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Rapidandbrief communication

Do mixture modelsin chromaticityspaceimprove skin
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Abstract

This notereportsanexperimentwherea singleGaussianmodelandseveralGaussianmixturemodelswereusedto model
skin color in the rg chromaticityspace.By usingtrainingandtestdatabasescontainingmillions of skin pixels,we showthat
mixture modelscanimproveskin detection,but not always.Thereis a relevantoperatingregionwhereno performancegain
is observed.
? 2003PatternRecognitionSociety.Publishedby ElsevierLtd. All rights reserved.
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1. Introduction

The singleGaussianmodel (SGM) [1] hasbeenwidely
usedfor modelingtheskincolordistribution.Morerecently,
Gaussianmixturemodels(GMMs) havebeenproposedfor
this task(e.g.Refs.[2,3]), whereit wassuggestedthat they
could outperformSGM. However,theseworks do not pro-
vide an experimentalcomparisonof the two modelingap-
proachesfor skin color modeling.A detailedanalysison
their relativeperformancesis still lacking.

This note presentsan experimentalinvestigationwhich
aimsatcomparingperformancesof modelingskincolorwith
SGM andGMM in the rg chromaticityspace,which is the
mostpopularcolorspacefor skincolormodeling[4] Ñwhat
justi#esour choicefor it sincethe impactof a newresultis
larger.

Our experimentshowsan interestingresult.GMMs just
improve performancein a very speci#coperatingregion,
whentrueandfalsepositiveratesarehigh.

∗ Correspondingauthor.Tel.: +1-780-492-6084;fax: +1-780-
492-1071.

E-mail address: caetano@inf.ufrgs.br(T.S. Caetano).

2. Methodology

The methodologyusedin the experimentis describedas
follows:
Training and test sets: The #rst stepof the experiment

consistsof selectingrepresentativeskinsamplesfor training
andtesting.In the rg chromaticityspace,eachcolor is rep-
resentedby avectorv= (r; g), wherer = R=(R+ G+ B) and
g = G=(R + G + B). This work considersInternetimages,
which wereacquiredunderunknownconditions.Skin pix-
els were selectedby manuallycroppingskin regionswith
closedpolygonalcurves.Non-skinpixels werealsostored
for testpurposes.All testpixelswerelabeled asbeingskin
or not, oncethis is neededduring the evaluationstep.The
samplingwassystematic:(i) a total amountof 21,216,152
pixelswascollectedfrom peoplebelongingto severalethnic
groups,suchasCaucasian,African, HispanicandAsian;(ii)
pixels were acquiredfrom severalregionsof the human
skin, including the face, armsand legs; (iii) imagescon-
taining strong highlights and shadowsin skin areaswere
discarded.The#nal samplewasdivided in two equalparts:
one for training andthe other for testing,so eachcontain-
ing 10,608,076pixels.Thenon-skinpixels,which totalized
440,451,063,wereaddedto the testset.
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Fig. 1. A sampletest image(top left-original colored) andskin-likelihood imagesfor the SGM (top center)and for the DGM (top right).
ThegraphicshowstheROCcurvesfor bothSGM andDGM appliedto the image:the relativeperformancedependson theoperatingpoint.

Single Gaussian and Gaussian mixture modeling
(SGM-GMM): From the training set, a Gaussianmodel
is estimatedanalyticallyvia themaximum-likelihood(ML)
criterion andsevenmixture models(from 2 to 8 Gaussian
components)areestimatedvia theexpectation-maximization
algorithm [3], which also yields ML estimates.Given a
pixel with color coordinates(r; g), eachmodel returnsan
output proportional to the probability of this pixel being
skin. This outputwe call skin-likelihood.
ROC curves construction: Eachmodel is appliedto the

test set as follows. For eachpixel in the test set, the cor-
respondingoutput producedby the model is calculated.If
this value is abovea given threshold,the pixel is consid-
eredto be skin; otherwise,it is regardedasnon-skin.This
classi#cationresult is then comparedwith the correspon-
dent label for this pixel in order to determinehow many
skin pixelswerecorrectlyclassi#edasskin (true positives)
and how many non-skinpixels were incorrectly classi#ed
as skin (false positives).By settingmultiple thresholdsin
this scheme,we generatereceiveroperatingcharacteristics
(ROC) curves.Fig. 1 showsanexampleof a testimage,the
skin-likelihood imagesfor the SGM andthe doubleGaus-
sianmodel(DGM), andthecorrespondentROCcurves.

3. Results

The performanceevaluation scheme was applied to
the entire test set containing10,608,076skin pixels and

440,451,063non-skinpixels. Eight modelswereestimated
from the training set,with 1Ð8Gaussians.For eachmodel,
the correspondingROC curvewasgeneratedfollowing the
procedureoutlinedin Section2. Fig. 2 presentsa plot with
theROCcurvesfor theeightmodels.

Someconclusionsare obtainedby inspectingthe plots.
First, theSGM haspoorerperformancefor mediumto high
true positive rates(TPRs), while for low TPRsits perfor-
manceis comparableto thoseof the GMMs. Second,all
GMMs display very similar performanceover the whole
rangeof possibleoperatingpoints.Consequently,mixture
modelsare not necessarily the best option for skin color
modelingin rg chromaticityspace,but justunderthespecial
conditionof high TPRs.

4. Conclusions

This notehaspresenteda performanceevaluationof the
SGM and severalGMMs for the humanskin color repre-
sentation.An experimentalsetupwasdesignedwhereadata
set of skin pixels obtainedfrom Internetimageswas used
to train an SGM and sevenversionsof GMMs. The eight
modelsso obtainedwereappliedto a testsetalsocontain-
ing imagesfrom theInternet,but di$erentfrom thoseof the
training set. By labeling skin and non-skin regionsin the
test images,ROC curveswere computed.The analysisof
thosecurvesleadto two main conclusions.First, the SGM
exhibitsinferior averageperformancefrom mediumto high



T.S. Caetano et al. / Pattern Recognition 36 (2003) 3019–3021 3021

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

False positive rate

Tr
ue

 p
os

itiv
e 

ra
te 1-gaussian model

2-gaussian model
3-gaussian model
4-gaussian model
5-gaussian model
6-gaussian model
7-gaussian model
8-gaussian model

Fig. 2. ROC curvesfor the SGM andfor the severalGMMs obtainedby applyingthe modelsto the entire testset.

TPRs.Second,the GMMs averageperformancesare very
similar. Theseresultssuggestthat skin color mixture mod-
els may be moreappropriatethanthe SGM just whenhigh
correctdetectionratesareneeded.

We arecurrentlyworking on evaluatingthe relativeper-
formancesof SGM andGMMs for di$erentcolor spacesin
anevenlargerskin database.
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