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Abstract

We presenta techniquefor robustly and automatically
detecta setof userselectedacial featuresin images, like
the eye pupils, the tip of the nose the mouthcente, etc.
Basedon a speci ¢ architectue of heteogeneousneurl
layers, the proposedsystemautomaticallysynthesisesim-
ple problem-speci cfeature extractors and classi ers from
a training set of faceswith annotatedfacial featules. Af-
ter training, the facial feature detectionsystenmactslike a
pipeline of simple Iter s that treatsthe raw input faceim-
age asawholeandbuilds globalfacial featuie mapswhese
facial featue positionscan easilybe retrievedby a simple
search for global maxima.We experimentallyshowthat our
methods veryrobustto lighting andposevariationsaswell
asnoiseandpartial occlusions.

1. Intr oduction

Automatic facial featuredetectionis becominga very
importanttaskin applicationssuchas model-based/ideo
coding, facial image animation, face recognition, facial
emotionrecognition,visual speechunderstandingandin-
telligenthuman-computeinteraction.

Numerousapproachegor facial featuredetectionhave
beerproposedn thelastdecadeMostof themuseindepen-
dentfacialfeaturedetectorsThesedetectorgenerallyrely
on hand-designedters thataim at segmentingvisual fea-
turesusingimagepropertiesuchasedgesintensity colour,
motion,or generalisedneasure§l6, 15]. Otherapproaches
are basedon statisticaltemplatematchingor MLP-based
classi erswheresereral correlationtemplatesare usedto
detectpotentialfacialfeatureqeigenfeaturefl1]). Thede-
tectedvisual featuresarethenselectedisinga global con-
ceptof facethroughconstellationanalysisusing facege-
ometry constraintg7, 9]. Active AppearanceModels[3]
(AAMSs) have alsobeenrecentlyusedto predictfacial fea-
ture locations,by attemptingto matcha facemodelto an
unseerfacethroughadaptatiorof the parameter®sf a lin-
ear modelwhich combinesshapeand texture. Compared

to most previous approachesAAMs have the adwvantage
of embeddindearntgeometricalshape)onstraintsiuring

facial featuredetection,but they rely on an unstableopti-

misationprocedurevhich depend®n hundredf parame-
tersencodingshapeandtexturevariations.The maindraw-

back of theseapproachess that the performanceof inde-

pendentfeaturedetectionor linear facemodelmatchingis

signi cantly in uencedby noise,occlusionsandespecially
changesn illumination conditions.

In this paperwe proposeanovel neural-basethcialfea-
ture detectionschemethat is designedo preciselylocate
facialfeaturesn facesof variablesizeandappearancep-
tatedup to 30 degreesin imageplaneandturnedup to

60 degrees,in complec realworld images.The proposed
systemprocesse$aceimagesautomaticallyextractedby a
facedetector[6], i.e. facesthat are not perfectly centred
andundego slight scaleandposevariations.It consistof
several neuralnetwork componentgorming a pipeline of
imagetransformationsAs all componentaresequentially
connectedthe systemcanbe trainedby simply presenting
inputimageanddesiredoutput,i.e. true featurepositions.
Global constraintsencodingthe face model are automati-
cally learntandimplicitly usedin the detectiorprocess.

The remainderof the paperis organisedasfollows. In
section2, we describethe architectureof the proposeda-
cial featuredetector In sections3 and4, we explaintheway
we train andapply the facial featuredetector In section5,
we assesgshe ef ciency of our approachby analysingits
precisionandits sensitvity with respecto noiseandlevel
of occlusion.Someexperimentatesultsobtainedon differ-
entinternationaldatasetsarealsopresentedo demonstrate
the effectivenessaandrobustnesof the proposedapproach.
Finally, conclusionsaredrawn in section6.

2. Ar chitecture of the facial feature detector

The proposedneural architectureis a speci ¢ type of
neuralnetwork consistingof six layerswherethe rst layer
is the input layer, the three following layers are cornvo-
lutional layers and the last two layers are standardfeed-
forward neuronlayers. The aim of the systemis to learn
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Figure 1. Some input images and desired output feature
maps (right and left eye, nose tip and mouth centre).

how to transforma raw input faceimageinto desiredout-
put featuremapswherefacial featuresare highlighted(see
Fig.1). Fig.2 givesanoverview of thearchitecture.
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Figure 2. Architecture of the facial feature detector

The retinal; recevesa croppedfaceimage of 46x56
pixels, containinggrey valuesnormalisedbetween 1 and
+1. No further pre-processingjk e contrastenhancement,
noisereductionor ary otherkind of ltering is performed.

The secondlayer |, consistsof four so-calledfeature
mapswhich are all connectedto the input map as fol-
lows: eachunit of a featuremap recevesits input from
a set of neighbouringunits of the input map (retina) as
shawn in Fig.3. This setof neighbouringunitsis oftenre-
ferredto asa local receptive eld, a conceptwhich is in-
spiredby HubelandWiesels discovery of locally-sensitve,
orientation-selectie neuronsin the cat visual system][8].
Suchlocalconnectiondiave beenusedmary timesin neural
modelsof visual learning[5, 10, 12]. They allow extract-
ing elementaryisualfeaturessuchasorientededgesgend-
pointsor cornerswhich arethen combinedby subsequent
layersin orderto detecthigherorderfeatures.Clearly, the
positionof particularvisual featurescanvary considerably
in theinputimagebecausef distortionsor shifts. Addition-
ally, anelementaryfeaturedetectorcanbe usefulin several
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Figure 3. Example of a 5x5 convolution map follo wed by
a 2x2 subsampling map

partsof theimage. For this reasoneachunit of a feature
mapsharests weightswith all otherunits of the samefea-
turemapsothateachmaphasa x edfeaturedetector Thus,
eachfeaturemapyy; of layerl, is obtainedby convolving
theinput mapy; with atrainablekernelwy; :

yai (X;y) = Woi (U; V) y1(X + Uy + V) + by ;
(uv)2K

whereK = f(u;v)j0 u<s,and0 v < sygand
byi 2 R is atrainablebias which compensatefor light-
ing variationsin theinput. In our system the four feature
mapsof the secondayerperformeacha different7x7 con-
volution (sy = sy = 7). Notethatthesizeof the obtained
convolutionalmapsin |, is smallerto avoid bordereffects
in the corvolution.

Thethird layerls subsampleds input featuremapsinto
maps of reduceddimensionby locally averaging neigh-
bouring units. In fact, it performsa corvolution of the
precedingfeaturemapsy,; with a 2x2 kernelwith iden-
tical weightsws; (Fig.3). A trainablebias bs; is added
and,unlike the secondayer, a sigmoidactivation function
( x) = arctan(x) is applied:

Y (X y) = wg Y2j (2X+ U; 2y + V) + by;
(u;v)2f 0;192

Thegoalof thislayeris to make the systemesssensitve to
smallshifts, distortionsandvariationsin scaleandrotation
of theinputatthe costof someprecision.

Layer l4 is anothercorvolutional layer and consistsof
only onefeaturemap. Basically it worksin the sameway
asthesecondayerbut performs5x5insteacbf a 7x7 convo-
lutions. Furthermoreit combineghe corvolutionresultsof
thefour precedingsubsamplingnapsinto onefeaturemap;
it extractshigherlevel featureshy fusing the resultsof the
low-level featuredetectors.

While the previous layersact principally asfeatureex-
tractionlayers,layersls andlg transformthelocalinforma-
tion into a moreglobal model. Layer |5 is composedf a
reducechumberof neurondully connectedo layerl, andis
dedicatedo learnmodels(or constellationspf featuresand
to activatethetargetedpositionsin the outputfeaturemaps.
This part of the network was inspiredby auto-associative
neural networks which are trainedto reproducean input
(pattern)by meansof a hiddenlayer containingmuchless



Figure 4. Virtual images created by applying various ge-
ometric transf ormations

neuronsthanthe input dimension. It hasbeenshavn that
auto-associate neuralnetworks effectively performa di-
mensionalityreductionequivalentto the oneproducedoy a
Principal ComponentAnalysis (PCA). In our case,we do
notwantto reproducetheinput but insteadto associatehe
outputof the featuremapin layerl, with the desiredout-
put of layerlg. In thatway, we only allow the activation
of certainconstellation®f featuresn layerlg. This global
processingtepmakesthesysteniesssensitveto partialoc-
clusionsandnoise,e.g.if oneeyeis notvisible, its position
is inferredby the positionsof othervisible local featuresoy
activatingthe mostlikely constellation.

Layerls contains100 neuronsandthe outputlayerlg is
composedaf four featuremaps,onefor eachfeaturethatis
to be detected. Thesemapshave the samedimensionsas
theimageattheinputlayer(46x56)andarefully connected
to the precedingneurons.Sigmoidactivation functionsare
usedfor bothlayers.

3. Training the facial feature detector

Thetraining datasetwe usedconsistf extractedfaces
from the following facedatabasesFERET [13] (744 im-
ages),PIE [14] (1,216images)the Yale facedatabasg2]
(165 images),BiolD [4] (1,521images),the Stirling face
databasd1] (185 images)as well as someface images
downloadedromtheinternet(167images).n total,it com-
prises2,972trainingandl1,026validationfaceimagescen-
tredandnormalisedin scale. In orderto make the system
more robust to translation,rotation and scale,we created
virtual samplesof the extractedimagesby applyingsmall
translationg 2and+2 pixels),rotation(from 20to +20
degrees)andscaling(by a factorof 0:9 and1:1). Figure4
shaws one of the training imagesandthe respectie trans-
formedimages. This procedureresultsin 56,468training
and19,494validationexamplesin total. Therespectre de-
siredoutputmapsaresupposedo containthe value+1 at
thefeaturepositionsand 1 everywhereelse. However, in
orderto improve corvergence we assumehat outputval-
uesdecreasesmoothlyin the neighbourhoodf the feature
position, thusthe desiredoutputmapsare createdusing 2-
dimensionalGaussiariunctionscentredat the featureposi-
tion andnormalisecbetween 1 and+1. For a particular
featuremapo having its desiredeatureatposition( ; y),
thedesiredfunctionis asfollows:

1
2 2
X

<Ny
=

o(x;y) = 2e

In ourexperimentsyve setthevariances = 7 = 2.
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Figure 5. Principal steps of facial feature detection

The training phasewas performedusing the backprop-
agationalgorithmwhich hasbeenadaptedn orderto ac-
countfor weight sharingin the corvolution layers(l, and
[4). Additionally, amomentuntermwasusedin theneuron
layers(ls andlg). At eachiteration, every faceimage of
the training setis presentedo the systemandthe weights
are updatedaccordingly(stochastidraining). Classically
in orderto avoid over tting, aftereachtrainingiteration,a
validation phaseis performedusing the validationset. A
minimal error on the validationsetis supposedo give the
bestgeneralisatiorand the correspondingveight con gu-
rationis stored.We tried two alternatve errorcriteria:

the mean-squaredrror (MSE) betweenthe valuesof
the output mapsand the respectie valuesof the de-
sired outputmaps,i.e. the erroris calculatedneuron
by neuron,

the mean-squareBuclidiandistancebetweerthefour
outputfeaturesandthe four respectie desiredoutput
features.

In our experiments,we noticed that the latter leadsto
slightly betterresults.
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Figure 8. Sensitivity analysis: Gaussian noise

4. Searching for facial features

Figure5 illustratestheprincipalphase®f thefeaturede-
tectionsystem. As mentionedbefore,we madeuseof the
"Convolutional FaceFinder” by C. Garciaand M. Delakis
[6] to detectfacesand nd the respectie face bounding
boxesin the inputimages. The extractedfacesareresized
to theretinasizeandpassedo thetrainedfeaturedetector
Thefeaturepositionsin theresizedfaceimagecandirectly
beinferredby simply searchinghemaximain thefour out-
putmaps.

As the faceboundingboxes may be imprecise the last
stepsarerepeatedor slightly translatecandscaledfaceim-
ageregions. In our experimentswe achiezed goodresults
with translationdy 4; 2;0;+2;+4 pixelsandscalefac-
torsof 0:9; 1:.0 and 1:1. Then,for eachfaceimageregion,
thesumof themaximaof eachoutputmapis takenasacon-

dence measureandthe solutionhaving the maximalsum
is adopted.Finally, the featurepositionsare backprojected
ontotheoriginalimage.

5. Experimental Results

In orderto measureghe performanceof the proposeda-
cial featuredetectorwe createdsereraltestsetswith anno-
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Figure 9. Sensitivity analysis: occlusion

tatedfaceimagesthat are not containedin the training or
in the validationset. They wereextractedfrom PIE (1,226
images),FERET (1058images)andfrom imagesfrom the
internet(384 images). As for the training and validation
setsthetestsetswereaugmentedby smalltransformations
of theoriginalimagesj.e. translationyotationandscaling,
leadingto threesets: PIE subset(23,294images),FERET
subse{20,102images)andGoagle images(7,296images).

Thetestimageswerepresentedo the facial featurede-
tectorand,for eachfaceimage themeanEuclidiandistance
me betweerthefour detectedeaturepositionsandthetrue
featurepositionsnormalisedvith respecto theinter-ocular
distancedeyes, Wascalculated:

with

1

[ )2 -
deyes ydl ) ’

Mei = (Xoi  Xdi)? + (Yoi
where(Xoi; Yoi ) is the outputpositionand (Xg; ; Yai) is the
true positionof featurei.

Fig.6shavstheproportionof faceswith successfullyde-
tectedfeaturesvarying the allowed me. The FERET test

setclearly gave the bestdetectionresultsbecausehereare



Figure 10. Some results of combined face and facial feature detection



practicallyno poseandlighting variationsasopposedo the
PIE testset. The Googletestsetadditionally containsim-

agesof low quality, with noise,extremelighting variations
andpatrtialocclusions.

Fig.7 shows, for the PIE subsetthe proportionof suc-
cessfullydetectedeaturedor eachof thefour featuresep-
aratelywhile varyingme;. Obviously, the detectionof the
eyesis moreprecisehanthe detectiorof thetip of thenose
andthe mouth. Clearly; thisis dueto thefactthatthelocal
appearancef theeyesvarieslessunderdifferentposesand
lighting conditions. The detectionresultsof the tip of the
nosearetheleastreliable. This seemglausiblebecaus¢he
PIE testsetshavs considerabl@ariationsin poseandlight-
ing andthusconsiderableariationin the appearancef the
nose.The mouthis alsosubjectto strongvariationsdueto
facialexpressionge.g.smile,open/closeanouth).

Further we conductedwo experimentshaving the ro-
bustnes®of thefacial featuredetectomwith respecto noise
andocclusion. In the rst experiment,we addedGaussian
noisewith varying standarddeviation to the normalised
faceimages.Fig.8 shavs the meanfeatureerrorm, with
varyingfrom 0 to 70. We cannoticethatthe proposedea-
ture detectolis veryrobustto noiseastheerrorme remains
ratherlow while addingaconsiderablamountof noise.For
theworstof thethreetestsets(PIE subsetim, staysbelow
0:2for = 50.

The secondexperimentconsistsin occludinga certain
percentag®f thefaceimagesby a black zonein thelower
part. Fig.9 shavs the meanfeatureerror me with an oc-
clusionfrom 0 to 60%. For occlusionssmallerthan50%,
theonly invisible feature,in mostof the casesis themouth
andthe error me remainsalmostconstant. Larger occlu-
sionscover bothmouthandnose which explainstheabrupt
increaseof me in all of thethreetestsets.

Finally, we testedthe performanceof the whole feature
detectionsystemas describedn section4. Fig.10 shavs
someresultsobtainednvariousimages.Theimageof this
testsetcontainneithertraining nor validationfaceimages
usedfor the training of the facial featuredetector Some
of themare of ratherlow quality or show facesin dif cult
posesandunderdif cult lighting conditionsandwith partial
occlusiongsunglassedottleetc.).

6. Conclusion

We have presentedh novel methodfor the detectionof
facial featuresin faceimagesbasedon a speci ¢ type of
neuralnetwork. Theproposedrchitecturecloselyconnects
local and global transformationsand allows a straightfor
ward training by simply presentingraw input faceimages
anddesiredfacialfeaturepositions.Thetrainedsystemhas
provento be very robust with respectto noiseand partial
occlusionsaswell asto variationsin lighting andpose.We
further conductedexperimentscombining a face detector
with the proposedfacial featuredetectorand we obtained
robustresults.

As future extensions several suchfacial featuredetec-

tors may be combinedn a hierarchicalay, in orderto al-
low more precisefeaturedetectionand/orthe detectionof
ner facialfeatures|ike eye or mouthcorners.This means
that eachfeatureposition detectedby the proposedfacial
featuredetectoicouldbepassedo a ner (morespecialised)
featuredetectomwhichfocuseson asmallerregionarounda
speci c feature.
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