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Abstract. Thispaperinvestigateshow accuratelythecovariancematrix of chro-
maticity distributionsof facialskin might bemodelledfor differentillumination
coloursusinga physics-basedapproach.Resultsarepresentedusingreal image
datataken underdifferent illumination coloursandfrom subjectswith different
shadesof skin. The orientationof the eigenvectorsof the modelledand mea-
suredcovariancesdeviate in averageabout ��� . The methodhasapplicationin
skin colour segmentation,e.g., to describethe confidenceof a segmentedskin
area.

1 Introduction

Humanfacetrackingsystemsarebecomingmorerobustby fusingseveralcuessuchas
motion andshape[3, 14,10]. An often usedcueis skin colour segmentation.Several
approacheshavebeenproposed,somestatisticallybased,e.g.[6,15], andsomephysics
based,e.g.[9, 12].

A problemwhenusingskin colourasa featurearisesundervaryinglighting condi-
tions.In particularchangesin thespectralcompositionof sceneilluminationmayresult
in failuresof coloursegmentationmethods[5].

Yanget.al. [15] showedthatthefacialskinchromaticitydistributionof anindividual
undera singlelight sourcemaybeapproximatedby a multivariatenormaldistribution
in the red-greenchromaticityplane.They proposedan adaptive statisticalskin colour
model updatingthe meanvector and the covariancematrix as the lighting changes.
Themodelis usedin a real-timefacetrackerandworksunderslightly changingindoor
illumination conditions.

McKennaet.al. [6] useGaussianmixturesto model the skin colour distribution
in Hue-Saturationspace.The parametersare updatedover time in order to adaptto
changesin illuminationandviewing direction.

A problemwith adaptingacolourmodelduringtrackingis thelackof ground-truth
of the region of interest[6], i.e. thecolourmodelmight adaptto imageregionswhich
do not belongto theskincolouredobject.

In [12] skin chromaticitiesaremodelledby a physics-basedapproachfor different
illuminationswith a goodapproximationusingknowledgeaboutthe cameraparame-
tersandassumingthatcommonlyusedin- andoutdoorlight sourcescanbemodelled



by blackbodyradiators[4]. Theskin chromaticitiesfor a varietyof illuminationswith
differentcorrelatedcolour temperatures(CCT) form a ’skin locus’ which follows the
curvatureof thePlanckianlocusof blackbodyradiators.Thismightbeusedto constrain
thesearchareafor skincolourin thechromaticityplane.

In Sorianoet.al. [9] the searchareais constrainedby the skin locus and inside
theskin locusa nonparametricskin colourmodelis learnedandupdatedby histogram
backprojection.They show a facetrackingsystemworking outdoorsunderchanging
illumination conditions.However, histogrambackprojectionhasthedrawbackthat the
histogrammightadaptto nonskincolouredobjectsin thebackground.Thiseffectmight
beavoidedif theskin colourmodelwould beconstrainedby physics-basedknowledge
aboutpossibleskindistributions.

In this papera statisticalmodel is constrainedusinga physics-basedapproach.In
particular, it is investigated1) How well may two dimensionalskin chromaticitydis-
tributionsbe approximatedby a normaldistribution, i.e. by meanvaluesandcovari-
ancematrices;2) How accuratelymaytheeigenspaceof askinchromaticitycovariance
matrix bemodelledfor illuminationswith arbitraryCCTsby linking it with a physics-
basedapproach.

Modellingof thecovariancematrixhasapplicationin adaptivestatisticalmodelsas
usedin [6,9,15]. It might give an indicationon the currentconfidenceaboutthat the
segmentedskin areais the sameasthe one,e.g.,in the previous framesor beforean
illumination change.Theconfidencemeasuremight beobtainedby matchingthemea-
suredandmodelledeigenspacesagainsteachother. Confidencemeasuresareespecially
of interestin systemswhereseveraltrackingcuesarefused[3].

2 Background

2.1 Skin chromaticities

Humanskin reflectionsmay be modelledwith the DichromaticReflectionModel [8]
assurfaceandbody/mattereflections.Most of the facial skin areashows ’pure’ body
reflections[2, 12]. Even underdirect illumination highlightsoccurusuallynot on the
entire facebut only on someareas,e.g. the nose,forehead,or cheeks,which might
befiltered [13]. In the following only bodyreflectionsareconsidered.Furthermore,it
is assumedthat the investigatedskin areasare illuminatedby a ’single’ light source.
This ’single’ light sourcemaybea mixtureof 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 vector ���	��

containingred,green,andblue cameraresponses.For analysingcoloursindependent
of thescaleof intensity, it is convenientto transforma colourvector � �	��
 to its cor-
respondingchromaticity ������ . This is doneby normalisingthecolour vectorelements
( ��������� ) with their first norm( �����! "�# $� ):% � � �� � % � � �� � % � � �� (1)



2.2 Statistical modelling of skin chromaticities

Therg-chromaticities ���'& ( of a skin areawith )*�,+.-/-0-21 pixelsmaysimply bemod-
elledby its meanvalue 3 ��� andcovariancematrix 4 ��� .

In figure1 skinchromaticitiesof onesubjectareshown whichweretakenunderfour
differentCCTs.The asterisks( 5 ) arethe meanvaluesof the respective distributions.
Thedashedlines are85% confidenceellipsescalculatedby theMahalanobis-distance
with a 6�7 for two degreesof freedom.6 798;:  ���'& (	< 3 ����=2> 4@?BA��� :  ���'& (C< 3 ���D= (2)
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Fig. 1. Skin chromaticitydistributionsof anAsiansubjectunderfour differentCCTs.

2.3 Physics-based modelling of skin chromaticities

The chromaticitiesof the body reflectionsof humanskin canbe modelledusing re-
flectancecurvesof skin, thespectralsensitivities of thecamera,andthespectralcom-
positionof the light source[7, 12]. The RGB values ���	��
 areobtainedby spectral
integrationandthecorrespondingchromaticities ���E� by equation1.

Thereflectancecurvesof humanskinmaybemodelledasafunctionof themelanin
concentrationif the epidermisandthebloodcontentin thedermis[7, 12]. Negro skin
hasahighmelaninconcentrationwhereasCaucasianskinhasa low melaninconcentra-
tion. Themelaninconcentrationfor onesubjectis not constantbut hasa certainrange
of variationin space.Thelowerandupperlimits of thebloodcontentFHGJI K and FHGJL�M are
ratherconstantfor all ethnicgroups.Theskin chromaticitydistribution for anindivid-
ual is approximatedby a minimumanda maximummelaninconcentrationNOGJI K andN GJL�M . In otherwords it is approximatedby the areabetweenthe four chromaticities
modelledwith thereflectancecurvesusing: F GJI K and N GJI K ; F GJI K and N GJL�M ; F GJL�M andN GJI K ; F GJL�M and N GJL�M .

The chromaticitiesof generalpurposelight sources,e.g.daylight andfluorescent
light, have only a small deviation from the Blackbodyradiatorwith the sameCCT.
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Fig. 2. Modelledilluminant-andbodyreflection-chromaticitiesof skinfor anumberof Planckian
illuminants,from [12].

FinlaysonandSchaefer[4] measured172 light sources,includingdaylightsandfluo-
rescent.They report that the illuminant chromaticitiesfall on a long thin bandin the
chromaticityplanewhich is very closeto the Planckianlocusof Blackbodyradiators.
Light sourceswill in thefollowingbeapproximatedby Blackbodyradiatorsof thesame
CCTasthelight source,whichwassuccessfullydonein [12].

Figure2 shows the rg-chromaticitiesof a numberof Blackbodyilluminantsrang-
ing from 1500K to 25000K(Planckianlocus),plottedas triangles( P ). The figure is
modelledfor aBlackbodyradiatorwith aCCT=3700Kascanonicallight source(white
balancesource).Two body reflectionchromaticities,plottedassquares( Q ), aremod-
elled for eachilluminant usingthe Caucasianreflectancecurvesfor low andfor high
bloodcontent,called SR�T and SR�U . Thesolid lines indicatethecorrespondingillumi-
nantandbodychromaticities.Theasterisks( 5 ) showsthebodyreflectancechromaticity
for Negroskin  T , i.e.with high melaninconcentration.

3 Adapting statistical models to changing illumination

Themethodproposedin this paperusesphysics-basedknowledgeto estimatehow the
statisticalmodelwill changeastheilluminationchanges.A necessaryconditionfor this
is to find how thesetypesof modelscanberelated.

Firstly we considerhow thedistributionsof theskin chromaticitieschangeasillus-
tratedin figure1. They changepositionalongtheskin locusandthemajorandminor
axes(eigenspaceof thecovariancematrix) changein orientationandaspectratio.

Thephysics-basedmodeldescribesanexpectedareafor thechromaticitiesgiventhe
CCTandsomebiologicalparametersof thehumanskin.Thisareacanalsobedescribed



by a majorandminor axes,henceaneigenspace,suchthatif thebiologicalparameters
for agivenindividualareknown, theeigenspacecanbecomputedfor any CCT.

The questionis if the physics-basedand the statisticalmodel can be adequately
relatedvia their eigenspacesdescribedabove. If so,an initial ’calibration’ of the two
modelscan be establishedfrom a referenceimage,and parametersof the statistical
modelcanthenbeestimatedfor any CCT.

To demonstrateandtest if the eigenspacedescriptionmay have practicaluse,we
presenta procedureincludingtwo steps,initialisationfor calibration(section3.1),and
thenestimationof eigenspacesfor arbitraryCCTs(section3.2).

3.1 Initialisation

Given is a referenceimagewith a pre-segmentedareaof facial skin, andwith known
CCTof theilluminationused.Thecorrespondingskinchromaticitiesform adistributionV ��� . TheeigenvectorsW�X and-valuesYJX of

V ��� arecalculated.
The next stepis to find the physics-basedmodel,which throughmaximumand

minimum melaninandblood parametersdefinesan areawith an eigenspaceWBU , YJU
thatmatchW�X , YZX .

An iterativeprocedurescansthroughrelevantcombinationsof theseparameterstest-
ing for theorientationdeviationbetweenW�X and WBU . Amongthoseconfigurationswith
a deviationbelow somethreshold,here [\- ]�^ , we chosethebestfitting aspectrationde-
finedas _�`badc.eeeegf X & Af X & 7

< f U & Af U & 7
eeee h - (3)

Fromtheselectedconfigurationwe get themelaninparametersasthemajor result
of theinitialisation.To compensatefor coarsenessof our model(e.g.bloodcontentin-
dependentof individuals/ethnicgroups)we alsointroducea diagonalmatrix i relating
themodelledandmeasuredeigenvalues,j A�A � f X & Af U & A

j 7�7 � f X & 7f U & 7
- (4)

3.2 Estimating eigenspaces for arbitrary CCTs

Using theparametersestimatedfrom thereferenceimagewe get four skin reflectance
curves.Togetherwith thecamerasensitivities,andtheBlackbodyspectrumof theCCT
in questionan expectedareafor the skin chromaticitiescanbe computed.Hence,an
eigenspace( W U , Y U ) canbe estimatedfor any CCT. This eigenspacecanbe usedto
estimatetheexpectedcovariancematrix 4kU of themeasurementsfor theCCT in ques-
tion,

4 U ��W Uml Y Uml i l Wn?BAU - (5)



4 Test results

Themethodis testedusingonereferenceCCT and3 testCCTs.Imagesof 8 subjects
having differentethnic backgrounds(China, Iran, Cameroun,Latvia, Greece,Spain,
Denmark,andIndia) werecaptured,so thataltogether32 imageswereused.For each
referencethereare3 testimagesusedto comparetheestimatedstatisticalmodelwith
themeasurements.

4.1 Image acquisition

Theimageswerecapturedwith a JAI CV-M90 3CCDcamera.Automaticgaincontrol
andautomaticwhitebalancingareswitchedoff andgammacorrectionis setto one.The
lensopeningandthe shutterspeedaremanuallyadjustedto make useof thedynamic
rangeof the camera.The light sourcesarefluorescentlamps(Philips TLD 927,940,
950, 965) with CCTs of 2600,3680,4700,and6200K, respectively. The spectraof
theselampsareprovidedfrom Philipsandadditionallymeasuredwith a J&M TIDAS
spectrometer. Themeasuredspectrawereusedto calculatetheCCTs.Theilluminance
on the facesis approximately2000 lux as it is recommendedby JAI. Thereare no
pronouncedhighlightson the faces.The numberof pixels of a faceis between5000
and15000.The camerais white balancedto the 3680K lamp. An exampleimageis
shown in figure3. The imageswerehandsegmentedinto facial skin areas,which are
usedin thefollowing for evaluatingthemethod.

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 the r andg chromaticity
dimensionsusingamodifiedKolmogorov-Smirnov test,whichrejectedthenull hypoth-
esisat a significancelevel of op�q[\-sr . Furthermore,empiricalquantile-quantileplots



weredone,seefigure4 for someexamples.It canbeseenthatnonof thedistributions
is normaldistributed.
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Fig. 4. Two examplesof quantile-quantileplotsof measureddata(chromaticities)versusstandard
normal.Theuppercurvesarein thered,thelower alongthegreenchromaticitydimension.

However, thedistributionsmight beapproximatedby their covariancematrix. The
truepositivesinsidethe85%confidenceellipses(shown in figure1) arecountedusing
equation2 andthepercentageis shown in figure5 (left). Theaverageis 88%.
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Fig. 5. Percentageof truepositivesusing85%confidenceellipseswith themeasuredcovariance
(left) andmodelledcovariance(right).

4.3 Physics based modelling of eigenspaces

TheimagestakenataCCT=3680Kwereusedto estimatetheparametersof themethod
as it wasdescribedin section3.1. Then the covariancematricesfor the CCT=2600,
4700,and6200K,respectively, weremodelledasdescribedin section3.2.

Figures6 and7 show exampleresultswith measuredandmodelledconfidenceel-
lipses.To allow comparisonof themeasuredandthemodelledcovariances,theireigen-
vectorsandeigenvaluesaregivenin table1. Theaveragedeviation betweenmeasured



andmodelledorientationis abouttu^ andmaximal v\- ]�^ . Theaveragedeviationbetween
thelengthsof thevectorsis 6 %.

Figure5 (right) shows the true positivesinside the 85% modelledconfidenceel-
lipses.Theaverageis 87%.Theareaof themodelledellipsesis in averagenot bigger
thantheareaof themeasuredones.
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Fig. 6. Skinchromaticitiesfor a Caucasiansubjectunderfour differentCCTs.Thesolid linesare
themeasuredellipsesandthedashedlinesarethemodelledellipses.
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Fig. 7. Skin chromaticitiesfor a Negrosubjectunderfour differentCCTs.Thesolid linesarethe
measuredellipsesandthedashedlinesarethemodelledellipses.

5 Discussion

The proposedmethodaims to estimatethe eigenspacesof an individual’s skin chro-
maticity distribution for illuminationswith arbitraryCCTs.We have testedthis for 8
very differentskin types,andwith 3 illuminationsfor each.Theaveragedeviation be-
tweenmeasuredandestimatedorientationsof theeigenspacesis abouttu^ andthemax-
imumabout +0[u^ . Theaveragedeviationbetweenthelengthsof thevectorsis about6%.



Table 1. Deviationsbetweenmeasuredandmodelleddatafor 3 testCCTsand8 subjects.The
angleerror is theanglebetweentheeigenvectors.Theeigenvalueerror is thedeviation between
the squarerootsof the measuredandmodelledeigenvaluesin %. The numbersin bracketsare
from theinitialisationdata.

illumi- angleerror eigenvalueerrorsin %
nation in degree first second
CCT mean max mean max mean max
2600 2.7 7.5 4.8 8.7 6.1 15.7

(3680) (0.3) (0.8) (0.0) (0.0) (0.0) (0.0)
4700 3.7 5.2 3.8 8.1 6.0 16.5
6200 4.5 9.8 6.5 12.2 8.0 16.9

Thedeviationsaredueto measurementnoiseduringthe imageacquisitionandthe
approximationsin modelling.The light spectraareapproximatedby blackbodyradi-
atorswhich very coarselymatchspectraof fluorescentlampsand, thus, introducea
smallerror, especiallyin thegreenchromaticity[12]. Furthermore,theassumptionthat
therangeof bloodconcentrationsis constantis convenient,but mayaswell contribute
to theerror.

If 85%confidenceellipsesareusedto approximatethedistributions,thenumberof
true positivesof the measuredpixels is in average88% for the measuredcovariances
and87%for themodelledcovariances.Hence,theskin distributionsmayfor practical
purposesbeapproximatedwith their covariances,whichwasalsoreportedin [15].

Themethodrequiresknowledgeaboutan(approximate)CCTof thecurrentillumi-
nation.This maybeestimatedfrom themeanvalueof themeasuredskin chromaticity
distributionor, moreaccurately, by methodsproposedin [11,13].

Figures1, 6, and7 show the distributionsof an Asian,a Caucasian,anda Negro
subject.A modelfor eachindividual is estimated.It canbeseenthat they differ from
eachother. If thisdifferenceis significantit mightbeusefulto trackanddistinguishthe
skinof multiple facesin animage.

6 Conclusions

This paperdemonstratedthat the eigenspaceof a two dimensionalskin chromaticity
distributioncanbemodelledfor differentilluminationsusingaphysics-basedapproach.
Theaverageorientationerroris abouttu^ , theaveragedeviation betweenthelengthsof
thevectorsis about6 %.

Theperformanceseemsto bewithin ausefulrangeto allow significantsupportof a
statisticalbasedapproachby improvingtherobustnessof thecolourbasedsegmentation
in facetrackingsystems.

In futurework theskin reflectionmodelcouldbe improvedby estimatingalsothe
blood concentrationasa parameter, andby thatpossiblyeliminatethe correctionma-
trix

j
.



Acknowledgements

We would like to thankall thepersonswho participatedin the imageacquisition.The
work wasfundedin partby theDanishNationalResearchCouncilproject“The Staging
of Virtual 3-D Spaces”.

References

1. Hans J. Andersenand Erik Granum. Classifying illumination condition from two light
sourcesby colour histogramassessment.Journal of the Optical Society of America A,
17(4):667–676,April 2000.

2. R. R. Anderson,J. Hu, andJ. A. Parrish. Optical radiationtransferin thehumanskin and
applicationsin in vivo remittancespectroscopy. In R. MarksandP. A. Payne,editors,Bio-
engineering and the Skin, chapter28,pages253–265.MTP PressLimited, 1981.

3. JamesL. Crowley andFrancoisBerard.Multi-modal trackingof facesfor videocommuni-
cations.In IEEE Conference on Computer Vision and Pattern Recognition, pages640–645,
PuertoRico,June1997.

4. GrahamD. FinlaysonandGeraldSchaefer. Solvingfor colourconstancy usingaconstrained
dichromaticreflectionmodel. International Journal of Computer Vision, 42(3):127–144,
May 2001.

5. BrianFunt,KobusBarnard,andLindsayMartin. Is machinecolourconstancy goodenough.
In HansBurkhardtandBernd Neumann,editors,5th European Conference on Computer
Vision, pages445–459,Freiburg, Germany, June1998.

6. StephenJ. McKenna,YogeshRaja, and ShaogangGong. Tracking colour objectsusing
adaptive mixturemodels.Image and Vision Computing, 17(3–4):225–231,1999.

7. Tomoyuki OhtsukiandGlennHealey. Usingcolorandgeometricmodelsfor extractingfacial
features.Journal of Imaging Science and Technology, 42(6):554–561,December1998.

8. Steven A. Shafer. Using color to separatereflectioncomponents.COLOR Research and
Application, 10(4):210–218,1985.

9. Maricor Soriano,Birgitta Martinkauppi,SamiHuovinen,andMika Laaksonen.Skin detec-
tion in videounderchangingilluminationconditions.In International Conference on Pattern
Recognition, volume1, pages839–842,Barcelona,Spain,September2000.

10. Martin SpenglerandBerntSchiele.Towardsrobustmulti-cueintegrationfor visualtracking.
In B. SchieleandG. Sagerer, editors,International Workshop on Computer Vision Systems,
volume2095of LNCS, pages93–106,Vancouver, Canada,July2001.

11. Moritz Störring, HansJ. Andersen,andErik Granum. Estimationof the illuminant colour
from humanskin colour. In 4th IEEE Intermational Conference on Automatic Face- and
Gesture-Recognition, pages64–69,Grenoble,France,March2000.

12. Moritz Störring, HansJ. Andersen,andErik Granum. Physics-basedmodellingof human
skin undermixedilluminants. Journal of Robotics and Autonomous Systems, 35(3–4):131–
142,June2001.

13. Moritz Störring, Erik Granum,andHansJ. Andersen.Estimationof the illuminant colour
usinghighlightsfrom humanskin. In First International Conference on Color in Graphics
and Image Processing, pages45–50,Saint-Etienne,France,October2000.

14. JochenTrieschandChristophvon derMalsburg. Self-organizedintegrationof adaptive vi-
sualcuesfor facetracking. In 4th IEEE Intermational Conference on Automatic Face- and
Gesture-Recognition, pages102–107,Grenoble,France,March2000.

15. JieYang,WeierLu, andAlex Waibel. Skin-colormodelingandadaptation.In RolandChin
andTing-ChuenPong,editors,3rd Asian Conference on Computer Vision, volume1352of
LNCS, pages687–694,HongKong,China,January1998.


