorsis about6 %.

Theperformanceseemso bewithin ausefulrangeto allow significantsupportof a
statisticabasedapproactby improving therobustnes®f thecolourbasedsegmentation
in facetrackingsystems.

In future work the skin reflectionmodelcould be improved by estimatingalsothe
blood concentratiorasa parameterand by that possiblyeliminatethe correctionma-
trix k.
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