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Abstract

A large body of humanimageprocessingechniquesuseskin detectionas
a rst primitive for subsequerfeatureextraction. Well establisheanethods
of colour modelling,suchashistogramsand Gaussiammixture modelshave
enabledthe constructionof suitablyaccurateskin detectors.However such
techniquesrenotidealfor usein adaptve realtime ervironments.

We describemethodsof skin detectionusinga Self-OmganisingMap or
SOM,andshav performanceomparabl¢94%accurag onfacialimages)o
corventionaltechniquesWe alsointroducethe AXEON LearningProcessor
asthe basisfor a hardware skin detector and outline the potentialbene ts
of usingthis systemin a demandingervironment,suchas ltering Internet
traf ¢, to which corventionaltechniquesrenotbestsuited.

1 Intr oduction

Skinis arguablythemostwidely usedprimitivein humanimageprocessingesearchwith
applicationsrangingfrom face detectionand persontrackingto pornographyltering.
Skin detectiontechniqueganbe both simpleandaccurateandso canbefoundin mary
commerciabpplicationsfor examplethe driver eye tracker developedoy Ford UK [13].

At its simplest,skin pixel detectioncan be basedon (say)the claim that a pixel of
colour is skinwhen or , or perhapsoth. Suchacriterionshovs some
independencto the overallillumination level, andcanbe appliedvery rapidly; however
its limitations are obviousin all but the mostcontrolledervironmentswherethe colour
redcanappeaion non-skinobjects.

More elaborateskin detectorscanbe constructedf we have a collectionof labelled
pixels. A conceptuallysimple,if resourceintensve methodworks with a collection of
(say) bins,onefor eachpossiblecolourvalue!. Eachskin pixel from thetrainingset
is addedo thebin correspondingo its own colour; theresultingbin countsthengive the
obsenredfrequeng of occurrencef thatcolouramongsthetraining pixels. It is natural
atthis stageto considetthis asa probabilitydistribution: athresholds choseranda pixel
is identi ed asskinif the probability of its colour occurringexceedshis threshold. The
thresholdcanbe setso that 95% of skin pixels are correctlyidenti ed, andthe detector
assesselly measuringdalseacceptanceateswith anon-skinset[2].

11t hasbeenshawn [6] thateffective generalisatiomequiresamuchsmallerhistograme.g. 32 binspercolour
channel.



The resultingdistribution is large, and dependson the choice of training set, so it
is naturalto try to modelits essentiafeatures. It hasbeendemonstrated12] thatthe
skin colour distribution canbe well modelledby a mixture of Gaussiansgiving a very
much more compactdescriptionwith essentiallyno effect on the ability to distinguish
skin pixelsin test,asopposedo training, situations.This methodhasshavn reasonable
succes$ practiseMcKennaetal [9] demonstratatrackingsystembasedn modelling
perobjectcolourdistributionsableto work at standardramerates.

Althoughthe Gaussiammixture modelprovidesa very succinctrepresentationf the
distribution explicit in the histogram|t too hasa numberof problems.The Expectation-
Maximisation(EM) algorithm[10] usedto t a mixture modelto training datarequires
thatthe numberof distributionsusedbe speci ed a priori; in skin modellingthis is not
known accuratelyandis dependenon the colour modelused.Techniquegor estimating
thenumberof clusterdmodelorder) exist[1] butthereis nouniversalagreemenvnwhich
methodis mosteffective. The EM algorithmalsotakesno accountof the cyclic nature
of somecomponent®f popularcolour spacesfor examplehuein hue-saturation-alue,
andoftenfurthercoordinategransformsor translationsnustbe performedor bestresults.
Re-parameterisingr adaptinga mixture modelis alsooftenrequiredin objecttracking
applicationsandis a complex andintensie task.

Thereis thusreasonto seekan alternatve way of gatheringand approximatingthe
skin distribution, which requireslessdatapre-processingnd provides a lessintensie
updateprocedurevhile still retainingthe compaciatureof the mixturemodel. The Self-
OrganisingMap (SOM) [7] opensthe possibility of skin detectionaseffective asthatby
amixture model,but without the practicaldif culties.

This paperinvestigategwo waysin which a SOM canbe usedto detectskin. The
resultsin Sectiond suggesthereis little to choosebetweerthe mixture modelandSOM
in termsof accuray of recognition;as suchthe practical simplicity, ability to retrain
rapidly andhardwareimplementatiorprovide signi cant bene tsin certainapplications.

Sections2 and3 brie y introducethe SOM anddescribehow it canbe usedfor skin
detection. Section4 providesa performancecomparisoragainstthe mixture modelfor
facialskin detectionanddetailsperformanceon the Compacdataset[6]. An outlineof a
hardwareimplementationusingthe AXEON LearningProcessoais presenteih Sectiorb,
andwe draw conclusionsn Section6.

2 The SelfOrganisingMap

Devised by Kohonenin the early 80's, the SOM is now one of the mostpopularand
widely usedtypesof unsupervisedrti cial neuralnetwork. It hasmainly beenusedto
nd patterngn andclassifyhigh dimensionatiata,althoughit worksequallyaswell with
low dimensionaldata. The basicSOM consistof a 2-dimensionalattice  of neurons.
Eachneuron hasanassociatedodebookvector . In whatfollows ,
althoughin otherapplications is oftenmuchlarger. Thelatticeis eitherrectangulaor
hexagonal(seeFigurel), with the connectionsvithin  determininghe neighbourhoods
of agivenneuron.

Training the SOM involves rst randomlyinitialising all the codebookvectorsand
then sequentiallypresentingeachtraining samplé. We rst x ametricon , usually

20thertrainingalgorithmsexist, see[7] for detailsof the batchalgorithm.
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Figure 1: The SOM Lattice. Latticesare eitherrectangulaor hexagonal;this in turn
determineshow mary neurondie in eachneighbourhoodAll skin extraction
experimentshave useda hexagonallattice.

Euclideanor Manhattan.Each is presentedsan input vectorto all neuronsin
thenetwork, andthewinningneuron  with codeboolvector is determinedsothat

where isthenumberf neuronsn thenetwork. Theneuronsn aspeci ¢ neighbourhood
of thewinning neuronthenhave their codebookvectorsadjustedo be closerto theinput
vectoraccordingo aparameterisetbarningfunction. Astrainingprogresseshelearning
rate andthe size of the affectedneighbourhoodire decreasedandthe lattice gradually
formsatopologicallyorderedmapping(or featuremap)of thetraining data.

If necessarya calibrationphasethentakesplace,wherelabelledtraining datais se-
guentiallypresentedo the SOM and,eachtime, the datalabelandindex of the winning
neuronrecorded Eachneuronis thenassignedhelabelof thetypefor whichit " red' the
most.Classi cationcanthentake placeby presentinglataandlabellingwith the labelof
thewinning neuroneachtime.

The SOM packageausedin thesetestsis the freely available SOM_PAK C implemen-
tation[8].

3 Approacheso Skin Detection

The rst choicewhich mustbe madewhen building ary skin detectoris which colour
spaceo use.lt is generallyagreedhatintensityhasa large effecton triplesand
thatit is desirabldo remove anintensitycomponenbeforesubsequerdanalysisput there
is muchlessagreemenbn haw the remainingtwo colour parametershouldbe de ned.
We thereforetake aninclusive approachandhave performedtestsusingthe following
four colourspacesgachof which haspreviously givengoodresults.

Hue, Saturation and Value (HSV) Essentiallyadescriptionof colourspacen cylindri-
cal polars,the HSV colour spaceforms a hexacone with black at the main vertex



andwhite at the centreof the base. The centralaxis of the hexaconegivesthe
co-ordinatewhile is a polardescriptionof a pointon the “colourwheel'.

Cartesian Hue-Saturation (XY) A differentrepresentationf theaboseusingCartesian
ratherthanpolarco-ordinateso describehe colourwheel:

Tint, Saturation and Luminance (TSL) A morecomple alternative to HSV proposed
andshawvn to beviablein [12].

Normalised RG A colourmodelcommonlyusedin facedetection;t reduceghe sensi-
tivity to illumination changesvhile stayingvery closeto the “usual'

We have assumedo knowledgeof camerapropertiesthroughout,andso have avoided
CIE variantandsRGBcolourspacesOneinterpretatiorof somerecentwork [12] is that
thereis little bene t to be gainedfrom cameraknowledgein the type of unconstrained
skin detectionwe considerhere.

In eachcasewe cannow representintensityinvariant' colourasa 2-dimensionaVvec-

tor . For testingconsisteng we assumehateachcomponents equallylikely to
affect the chanceof a pixel beingskin, andhomogeneouslyescaleeachcolour compo-
nentso . Thesecolourvectorscannow beusedto traina SOM.

The rst of ourSOM-basedletectorsequiregrainingsolelyonskinpixels. We obtain
skin pixelsfrom landmarlkedfaceimagesasindicatedin Figure2. The pixelswithin the
skinareasareformedinto arandomlyorderedist andsequentiallypresentedo the SOM
asdescribedn Section2. Following training, classi cationtakesplaceby measuringhe
guantisatiorerror, taken asthe Euclideandistancebetweenthe codebookvector of the
winning neuronandthe givensample.Becauséhe trainedSOM is essentiallya feature
mapof thetrainingdata,skin samplesarelik ely to have a smallerquantisatiorerrorthan
non-skinsamplesA thresholdfor classi cationis choserandeachnew pixel is declared
to beskinif its quantisatiorerroris lower thanthis threshold.

Figure 2: Skin pixel sampling.Areaswithin certainlandmarktrianglesareassumedo
containskin.

OursecondSOM-basedkin detectorsadditionallyrequiresa sampleof non-skinpix-
els. Thesewere taken from a randomsampleof Internetimages,carefully Itered to



remove imagescontaininghumans. The SOM is thentrainedon the randomlyordered
list of skin andnon-skinpixels. This list is alsousedto calibratethe SOM, labellingthe
neuronsaseitherskin or non-skin.Classi cationtakesplaceasdetailedin Section2.

For our experimentswe have useda list of 30000skin pixelsto train both the skin-
only SOM andalsoa Gaussiammixture model. Details of the mixture modelusedcan
befoundin [1]. A list containingl5000skin pixelsanda secondist of 15000non-skin
pixelswereusedto train the skin/non-skinSOM.

4 TestStrategy and Performance Analysis

We have beenprimarily concernedvith detectingfaces,anddetectingskin in faceim-
agesandsohave usedtwo independentaceimagesetassourcedor skin samplesboth
of which are avaliable with manuallylocatedlandmarks. The rst, the AberdeenPilot
(AP) [3] consistxof 396 frontal faceimagesgiving over 2 million skin samplesusingthe
extractionmethodsummariseéh Figure2. Thesecondthelllumination Capturg(IC) im-
ageseteonsistof 160frontal faceimagesundervariedlighting conditionsgiving around

skinsamplesWe have alsouseda sampleof 4 million non-skinpixelstakenfrom
asetof 113imagescollectedthroughrandonmwebbrowsing. We discardegixelsof very
high andlow intensitydueto unstablehueandsaturatiorreadings.

Eachdetectomwastrainedseparatelysinga Itered randomsamplefrom eachdistinct
imagesetandthentestedusing all the Itered samplesfrom all 3 imagesets.For the
SOM detectorswe experimentedwith betweenl6 and 256 neuronsusing a hexagonal
lattice. We variedthethreshold$othfor the skin-only SOM andmixture modelandeach
individualtestwith aspeci c trainingset,SOM sizeandthresholdvasrepeatedor every
colourmodel.We measuredorrectdetectiorratesfor eachof the3 imagesetandranked
the con gurationsby bestaveragepercentageThetestswerecarriedout on a SunUItra
60, andboththe SOM_PAK andClusterpackagesvereusedwithout modi cation.

In generaltherewaslittle differencein overall performanceéetweendetectors.We
testedbver300detectoicon gurationsin all, andatbesteachdetectomwasableto achieve
anoverall averageof over 94%. Therewerehowever someimportantdifferencesvhich
becameapparentvhenwe lookedat thetop 20-30resultsfor eachdetector

Both SOM detectoravereableto achieve comparableesultswith all colourspaces,
but the mixture modelshaved consistentlybetterresultswith the normalisedRG colour
space. The plotsin Figure 3 of the AP training dataperhapsgivesan insightinto this
behaiour, shaving the normalisedRG representatiorio be arguably the mosttightly
clustered.lIt is dif cult to concludethatthis is the only explanation;the SOM detectors
however clearly shav no suchcolourmodel preference'.

Although therewaslittle differencebetweentop performancesthe skin only SOM
wasobsenedto bethemostconsistentetector Boththemixturemodelandtheskin/non-
skin SOM shaowved a 5% performancdoss over their respectie top 20 con gurations,
while the skin-only SOM showved a drop of lessthan 1% over its top 30 con gurations.
This obsenationsuggestshatchoiceof con gurationis morecritical to the effectiveness
of a mixture modelthana SOM. Suchrobustbehaiour is desirable gspeciallyin more
unconstrainedituationssuchasskin pixel detectionin Internetimages.Wherethereis
little knowledgeof the contentof imagesiit is dif cult to tweakandtestdifferentcolour
modelsandparameterso improve resultsandsoa detectoiwhich canoffer nearoptimal
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Figure 3: Cumulative histogram®f the 30000AberdeerPilot trainingpixelsin thefour
differentcolourspacesested.Theclustersn somecolourspacesanbemore
easilymodellingwith a Gaussiammixture model,or evenasingleGaussian.

resultswith only aneducatedjuessat con gurationis potentiallyattractve.

It is alsoworth notingthatthe skin-only SOM performedmanminally (1-2%)but con-
sistentlybetterthanthe mixture modelin detectingskin pixels from the sameimageset
asthetraining set. Onereasorfor this behaiour is theinherentlimitation of a mixture
modelto approximationusinga linear combinationof “elliptical clusters'. The HS plot
in Figure3 providesa goodexampleof a distribution whereusinga numberof overlap-
ping Gaussiangouldintroduceapproximatiorerrorsnot presenin the SOM, dueto the
unconstrainede xibility of thelattice. However we only offer this asanintuitive expla-
nation;the SOM still resistsrigourousmathematicainalysis a discussiorof therelative
argumentsanbefoundin [7].

Although the skin/non-skinSOM provided the bestresult of all our experiments
(95.5%),it wasgenerallylessconsistenthanthe skin-only SOM, However, testingstill
producedsomeusefulpoints. Figure4 shavs the u-matrix[5] of the SOM con guration
which gave thebestresult.

Theu-matrixdemonstrategraphicallythe SOM's ability to identify clustersin data;
thereis a de nite areaof neuronsrepresentingskin pixels borderinga larger areaof
looselyclusterechon-skinneurons CertaincolourmodelsandSOM sizesshovedanum-
ber of neuronswhich appearedo bein thewrongplaceor have thewronglabel, caused
by the overlapbetweenskin and non-skindistributions. Although suchoccurencesan
be problematic their overall numbercanbe usedto give anideaof the overlapbetween
thedistributions;suchmeasuresave previously provedusefulin choosingwhich colour
modelto use[12].

Despitethe obvious theoreticaland practicaldif culties with non-skinsampleswe
have beenableto constructa very simple but effective skin detectorvery easily Other
simplestatisticaldetectorsincludinghistogramshavetendedo bemuchlargerandmore
rigid; the u-matrix highlightsthe SOM assmall, thresholdfree, easilyadaptve andalso
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Figure 4: The skin/non-skinu-matrix. The u-matixis a commonlyusedgraphicalrep-
resentatiorof a SOM. Every second(labelled)hexagonrepresents neuron
in the SOM, andthe interlacing(un-labelled)hexagonsare shadedo repre-
sentthe distancebetweencodebookvectorsof adjacenneurons thelighter
the hexagon,the closerthe codebookvectors. This u-matrix represents 64
neuronSOM trainedon 15000 Illlumination Captureskin pixels and 15000
non-skinpixels from randomWeb imagesusing the normalisedRG colour
space. It shaws the tight clusteringof skin neuronswith a clear borderof
relatively unclusteredon-skinneurons.

suitablefor hardwareimplementatiorasdiscussedn Section5.

Both SOM detectorperformedwell with a variety of differentSOM sizes;between
64 and196neurongyiving goodresultswith all colourmodels.Thisis quiteawiderange,
andalthoughcon gurationis notcritical with theskin-only SOM, it would bedesirableo
narrow it with furtherexperimentationperhapdooking for trendstowardsoptimalsizes.
This could potentiallybe donewith a growing SOM [4], wherethe numberof neuronds
dependenbn quantisatiorerror andvariableduringtraining. This growing behaiour is
notsupportedy the SOM_PAK.

Although facial skin detectionwas our primary aim, we have also performedtests
usingthe Compagmagedatabas¢g], which consistsof over 13000randomWebimages
with marked up skin pixels, with no buttonsor icons. This provided over 80 million
labelledskin pixels and over 800 million non-skinpixels. We increasedhe numberof
randomtraining samplego 200000(0.25% of the total Compaqgskin samples}o cater
for the muchwider colour spreadn the Compagset,andtraineda skin-only SOM with
64 neuronsusingthe TS colour space(a randomlychosencon guration from the skin-
only SOM top 30). Testingon the full Compagsetwith a thresholdof 0.1 we achieved
accuray of 78% on skin pixelsand68% on non-skinpixels. While this is a stepdown
from Jones'histogramresult[6] of 88% equalerrorrate, it is encouragingiventhe use
of lesstrainingdata,arbitrarychoiceof con gurationandlessresource We expectthata
largertrainingsampleandlarger SOM sizes(256+neuronswould give improvedresults;
moreneuronsvould bettercoverthewider colourspread.



Figure 5: Samplefacial skin detection. Skin detectionhasbeenperformedusinga 64
neuronskin-only SOM trainedon 30000AberdeerPilot normalisedR G skin
sampleswith a thresholdof 0.02. None of thesetestimagesbelongto the
training set. The resultsarefairly mixed - de nite succes®n imageswith
prominentfaces put failure on morecomplex scenesWe alsonoteherethat
thetraining setcontainsmostly Caucasiarsubjects.

Figure5 shavs somesampledetectiorresults. Thesesamplesretypical of ourwider
resultsonindividualimages showingreliablefacialskindetectioronimageswith promi-
nentfaces,but fairly mixed resultswith more multi-objectscenes.Many of theseraw
resultscould beimprovedwith post-processintechniquesuchasshapeanalysisand/or
edge-basedggmentationjput occurence®f, for example,skin colouredbuildings could
still be problematic.It is alsoworthwhile noting thatwhile in theoryit could be argued
thatthefacialskin colourdistributionis representatie of full bodyskin colour, thisis not
the casewith unconstrainednternetimagery The wider the spreadof the Compagskin
sampleandour experimentaresultsclearly supportthis argument.



5 Hardware Implementation

Onedistinctbene t of a SOMbasedapproacho skindetectioris theavailability of SOM
hardware. Discussionof someparticularhardware solutionsis provided by Kohonen
[7]; we howeverwill focusonthe AXEON LearningProcessqra parallelprocessowith
aneuronarray capableof 1 million classi cationsper secondwith only moderateclock
speedsilt is designedoit canbecheaplyincorporatednto mostmainstreanworkstations
andseners.

The combinationof fastversatilehardwarewith robust SOM skin detectionhaspo-
tential applicationin high speedor batchimageprocessingystemswherecorventional
techniquesnayintroduceundesirabléoadsor bottlenecksAlthoughbothhistogramsnd
mixturemodelshave provedreasonableffectivein colourbasedmagesegmentatiorand
objecttracking[9, 11], the very natureof the training andadaptionprocessnakesthem
unsuitablefor particularreal time situations. Thus, for example, pornographyltering
softwareon a centralwebgatevay or proxy couldeasilyintroducefurtherprocessoload,
impairing connectiorhandlingperformanceThe hardwaresolutionis alsofavourablein
minimalistembeddedpplicationssuchas CCTV auto-trackingandin-car eye detection
andmonitoring. The SOM usedessresourcghanthefrequentlyusechistogramapproach
while additionallybeingeasilyadaptablén suchrapidly changingervironments.

Work is currentlytaking placeto exploit the power of the LearningProcessoim the
Web environment,with investigationsnto otherapplicablecoreimageprocessingech-
nigues,suchasfeaturedetectiontakingplace.

6 Conclusions

We have introducedthe SOM as an effective statisticalmodelfor skin colour distribu-
tions,andusedthe SOM to constructskin tonedetectorccomparableo thosebuilt with
corventionalhistogramand mixture modeltechniques.Our experimentson facial skin
have achievedconsistenticcurag of over 94%.

Thebijective equivalencebetweerdifferentcolourspacesionot presere Gaussians;
assuchthe assumptiorthat skin colourscanbe modelledasa mixture of Gaussianss a
differentassumptiorin differentcolourspacesOur experimentscon rm thatthismatters
in practice. By contrastthe SOM is theoretically coordinatefree’ over a wide rangeof
choiceof input, andas suchwe avoid the problemof makinga choiceof colour repre-
sentation.Again theseresultshave con rmed this to someextentin practice. We have
alsoeliminatedthe problemof modelorderselection,andhave replacedt with theless
critical problemof decidingSOM size.

As well asdetectingfacial skin, we have shavn goodresultsin the moredemanding
webbasedetectionervironment. This hasmotivatedhardwareimplementatiorwith the
LearningProcessqmvhich alongwith the SOMspracticalityandadaptabilityhascreated
acorecolourimageprocessingomponentvith someadvantage®ver currentlyfavoured
methods.

In conclusionwe have exploredthe SOM asa skin detectiontool with practicalad-
vantagesver both mixture modelsandhistogramsn certaincircumstancesOur future
work aimsto build on thesecoreresults,and extendthe theoryinto actualapplications
which exploit theseadvantages.
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