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Abstract

We presenta techniquefor robustly and automatically
detecta setof user-selectedfacial featuresin images,like
the eye pupils, the tip of the nose, the mouthcentre, etc.
Basedon a speci�c architecture of heterogeneousneural
layers, theproposedsystemautomaticallysynthesisessim-
ple problem-speci�cfeature extractors andclassi�ers from
a training setof faceswith annotatedfacial features. Af-
ter training, the facial feature detectionsystemacts like a
pipelineof simple�lter s that treatsthe raw input faceim-
ageasa wholeandbuildsglobal facial featuremaps,where
facial feature positionscaneasilyberetrievedby a simple
search for globalmaxima.Weexperimentallyshowthatour
methodis veryrobustto lighting andposevariationsaswell
asnoiseandpartial occlusions.

1. Intr oduction

Automatic facial featuredetectionis becominga very
importanttask in applicationssuchas model-basedvideo
coding, facial image animation, face recognition, facial
emotionrecognition,visual speechunderstanding,andin-
telligenthuman-computerinteraction.

Numerousapproachesfor facial featuredetectionhave
beenproposedin thelastdecade.Mostof themuseindepen-
dentfacialfeaturedetectors.Thesedetectorsgenerallyrely
on hand-designed�lters thataim at segmentingvisual fea-
turesusingimagepropertiessuchasedges,intensity, colour,
motion,or generalisedmeasures[16, 15]. Otherapproaches
are basedon statisticaltemplatematchingor MLP-based
classi�ers whereseveral correlationtemplatesareusedto
detectpotentialfacialfeatures(eigenfeatures[11]). Thede-
tectedvisual featuresarethenselectedusinga global con-
cept of facethroughconstellationanalysisusing facege-
ometryconstraints[7, 9]. Active AppearanceModels [3]
(AAMs) have alsobeenrecentlyusedto predictfacial fea-
ture locations,by attemptingto matcha facemodel to an
unseenfacethroughadaptationof the parametersof a lin-
earmodel which combinesshapeand texture. Compared

to most previous approaches,AAMs have the advantage
of embeddinglearntgeometrical(shape)constraintsduring
facial featuredetection,but they rely on an unstableopti-
misationprocedurewhichdependsonhundredsof parame-
tersencodingshapeandtexturevariations.Themaindraw-
backof theseapproachesis that the performanceof inde-
pendentfeaturedetectionor linear facemodelmatchingis
signi�cantly in�uencedby noise,occlusions,andespecially
changesin illuminationconditions.

In thispaper, weproposeanovelneural-basedfacialfea-
ture detectionschemethat is designedto preciselylocate
facial featuresin facesof variablesizeandappearance,ro-
tatedup to � 30 degreesin imageplaneand turnedup to
� 60 degrees,in complex realworld images.Theproposed
systemprocessesfaceimagesautomaticallyextractedby a
facedetector[6], i.e. facesthat are not perfectly centred
andundergoslight scaleandposevariations.It consistsof
several neuralnetwork componentsforming a pipeline of
imagetransformations.As all componentsaresequentially
connected,thesystemcanbe trainedby simply presenting
input imageanddesiredoutput,i.e. true featurepositions.
Global constraintsencodingthe facemodel areautomati-
cally learntandimplicitly usedin thedetectionprocess.

The remainderof the paperis organisedasfollows. In
section2, we describethe architectureof the proposedfa-
cial featuredetector. In sections3 and4,weexplaintheway
we train andapply thefacial featuredetector. In section5,
we assessthe ef�ciency of our approachby analysingits
precisionandits sensitivity with respectto noiseandlevel
of occlusion.Someexperimentalresultsobtainedondiffer-
entinternationaldatasetsarealsopresentedto demonstrate
theeffectivenessandrobustnessof theproposedapproach.
Finally, conclusionsaredrawn in section6.

2. Ar chitecture of the facial feature detector

The proposedneuralarchitectureis a speci�c type of
neuralnetwork consistingof six layerswherethe�rst layer
is the input layer, the three following layers are convo-
lutional layersand the last two layersare standardfeed-
forward neuronlayers. The aim of the systemis to learn



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 featuresarehighlighted(see
Fig.1).Fig.2givesanoverview of thearchitecture.
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Figure 2. Architecture of the facial feature detector

The retina l1 receives a croppedfaceimageof 46x56
pixels,containinggrey valuesnormalisedbetween� 1 and
+1 . No further pre-processinglike contrastenhancement,
noisereductionor any otherkind of �ltering is performed.

The secondlayer l2 consistsof four so-calledfeature
maps which are all connectedto the input map as fol-
lows: eachunit of a featuremap receives its input from
a set of neighbouringunits of the input map (retina) as
shown in Fig.3. This setof neighbouringunits is oftenre-
ferred to asa local receptive�eld , a conceptwhich is in-
spiredby HubelandWiesel'sdiscoveryof locally-sensitive,
orientation-selective neuronsin the cat visual system[8].
Suchlocalconnectionshavebeenusedmany timesin neural
modelsof visual learning[5, 10, 12]. They allow extract-
ing elementaryvisual featuressuchasorientededges,end-
pointsor cornerswhich arethencombinedby subsequent
layersin orderto detecthigher-orderfeatures.Clearly, the
positionof particularvisual featurescanvary considerably
in theinputimagebecauseof distortionsor shifts.Addition-
ally, anelementaryfeaturedetectorcanbeusefulin several

convolution 5x5

subsampling

Figure 3. Example of a 5x5 convolution map follo wed by

a 2x2 subsampling map

partsof the image. For this reason,eachunit of a feature
mapsharesits weightswith all otherunitsof thesamefea-
turemapsothateachmaphasa�x edfeaturedetector. Thus,
eachfeaturemapy2i of layer l2 is obtainedby convolving
theinput mapy1 with a trainablekernelw2i :

y2i (x; y) =
X

(u;v )2 K

w2i (u; v) y1(x + u; y + v) + b2i ;

whereK = f (u; v) j 0 � u < sx and 0 � v < sy g and
b2i 2 R is a trainablebias which compensatesfor light-
ing variationsin the input. In our system,the four feature
mapsof thesecondlayerperformeacha different7x7 con-
volution (sx = sy = 7). Note that thesizeof theobtained
convolutionalmapsin l2 is smallerto avoid bordereffects
in theconvolution.

Thethird layerl3 subsamplesits input featuremapsinto
mapsof reduceddimensionby locally averagingneigh-
bouring units. In fact, it performsa convolution of the
precedingfeaturemapsy2j with a 2x2 kernel with iden-
tical weightsw3j (Fig.3). A trainablebias b3j is added
and,unlike thesecondlayer, a sigmoidactivation function
�( x) = arctan(x) is applied:

y3j (x; y) = �
�

w3j

X

(u;v )2f 0;1g2

y2j (2x + u; 2y+ v) + b3j

�
:

Thegoalof this layeris to makethesystemlesssensitive to
smallshifts,distortionsandvariationsin scaleandrotation
of theinputat thecostof someprecision.

Layer l4 is anotherconvolutional layer andconsistsof
only onefeaturemap. Basically, it works in thesameway
asthesecondlayerbut performs5x5insteadof a7x7convo-
lutions.Furthermore,it combinestheconvolutionresultsof
thefour precedingsubsamplingmapsinto onefeaturemap;
it extractshigher-level featuresby fusing the resultsof the
low-level featuredetectors.

While the previous layersact principally asfeatureex-
tractionlayers,layersl5 andl6 transformthelocal informa-
tion into a moreglobal model. Layer l5 is composedof a
reducednumberof neuronsfully connectedto layerl4 andis
dedicatedto learnmodels(or constellations)of featuresand
to activatethetargetedpositionsin theoutputfeaturemaps.
This part of the network was inspiredby auto-associative
neuralnetworks which are trained to reproducean input
(pattern)by meansof a hiddenlayer containingmuchless



Figure 4. Vir tual images created by appl ying various ge­

ometric transf ormations

neuronsthanthe input dimension. It hasbeenshown that
auto-associative neuralnetworks effectively performa di-
mensionalityreductionequivalentto theoneproducedby a
PrincipalComponentAnalysis (PCA). In our case,we do
notwantto reproducetheinput but insteadto associatethe
outputof the featuremapin layer l4 with the desiredout-
put of layer l6. In that way, we only allow the activation
of certainconstellationsof featuresin layer l6. This global
processingstepmakesthesystemlesssensitivetopartialoc-
clusionsandnoise,e.g.if oneeye is notvisible, its position
is inferredby thepositionsof othervisible local featuresby
activatingthemostlikely constellation.

Layer l5 contains100neuronsandtheoutputlayer l6 is
composedof four featuremaps,onefor eachfeaturethatis
to be detected.Thesemapshave the samedimensionsas
theimageat theinput layer(46x56)andarefully connected
to theprecedingneurons.Sigmoidactivationfunctionsare
usedfor bothlayers.

3. Training the facial feature detector

Thetrainingdatasetwe usedconsistsof extractedfaces
from the following facedatabases:FERET[13] (744 im-
ages),PIE [14] (1,216images),the Yale facedatabase[2]
(165 images),BioID [4] (1,521images),the Stirling face
database[1] (185 images)as well as someface images
downloadedfrom theinternet(167images).In total,it com-
prises2,972trainingand1,026validationfaceimages,cen-
tred andnormalisedin scale. In orderto make the system
more robust to translation,rotation and scale,we created
virtual samplesof the extractedimagesby applyingsmall
translations(� 2 and+2 pixels),rotation(from � 20to +20
degrees)andscaling(by a factorof 0:9 and1:1). Figure4
shows oneof the training imagesandthe respective trans-
formedimages. This procedureresultsin 56,468training
and19,494validationexamplesin total. Therespectivede-
siredoutputmapsaresupposedto containthevalue+1 at
thefeaturepositionsand� 1 everywhereelse.However, in
orderto improve convergence,we assumethat outputval-
uesdecreasesmoothlyin theneighbourhoodof the feature
position,thusthedesiredoutputmapsarecreatedusing2-
dimensionalGaussianfunctionscentredat thefeatureposi-
tion andnormalisedbetween� 1 and+1 . For a particular
featuremapohaving its desiredfeatureatposition(� x ; � y ),
thedesiredfunctionis asfollows:

o(x; y) = 2e
� 1

2

�
( x � � x ) 2

� 2
x

+
( y � � y ) 2

� 2
y

�

� 1

In ourexperiments,we setthevariances� 2
x = � 2

y = 2.
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Figure 5. Principal steps of facial feature detection

The training phasewasperformedusing the backprop-
agationalgorithmwhich hasbeenadaptedin order to ac-
count for weight sharingin the convolution layers(l2 and
l4). Additionally, amomentumtermwasusedin theneuron
layers(l5 and l6). At eachiteration,every faceimageof
the training set is presentedto the systemandthe weights
areupdatedaccordingly(stochastictraining). Classically,
in orderto avoid over�tting, aftereachtraining iteration,a
validationphaseis performedusing the validationset. A
minimal error on thevalidationsetis supposedto give the
bestgeneralisationandthe correspondingweight con�gu-
rationis stored.We tried two alternativeerrorcriteria:

� the mean-squarederror (MSE) betweenthe valuesof
the outputmapsand the respective valuesof the de-
siredoutputmaps,i.e. the error is calculatedneuron
by neuron,

� themean-squaredEuclidiandistancebetweenthefour
outputfeaturesandthe four respective desiredoutput
features.

In our experiments,we noticed that the latter leads to
slightly betterresults.
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Figure 6. Detection rate of the four features versus me
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Figure 7. Detection rate of each facial feature versus mei
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Figure 8. Sensitivity analysis: Gaussian noise
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Figure 9. Sensitivity analysis: occ lusion

4. Searching for facial features

Figure5 illustratestheprincipalphasesof thefeaturede-
tectionsystem.As mentionedbefore,we madeuseof the
”ConvolutionalFaceFinder” by C. GarciaandM. Delakis
[6] to detectfacesand �nd the respective facebounding
boxesin the input images.Theextractedfacesareresized
to theretinasizeandpassedto thetrainedfeaturedetector.
Thefeaturepositionsin theresizedfaceimagecandirectly
beinferredby simplysearchingthemaximain thefour out-
putmaps.

As the faceboundingboxesmay be imprecise,the last
stepsarerepeatedfor slightly translatedandscaledfaceim-
ageregions. In our experiments,we achievedgoodresults
with translationsby � 4; � 2; 0; +2 ; +4 pixelsandscalefac-
torsof 0:9; 1:0 and1:1. Then,for eachfaceimageregion,
thesumof themaximaof eachoutputmapis takenasacon-
�dence measureandthe solutionhaving themaximalsum
is adopted.Finally, thefeaturepositionsarebackprojected
ontotheoriginal image.

5. Experimental Results

In orderto measuretheperformanceof theproposedfa-
cial featuredetector, we createdseveraltestsetswith anno-

tatedfaceimagesthat arenot containedin the training or
in thevalidationset. They wereextractedfrom PIE (1,226
images),FERET(1058images)andfrom imagesfrom the
internet(384 images). As for the training and validation
sets,thetestsetswereaugmentedby smalltransformations
of theoriginal images,i.e. translation,rotationandscaling,
leadingto threesets:PIE subset(23,294images),FERET
subset(20,102images)andGoogle images(7,296images).

The testimageswerepresentedto the facial featurede-
tectorand,for eachfaceimage,themeanEuclidiandistance
me betweenthefour detectedfeaturepositionsandthetrue
featurepositions,normalisedwith respectto theinter-ocular
distancedeyes, wascalculated:

me =
1
4

4X

i =1

mei ;

with

mei =
1

deyes

p
(xoi � xdi )2 + (yoi � ydi )2 ;

where(xoi ; yoi ) is theoutputpositionand(xdi ; ydi ) is the
truepositionof featurei .

Fig.6showstheproportionof faceswith successfullyde-
tectedfeaturesvarying the allowed me. The FERET test
setclearlygave thebestdetectionresultsbecausethereare



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



practicallynoposeandlighting variationsasopposedto the
PIE testset. The Googletestsetadditionallycontainsim-
agesof low quality, with noise,extremelighting variations
andpartialocclusions.

Fig.7 shows, for the PIE subset,the proportionof suc-
cessfullydetectedfeaturesfor eachof thefour featuressep-
aratelywhile varyingmei . Obviously, thedetectionof the
eyesis moreprecisethanthedetectionof thetip of thenose
andthemouth.Clearly, this is dueto thefactthat thelocal
appearanceof theeyesvarieslessunderdifferentposesand
lighting conditions. The detectionresultsof the tip of the
nosearetheleastreliable.Thisseemsplausiblebecausethe
PIEtestsetshowsconsiderablevariationsin poseandlight-
ing andthusconsiderablevariationin theappearanceof the
nose.Themouthis alsosubjectto strongvariationsdueto
facialexpressions(e.g.smile,open/closedmouth).

Further, we conductedtwo experimentsshowing thero-
bustnessof thefacial featuredetectorwith respectto noise
andocclusion. In the �rst experiment,we addedGaussian
noisewith varying standarddeviation � to the normalised
faceimages.Fig.8shows themeanfeatureerrorme with �
varyingfrom 0 to 70. We cannoticethat theproposedfea-
turedetectoris veryrobustto noiseastheerrorme remains
ratherlow while addingaconsiderableamountof noise.For
theworstof thethreetestsets(PIE subset)me staysbelow
0:2 for � = 50.

The secondexperimentconsistsin occludinga certain
percentageof thefaceimagesby a blackzonein thelower
part. Fig.9 shows the meanfeatureerror me with an oc-
clusionfrom 0 to 60%. For occlusionssmallerthan50%,
theonly invisible feature,in mostof thecases,is themouth
and the error me remainsalmostconstant. Larger occlu-
sionscoverbothmouthandnose,whichexplainstheabrupt
increaseof me in all of thethreetestsets.

Finally, we testedtheperformanceof thewhole feature
detectionsystemasdescribedin section4. Fig.10 shows
someresultsobtainedonvariousimages.Theimagesof this
testsetcontainneithertraining nor validationfaceimages
usedfor the training of the facial featuredetector. Some
of themareof ratherlow quality or show facesin dif�cult
posesandunderdif�cult lighting conditionsandwith partial
occlusions(sunglasses,bottleetc.).

6. Conclusion

We have presenteda novel methodfor the detectionof
facial featuresin faceimagesbasedon a speci�c type of
neuralnetwork. Theproposedarchitecturecloselyconnects
local andglobal transformationsandallows a straightfor-
ward training by simply presentingraw input faceimages
anddesiredfacialfeaturepositions.Thetrainedsystemhas
proven to be very robust with respectto noiseandpartial
occlusionsaswell asto variationsin lighting andpose.We
further conductedexperimentscombininga facedetector
with the proposedfacial featuredetectorandwe obtained
robustresults.

As future extensions,several suchfacial featuredetec-

torsmaybecombinedin a hierarchicalway, in orderto al-
low moreprecisefeaturedetectionand/orthe detectionof
�ner facial features,like eye or mouthcorners.This means
that eachfeatureposition detectedby the proposedfacial
featuredetectorcouldbepassedto a�ner (morespecialised)
featuredetectorwhichfocusesonasmallerregionarounda
speci�c feature.
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