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Abstract

A large body of humanimageprocessingtechniquesuseskin detectionas
a �rst primitive for subsequentfeatureextraction.Well establishedmethods
of colourmodelling,suchashistogramsandGaussianmixturemodelshave
enabledtheconstructionof suitablyaccurateskin detectors.However such
techniquesarenot idealfor usein adaptiverealtimeenvironments.

We describemethodsof skin detectionusinga Self-OrganisingMap or
SOM,andshow performancecomparable(94%accuracy onfacialimages)to
conventionaltechniques.We alsointroducetheAXEON LearningProcessor
asthe basisfor a hardwareskin detector, andoutline the potentialbene�ts
of usingthis systemin a demandingenvironment,suchas�ltering Internet
traf�c, to whichconventionaltechniquesarenotbestsuited.

1 Intr oduction

Skinis arguablythemostwidely usedprimitivein humanimageprocessingresearch,with
applicationsrangingfrom facedetectionand persontracking to pornography�ltering.
Skin detectiontechniquescanbebothsimpleandaccurate,andsocanbefoundin many
commercialapplications,for examplethedrivereye trackerdevelopedby Ford UK [13].

At its simplest,skin pixel detectioncanbe basedon (say) the claim that a pixel of
colour
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is skinwhen
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or
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, or perhapsboth.Suchacriterionshowssome
independenceto theoverall illumination level, andcanbeappliedvery rapidly; however
its limitationsareobviousin all but themostcontrolledenvironments,wherethecolour
redcanappearonnon-skinobjects.

More elaborateskin detectorscanbe constructedif we have a collectionof labelled
pixels. A conceptuallysimple, if resourceintensive methodworks with a collectionof
(say) ������� bins,onefor eachpossiblecolourvalue1. Eachskinpixel from thetrainingset
is addedto thebin correspondingto its own colour;theresultingbin countsthengive the
observedfrequency of occurrenceof thatcolouramongstthetrainingpixels. It is natural
at thisstageto considerthisasaprobabilitydistribution: a thresholdis chosenandapixel
is identi�ed asskin if theprobabilityof its colouroccurringexceedsthis threshold.The
thresholdcanbe setso that95% of skin pixelsarecorrectlyidenti�ed, andthedetector
assessedby measuringfalseacceptancerateswith anon-skinset[2].

1It hasbeenshown [6] thateffective generalisationrequiresamuchsmallerhistograme.g.32binspercolour
channel.



The resultingdistribution is large, and dependson the choiceof training set, so it
is naturalto try to model its essentialfeatures. It hasbeendemonstrated[12] that the
skin colour distribution canbe well modelledby a mixture of Gaussians,giving a very
muchmorecompactdescriptionwith essentiallyno effect on the ability to distinguish
skin pixels in test,asopposedto training,situations.This methodhasshown reasonable
successin practise;McKennaetal [9] demonstrateatrackingsystembasedonmodelling
perobjectcolourdistributionsableto work atstandardframerates.

AlthoughtheGaussianmixturemodelprovidesa very succinctrepresentationof the
distribution explicit in thehistogram,it too hasa numberof problems.TheExpectation-
Maximisation(EM) algorithm[10] usedto �t a mixture modelto trainingdatarequires
that thenumberof distributionsusedbe speci�ed a priori ; in skin modellingthis is not
known accuratelyandis dependenton thecolourmodelused.Techniquesfor estimating
thenumberof clusters(modelorder) exist [1] but thereis nouniversalagreementonwhich
methodis mosteffective. The EM algorithmalsotakesno accountof the cyclic nature
of somecomponentsof popularcolourspaces,for examplehuein hue-saturation-value,
andoftenfurthercoordinatetransformsor translationsmustbeperformedfor bestresults.
Re-parameterisingor adaptinga mixture modelis alsooften requiredin objecttracking
applications,andis acomplex andintensive task.

Thereis thusreasonto seekan alternative way of gatheringandapproximatingthe
skin distribution, which requireslessdatapre-processingandprovidesa lessintensive
updateprocedurewhile still retainingthecompactnatureof themixturemodel.TheSelf-
OrganisingMap (SOM) [7] opensthepossibilityof skin detectionaseffective asthatby
a mixturemodel,but without thepracticaldif�culties.

This paperinvestigatestwo ways in which a SOM canbe usedto detectskin. The
resultsin Section4 suggestthereis little to choosebetweenthemixturemodelandSOM
in termsof accuracy of recognition;as suchthe practicalsimplicity, ability to retrain
rapidlyandhardwareimplementationprovidesigni�cant bene�ts in certainapplications.

Sections2 and3 brie�y introducetheSOM anddescribehow it canbeusedfor skin
detection.Section4 providesa performancecomparisonagainstthe mixture modelfor
facialskin detectionanddetailsperformanceon theCompaqdataset[6]. An outlineof a
hardwareimplementationusingtheAXEON LearningProcessoris presentedin Section5,
andwedraw conclusionsin Section6.

2 The SelfOrganisingMap

Devised by Kohonenin the early 80's, the SOM is now one of the most popularand
widely usedtypesof unsupervisedarti�cial neuralnetwork. It hasmainly beenusedto
�nd patternsin andclassifyhighdimensionaldata,althoughit worksequallyaswell with
low dimensionaldata.ThebasicSOM consistsof a 2-dimensionallattice
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of neurons.
Eachneuron�����
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hasanassociatedcodebookvector �

�

����	 . In whatfollows ��
 � ,
althoughin otherapplications� is oftenmuchlarger. Thelattice is eitherrectangularor
hexagonal(seeFigure1), with theconnectionswithin

�

determiningtheneighbourhoods
of a givenneuron.

Training the SOM involves�rst randomlyinitialising all the codebookvectorsand
thensequentiallypresentingeachtraining sample2. We �rst �x a metric on

�

, usually
2Othertrainingalgorithmsexist, see[7] for detailsof thebatchalgorithm.



= First, second and third neuron neighbourhoods

Figure1: The SOM Lattice. Latticesareeitherrectangularor hexagonal;this in turn
determineshow many neuronslie in eachneighbourhood.All skinextraction
experimentshave useda hexagonallattice.
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where� is thenumberof neuronsin thenetwork. Theneuronsin aspeci�c neighbourhood
of thewinningneuronthenhave their codebookvectorsadjustedto becloserto theinput
vectoraccordingto aparameterisedlearningfunction.As trainingprogresses,thelearning
rateandthe sizeof the affectedneighbourhoodaredecreased,andthe lattice gradually
formsa topologicallyorderedmapping(or featuremap)of thetrainingdata.

If necessary, a calibrationphasethentakesplace,wherelabelledtrainingdatais se-
quentiallypresentedto theSOM and,eachtime, thedatalabelandindex of thewinning
neuronrecorded.Eachneuronis thenassignedthelabelof thetypefor whichit `�red' the
most.Classi�cationcanthentakeplaceby presentingdataandlabellingwith thelabelof
thewinningneuroneachtime.

TheSOM packageusedin thesetestsis thefreely availableSOM PAK C implemen-
tation[8].

3 Approachesto Skin Detection

The �rst choicewhich mustbe madewhenbuilding any skin detectoris which colour
spaceto use.It is generallyagreedthatintensityhasa largeeffect on
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triplesand
thatit is desirableto removeanintensitycomponentbeforesubsequentanalysis,but there
is muchlessagreementon how theremainingtwo colourparametersshouldbede�ned.
We thereforetake an inclusive approach,andhave performedtestsusingthe following
four colourspaces,eachof whichhaspreviouslygivengoodresults.

Hue, Saturation and Value (HSV) Essentiallyadescriptionof colourspacein cylindri-
cal polars,theHSV colourspaceformsa hexacone,with blackat themainvertex



andwhite at thecentreof the base.The centralaxisof thehexaconegivesthe
�

co-ordinate,while
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is apolardescriptionof a pointon the`colourwheel'.

CartesianHue-Saturation (XY) A differentrepresentationof theaboveusingCartesian
ratherthanpolarco-ordinatesto describethecolourwheel:
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Tint, Saturation and Luminance (TSL) A morecomplex alternative to HSV proposed
andshown to beviablein [12].

NormalisedRG A colourmodelcommonlyusedin facedetection;it reducesthesensi-
tivity to illuminationchangeswhile stayingverycloseto the`usual'
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We have assumedno knowledgeof camerapropertiesthroughout,andso have avoided
CIE variantandsRGBcolourspaces.Oneinterpretationof somerecentwork [12] is that
thereis little bene�t to be gainedfrom cameraknowledgein the type of unconstrained
skindetectionwe considerhere.

In eachcasewecannow represent̀intensityinvariant' colourasa2-dimensionalvec-
tor � �

�

	

�	����� . For testingconsistency we assumethateachcomponentis equallylikely to
affect thechanceof a pixel beingskin, andhomogeneouslyrescaleeachcolourcompo-
nentso �
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� . Thesecolourvectorscannow beusedto trainaSOM.
The�rst of ourSOM-baseddetectorsrequirestrainingsolelyonskinpixels.Weobtain

skin pixelsfrom landmarkedfaceimagesasindicatedin Figure2. Thepixelswithin the
skinareasareformedinto arandomlyorderedlist andsequentiallypresentedto theSOM
asdescribedin Section2. Following training,classi�cationtakesplaceby measuringthe
quantisationerror, taken asthe Euclideandistancebetweenthe codebookvectorof the
winning neuronandthegivensample.Becausethe trainedSOM is essentiallya feature
mapof thetrainingdata,skin samplesarelikely to havea smallerquantisationerrorthan
non-skinsamples.A thresholdfor classi�cationis chosenandeachnew pixel is declared
to beskin if its quantisationerroris lower thanthis threshold.

Figure2: Skin pixel sampling.Areaswithin certainlandmarktrianglesareassumedto
containskin.

OursecondSOM-basedskindetectorsadditionallyrequiresasampleof non-skinpix-
els. Thesewere taken from a randomsampleof Internetimages,carefully �ltered to



remove imagescontaininghumans.The SOM is thentrainedon the randomlyordered
list of skin andnon-skinpixels. This list is alsousedto calibratetheSOM, labellingthe
neuronsaseitherskinor non-skin.Classi�cationtakesplaceasdetailedin Section2.

For our experiments,we have useda list of 30000skin pixels to train both theskin-
only SOM andalsoa Gaussianmixture model. Detailsof the mixture modelusedcan
befoundin [1]. A list containing15000skin pixelsanda secondlist of 15000non-skin
pixelswereusedto train theskin/non-skinSOM.

4 TestStrategyand PerformanceAnalysis

We have beenprimarily concernedwith detectingfaces,anddetectingskin in faceim-
ages,andsohaveusedtwo independentfaceimagesetsassourcesfor skin samples,both
of which areavaliablewith manuallylocatedlandmarks.The �rst, the AberdeenPilot
(AP) [3] consistsof 396frontal faceimagesgiving over2 million skin samplesusingthe
extractionmethodsummarisedin Figure2. Thesecond,theIlluminationCapture(IC) im-
ageset,consistsof 160frontal faceimagesundervariedlighting conditionsgiving around

�

� � � � � skinsamples.Wehavealsousedasampleof 4 million non-skinpixelstakenfrom
asetof 113imagescollectedthroughrandomwebbrowsing.Wediscardedpixelsof very
highandlow intensitydueto unstablehueandsaturationreadings.

Eachdetectorwastrainedseparatelyusinga�ltered randomsamplefrom eachdistinct
imageset,and then testedusing all the �ltered samplesfrom all 3 imagesets.For the
SOM detectorswe experimentedwith between16 and256 neuronsusinga hexagonal
lattice.Wevariedthethresholdsbothfor theskin-onlySOMandmixturemodelandeach
individual testwith aspeci�c trainingset,SOMsizeandthresholdwasrepeatedfor every
colourmodel.Wemeasuredcorrectdetectionratesfor eachof the3 imagesetsandranked
thecon�gurationsby bestaveragepercentage.Thetestswerecarriedout on a SunUltra
60,andboththeSOM PAK andClusterpackageswereusedwithoutmodi�cation.

In generaltherewaslittle differencein overall performancebetweendetectors.We
testedover300detectorcon�gurationsin all, andatbesteachdetectorwasableto achieve
anoverall averageof over 94%. Therewerehowever someimportantdifferenceswhich
becameapparentwhenwe lookedat thetop20-30resultsfor eachdetector.

Both SOM detectorswereableto achieve comparableresultswith all colourspaces,
but themixturemodelshowedconsistentlybetterresultswith thenormalisedRG colour
space.The plots in Figure3 of the AP training dataperhapsgivesan insight into this
behaviour, showing the normalisedRG representationto be arguably the most tightly
clustered.It is dif�cult to concludethat this is theonly explanation;theSOM detectors
howeverclearlyshow nosuchcolourmodel`preference'.

Although therewas little differencebetweentop performances,the skin only SOM
wasobservedto bethemostconsistentdetector. Boththemixturemodelandtheskin/non-
skin SOM showed a 5% performanceloss over their respective top 20 con�gurations,
while theskin-onlySOM showeda dropof lessthan1% over its top 30 con�gurations.
Thisobservationsuggeststhatchoiceof con�gurationis morecritical to theeffectiveness
of a mixturemodelthana SOM. Suchrobustbehaviour is desirable,especiallyin more
unconstrainedsituationssuchasskin pixel detectionin Internetimages.Wherethereis
little knowledgeof thecontentof images,it is dif�cult to tweakandtestdifferentcolour
modelsandparametersto improveresultsandsoa detectorwhichcanoffer nearoptimal
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Figure3: Cumulativehistogramsof the30000AberdeenPilot trainingpixelsin thefour
differentcolourspacestested.Theclustersin somecolourspacescanbemore
easilymodellingwith a Gaussianmixturemodel,or evena singleGaussian.

resultswith only aneducatedguessat con�gurationis potentiallyattractive.
It is alsoworth notingthattheskin-onlySOM performedmarginally (1-2%)but con-

sistentlybetterthanthe mixture modelin detectingskin pixels from the sameimageset
asthe trainingset. Onereasonfor this behaviour is the inherentlimitation of a mixture
modelto approximationusinga linear combinationof `elliptical clusters'. The HS plot
in Figure3 providesa goodexampleof a distribution whereusinga numberof overlap-
ping Gaussianscouldintroduceapproximationerrorsnot presentin theSOM, dueto the
unconstrained�e xibility of the lattice. However we only offer this asan intuitive expla-
nation;theSOM still resistsrigourousmathematicalanalysis,a discussionof therelative
argumentscanbefoundin [7].

Although the skin/non-skinSOM provided the best result of all our experiments
(95.5%),it wasgenerallylessconsistentthantheskin-onlySOM, However, testingstill
producedsomeusefulpoints.Figure4 shows theu-matrix [5] of theSOM con�guration
whichgavethebestresult.

Theu-matrixdemonstratesgraphicallytheSOM's ability to identify clustersin data;
there is a de�nite areaof neuronsrepresentingskin pixels borderinga larger areaof
looselyclusterednon-skinneurons.CertaincolourmodelsandSOMsizesshowedanum-
berof neuronswhich appearedto be in thewrongplaceor have thewronglabel,caused
by the overlapbetweenskin andnon-skindistributions. Although suchoccurencescan
beproblematic,their overall numbercanbeusedto give an ideaof theoverlapbetween
thedistributions;suchmeasureshave previouslyprovedusefulin choosingwhich colour
modelto use[12].

Despitethe obvious theoreticalandpracticaldif�culties with non-skinsamples,we
have beenableto constructa very simplebut effective skin detectorvery easily. Other
simplestatisticaldetectors,includinghistograms,havetendedto bemuchlargerandmore
rigid; theu-matrixhighlightstheSOM assmall, thresholdfree,easilyadaptive andalso
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Figure4: Theskin/non-skinu-matrix. Theu-matix is a commonlyusedgraphicalrep-
resentationof a SOM. Every second(labelled)hexagonrepresentsa neuron
in theSOM, andthe interlacing(un-labelled)hexagonsareshadedto repre-
sentthedistancebetweencodebookvectorsof adjacentneurons- the lighter
thehexagon,thecloserthecodebookvectors.This u-matrix representsa 64
neuronSOM trainedon 15000Illumination Captureskin pixels and15000
non-skinpixels from randomWeb imagesusing the normalisedRG colour
space. It shows the tight clusteringof skin neurons,with a clearborderof
relatively unclusterednon-skinneurons.

suitablefor hardwareimplementationasdiscussedin Section5.
Both SOM detectorsperformedwell with a varietyof differentSOM sizes;between

64and196neuronsgiving goodresultswith all colourmodels.Thisis quiteawiderange,
andalthoughcon�gurationis notcritical with theskin-onlySOM,it wouldbedesirableto
narrow it with furtherexperimentation,perhapslooking for trendstowardsoptimalsizes.
This couldpotentiallybedonewith a growing SOM [4], wherethenumberof neuronsis
dependenton quantisationerrorandvariableduring training. This growing behaviour is
not supportedby theSOM PAK.

Although facial skin detectionwasour primary aim, we have also performedtests
usingtheCompaqimagedatabase[6], whichconsistsof over13000randomWebimages
with marked up skin pixels, with no buttonsor icons. This provided over 80 million
labelledskin pixels andover 800 million non-skinpixels. We increasedthe numberof
randomtraining samplesto 200000(0.25%of the total Compaqskin samples)to cater
for themuchwider colourspreadin theCompaqset,andtraineda skin-onlySOM with
64 neuronsusingthe TS colour space(a randomlychosencon�guration from the skin-
only SOM top 30). Testingon the full Compaqsetwith a thresholdof 0.1 we achieved
accuracy of 78% on skin pixelsand68% on non-skinpixels. While this is a stepdown
from Jones'histogramresult[6] of 88%equalerror rate,it is encouraginggiventheuse
of lesstrainingdata,arbitrarychoiceof con�gurationandlessresource.We expectthata
largertrainingsampleandlargerSOMsizes(256+neurons)wouldgiveimprovedresults;
moreneuronswouldbettercover thewidercolourspread.



Figure5: Samplefacial skin detection.Skin detectionhasbeenperformedusinga 64
neuronskin-onlySOM trainedon 30000AberdeenPilot normalisedRG skin
sampleswith a thresholdof 0.02. Noneof thesetest imagesbelongto the
training set. The resultsare fairly mixed - de�nite successon imageswith
prominentfaces,but failureon morecomplex scenes.We alsonoteherethat
thetrainingsetcontainsmostlyCaucasiansubjects.

Figure5 showssomesampledetectionresults.Thesesamplesaretypicalof ourwider
resultsonindividualimages- showingreliablefacialskindetectiononimageswith promi-
nent faces,but fairly mixed resultswith moremulti-objectscenes.Many of theseraw
resultscouldbeimprovedwith post-processingtechniquessuchasshapeanalysisand/or
edge-basedsegmentation,but occurencesof, for example,skin colouredbuildingscould
still beproblematic.It is alsoworthwhilenoting thatwhile in theoryit couldbeargued
thatthefacialskincolourdistribution is representativeof full bodyskincolour, this is not
thecasewith unconstrainedInternetimagery. Thewider thespreadof theCompaqskin
sampleandourexperimentalresultsclearlysupportthis argument.



5 Hardware Implementation

Onedistinctbene�t of aSOMbasedapproachto skindetectionis theavailability of SOM
hardware. Discussionof someparticularhardware solutionsis provided by Kohonen
[7]; we howeverwill focuson theAXEON LearningProcessor, a parallelprocessorwith
a neuronarraycapableof 1 million classi�cationspersecondwith only moderateclock
speeds.It isdesignedsoit canbecheaplyincorporatedintomostmainstreamworkstations
andservers.

Thecombinationof fastversatilehardwarewith robustSOM skin detectionhaspo-
tentialapplicationin high speedor batchimageprocessingsystems,whereconventional
techniquesmayintroduceundesirableloadsor bottlenecks.Althoughbothhistogramsand
mixturemodelshaveprovedreasonablyeffectivein colourbasedimagesegmentationand
objecttracking[9, 11], thevery natureof the trainingandadaptionprocessmakesthem
unsuitablefor particularreal time situations. Thus, for example,pornography�ltering
softwareonacentralwebgatewayor proxycouldeasilyintroducefurtherprocessorload,
impairingconnectionhandlingperformance.Thehardwaresolutionis alsofavourablein
minimalistembeddedapplicationssuchasCCTV auto-trackingandin-careye detection
andmonitoring.TheSOMuseslessresourcethanthefrequentlyusedhistogramapproach
while additionallybeingeasilyadaptablein suchrapidlychangingenvironments.

Work is currentlytakingplaceto exploit thepower of theLearningProcessorin the
Web environment,with investigationsinto otherapplicablecoreimageprocessingtech-
niques,suchasfeaturedetection,takingplace.

6 Conclusions

We have introducedthe SOM asan effective statisticalmodel for skin colour distribu-
tions,andusedtheSOM to constructskin tonedetectorscomparableto thosebuilt with
conventionalhistogramandmixture model techniques.Our experimentson facial skin
haveachievedconsistentaccuracy of over94%.

ThebijectiveequivalencesbetweendifferentcolourspacesdonotpreserveGaussians;
assuchtheassumptionthatskin colourscanbemodelledasa mixtureof Gaussiansis a
differentassumptionin differentcolourspaces.Ourexperimentscon�rm thatthismatters
in practice.By contrasttheSOM is theoretically`coordinatefree' over a wide rangeof
choiceof input, andassuchwe avoid the problemof makinga choiceof colour repre-
sentation.Again theseresultshave con�rmed this to someextent in practice. We have
alsoeliminatedtheproblemof modelorderselection,andhave replacedit with the less
critical problemof decidingSOM size.

As well asdetectingfacialskin, we have shown goodresultsin themoredemanding
webbaseddetectionenvironment.This hasmotivatedhardwareimplementationwith the
LearningProcessor, whichalongwith theSOMspracticalityandadaptabilityhascreated
acorecolourimageprocessingcomponentwith someadvantagesovercurrentlyfavoured
methods.

In conclusion,we have exploredtheSOM asa skin detectiontool with practicalad-
vantagesover bothmixturemodelsandhistogramsin certaincircumstances.Our future
work aimsto build on thesecoreresults,andextendthe theoryinto actualapplications
whichexploit theseadvantages.
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