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Abstract

We describea novel methodfor simultaneouslydetectingfacesand estimatingtheir posein real
time. The methodemploys a convolutional network to mapimagesof facesto pointson a low-
dimensionamanifold parametrizedby pose,andimagesof non-facesto pointsfar awvay from that
manifold. Givenanimage,detectinga faceandestimatingts poseis viewedasminimizing anen-
ergy functionwith respecto theface/non-fcebinaryvariableandthe continuougposeparameters.
The systemis trainedto minimize a lossfunction that drives correctcombinationsof labelsand
poseto beassociateavith lower enegy valuesthanincorrectones.

Thesystenis designedo handleverylargerangeof poseswithoutretraining. Theperformance
of thesystemwastestedonthreestandardiatasets—forfrontal views, rotatedfacesandpro les—
is comparabléo previous systemghataredesignedo handlea singleoneof thesedatasets.

We show thata systentrainedsimuiltaneouslyfor detectiorandposeestimations moreaccu-
rateon bothtasksthansimilar systemsrainedfor eachtaskseparately
Keywords: facedetectionposeestimationconvolutionalnetworks,enegy basednodels,object
recognition

1. Intr oduction

Thedetectionof humanfacesin naturalimagesandvideosis a key componentn awide variety of
applicationsof human-computenteraction,searchandindexing, security andsuneillance.Many
real-world applicationsvould pro t from view-independentletectorghatcandetectfacesundera
wide rangeof poses:ilooking left or right (yaw axis),up or down (pitch axis), or tilting left or right
(roll axis).

In this paperwe describea novel methodthat cannot only detectfacesindependenthof their
poseshut alsosimultaneoushestimatehoseposes.Thesystemis highly reliable,runsin realtime

1. A morepreliminaryversionof thiswork appearss: Osadcly etal. (2005).
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on standarchardware,andis robustto variationsin yaw ( 90 ), roll ( 45), pitch( 60 ), aswell
aspartialocclusions.

The methodis motivatedby the ideathat multi-view face detectionand poseestimationare
so closelyrelatedthatthey shouldnot be performedseparately The tasksarerelatedin the sense
that they could usesimilar featuresand internal representationsand must be robust againstthe
samesortsof variation: skin color, glassesfacial hair, lighting, scale expressionsetc. We suspect
that, whentrainedtogether eachtask cansene asan inductive biasfor the othet yielding better
generalizatioror requiringfewer trainingexamplegCaruanal997).

To exploit thesynepy betweerthesewo tasks wetrainalearningmachinego mapinputimages
to pointsin alow-dimensionakpace.ln the low-dimensionabutputspaceve embeda facemani-
fold which is parameterizethy facial poseparameterge.g.,pitch, yaw, androll). A convolutional
network is trainedto mapfaceimagesto pointson thefacemanifoldthatcorrespondo the poseof
thefacesandnon-faceimagesto pointsfar away from thatmanifold. After training, a detectionis
performedby measuringvhetherthe distanceof the outputpoint from the manifoldis lowerthana
threshold.If thepointis closeto themanifold,indicatingthatafaceis presenin theimage,its pose
parametersanbeinferredfrom the positionof the projectionof the point ontothe manifold.

To mapinputimagedo pointsin thelow-dimensionaspacewe employ aconvolutionalnetwork
architecturéLeCunetal.,1998).Corvolutionalnetworksarespeci cally designedo learninvariant
representatiof images. They caneasilylearnthe type of shift-invariantlocal featuresthat are
relevantto facedetectionand poseestimation.More importantly they canbe replicatedover large
images(appliedto every sub-windavs in a largeimage)at a smallfraction of the costof applying
moretraditionalclassi ersto every sub-windavs in animage.Thisis aconsideable advantae for
building real-timesystems

As alearningmachinewe usetherecentlyproposedEneigy-BasedModels(EBM) thatprovide a
descriptiorandtheinferenceprocesandthelearningprocessn asingle ,well-principledframenork
(LeCunandHuang,2005;LeCunetal., 2006).

Givenaninput (animage),an Enegy-Basedviodel associateanenegy to eachcon guration
of thevariableso bemodeledtheface/non-dcelabelandthe poseparameters ourcase) Making
aninferencewith an EBM consistdn searchindor a con guration of the variablesto be predicted
thatminimizesthe enegy, or comparingthe enegiesof a smallnumberof con gurationsof those
variables.EBMs have a numberof adwvantagesver probabilisticmodels: (1) Thereis no needto
computepartition functions(normalizationconstantsjhat may be intractable;(2) becausghereis
no requiremenfor normalization,the repertoireof possiblemodelarchitectureshat canbe used
is considerablyricher In our applicationwe de ne an Enegy-BasedModel as a scalarvalued
enegy function of threevariables: image, label, and pose,and we treatposeas a deterministic
latentvariable. Thusbothlabelof animageandposeareinferredthroughthe enegy-minimization
process.

Training an EBM consistsin nding valuesof the trainableparametergwhich parameterize
the enegy function) thatassociatdow enegiesto “desired” con gurationsof variables,andhigh
enepgiesto “undesired’con gurations. With probabilisticmodels,makingthe probability of some
valueslarge automaticallymakesthe probabilitiesof othervaluessmallbecausef the normaliza-
tion. With EBM's makingthe enegy of desiredcon gurationslow may not necessarilynake the
enepgies of othercon gurationshigh. Therefore,one mustbe very carefulwhen designingloss
functionsfor EBMs. In our applicationto facedetectionwe derive a new type of contrastiveloss
functionthatis tailoredto suchdetectiortasks.
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The paperis organizedasfollows. First, someof the relevant prior works on multi-view face
detectionarebrie y discussedSection2 discusseshe synegy betweenposeestimationandface
detection,and describeghe basicmethodsfor integratingthem. Section3 discusseshe learning
machineandSectior4 givestheresultsof experimentonductedvith our system.Sectionb draws
someconclusions.

1.1 Previous Work

Learning-basedpproacheto facedetectioraboundjncludingreal-timemethodgViola andJones,
2001),andapproachebasedon corvolutional networks (Vaillant et al., 1994; GarciaandDelakis,
2002). Most multi-view systemstake a view-basedapproachwhich involves building separate
detectordor differentviews andeitherapplyingthemin parallel(Pentlandet al., 1994; Sungand
Poggio,1998;SchneidermaandKanade 2000;Li etal., 2002)or usinga poseestimatornto select
the mostappropriatedetector(Jonesand Viola, 2003; Huanget al., 2004). Anotherapproachis
to estimateandcorrectin-planerotationsbeforeapplyinga single pose-speci cdetector(Rowley
etal., 1998b).Someattemptshave beendonein integratingposesearchanddetectionput in much
smallerspaceof poseparameterg¢FleuretandGeman2001).

Closerto ourapproaclis thatof Li etal. (2000),in whichanumberof SupportVectorRegressors
aretrainedto approximatesmoothfunctions,eachof which hasamaximumfor afaceataparticular
pose.Anothermachineis trainedto corvert the resultingvaluesto estimatesof posesanda third
machineis trainedto convert the valuesinto a face/non-ficescore. The resultingsystemis rather
slow. SeeYangetal. (2002)for surwey of facedetectionrmethods.

2. Integrating FaceDetectionand PoseEstimation

To exploit thepositedsynegy betweerfacedetectiorandposeestimationwe mustdesigna system
thatintegratesthe solutionsto the two problems.Merely cascadingwo systemswvherethe answer
to oneproblemis usedto assisin solvingthe otherwill notoptimallytake advantageof thesynenpy.
Therefore pothansweranustbe derived from oneunderlyinganalysisof the input, andbothtasks
mustbetrainedtogether

Our approachis to build a trainablesystemthat can map raw imagesX to pointsin a low-
dimensionakpacgFigurel). In thatspacewe pre-de neafacemanifoldF (Z) thatwe parameter
ize by the poseZ. We train the systemto mapfaceimageswith knowvn posego the corresponding
pointson the manifold. We alsotrain it to mapimagesof non-facesto pointsfar away from the
manifold. During recognition the systemmapstheinputimageX to a pointin thelow dimensional
spaceG(X). The proximity of G(X) to the manifold thentells us whetheror notanimageX is a
face.By nding the poseparameter& thatcorrespondo the point on the manifoldthatis closest
to thepoint G(X) (projection),we obtainanestimateof the pose(Figure2).

2.1 Parameterizing the FaceManifold

We will now describethe detailsof the parameterizationef the facemanifold. Threecriteria di-
rectedthe designof the facemanifold: (1) preservinghe topologyandgeometryof the problem;
(2) providing enoughspacefor mappingthe backgroundmagesfar from the manifold (sincethe
proximity to the manifold indicateswhetherthe input imagecontainsa face);and(3) minimizing
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thecomputationatostof nding the parametersf theclosestpointonthe manifoldto any pointin
thespace.

Let'sstartwith thesimplesicaseof oneposeparamete? = g, representingsay yaw. If wewant
to presere the naturaltopologyandgeometryof the problem(the rst criterion),thefacemanifold
underyaw variationsin theinterval [ 90 ;90 ] shouldbe a half circle (with constantcurvature).
The naturalway of representinga circle is with sineandcosinefunctions. In this casewe embed
the angleparametein two dimensionakpace.Now imagesof faceswill be mappedo pointson
the half circle manifold correspondingo g, andnon-faceimageswill be mappedo pointsin the
restof the two dimensionalspace. Having lots of free spaceto represennon-faceimagesmay
be necessarydueto the considerablemountof variability in non-faceimages.Soincreasinghe
dimensionof embeddingnighthelpusin betterseparatiorof faceandnon-faceimagesthesecond
criterion). In the caseof singleposeparametewe suggesB8D embedding.

To malke the projectionand parameteestimationsimple (the third criterion), we embedthis
half-circlein athree-dimensionapaceusingthreeequally-spacedhiftedcosinefunctions(Figure
3):

Fi(g)=codq ai); =123, gq=] g; g]; a=f g;o; gg:
A point on the face manifold parameterizedby the yaw angleq is F(q) = [F1(q); F2(q); Fs(q)].
Whenwe runthenetwork on animageX, it outputsa vectorG(X). Theyaw angleq corresponding
to thepoint onthe manifoldthatis closesto G(X) canbe expressednalyticallyas:

4= arctardiz1Gi(X) cogai)
a2 ,Gi(X)sina;)

The point on themanifoldclosesto G(X) is just F(q).

The function choiceis not limited to cosine. However cosinesare preferablesincethey allow
computingthe poseanalytically from the output of the network. Without this property nding
the posecould be an expensve optimizationprocesspr even requirethe useof a secondearning
machine.

Thesameideacanbegeneralizedo any numberof poseparametersLet us considerthe setof
all faceswith yaw in [ 90;90] androll in [ 45;45]. In anabstractvay, this setis isomorphicto a
portion of a sphere.Consequentlywe canrepresent point on the facemanifold asa function of
thetwo poseparameterdy 9 basisfunctionsthatarethe cross-productsf threeshiftedcosinesor
oneof theanglesandthreeshiftedcosinedor theotherangle:

Fj(a;f) = coggq aj)cogf bj); i;j=123:
For corvenience we rescalethe roll anglesto therange[ 90;90] which allows usto seth; = a;.
With this parameterizatiorthe manifold hasconstanturnvature which ensureshatthe effect of er-

rorswill bethesameregardlesf pose.Givena9-dimensionabutputvectorfrom thecorvolutional
network G;;j(X), we computethe correspondingaw androll anglesy; f asfollows:

cc = &;;Gij(X)cogaj)cogbj); cs = &;;Gij(X)coga;)sin(bj);

sc = _éijGij(X)sin(ai)cos(bj); ss = &;;Gij(X)sin(aj) sin(bj);
g= 0:5(atan2(cs+ sgcc s9 + atan2(sc cscc+ s9) ;
f = 0:5(atan2(cs+ sgec s§  atan2(sc cscc+ s9)

The processcan easily be extendedto include pitch in additionto yaw androll, aswell asother
parameter§f necessary
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Figure3: Left: facemanifoldembeddingright: manifold parametrizatiofy single poseparame-
ter. Thevalueof eachcosinefunctionfor oneposeangleconstitutethethreecomponents
of apointonthefacemanifoldcorrespondingo thatpose.

3. Learning Machine

To mapinputimagesto pointsin the low-dimensionakpacewe emplgy a convolutional network
architecturetrained using Enegy Minimization Framevork. Next we presentthe detailsof the
learningmachine.

3.1 Energy Minimization Framework

We proposethe following con guration of the Enegy BasedModel (LeCun and Huang, 2005;
LeCunetal., 2006). Considera scalarvaluedfunction Ew(Y; Z; X), whereX is araw image,Z is

afacial pose(e.g.,yaw androll asde ned abore), Y is a binarylabel: Y = 1 for face,Y = O for

non-face.W is a parameterectorsubjectto learning. Ew(Y; Z; X) canbeinterpretedasanenegy
functionthat measureshe degree of compatibility betweenthe valuesof X;Z;Y. The inference
processconsistdn clampingX to the obsenedvalue(theimage),andsearchingor con gurations
of Z andY thatminimizetheenegy Ew(Y; Z; X):

(Y:2) = argminy s vg 221 zgEw(Y; Z; X)

wherefYg= f0;1gandfzg=[ 90,90 [ 45,45 for yaw androll variables.

Ideally, if the input X is the image of a facewith poseZ, then a properly trained system
shouldgive a lower enegy to the facelabel Y = 1 thanto the non-facelabelY = 0 for ary pose:
Ew(1;Z;X) < Ew(0;Z%X), 8Z°% For accurateposeestimation the systemshouldgive a lower en-
ergy to the correctposethanto ary otherpose: Ew(1;Z%X) > Ew(1;Z;X), 82°6 Z. Traininga
machineto satisfythosetwo conditionsfor ary imagewill guaranteghatthe enegy-minimizing
inferenceprocesswill producethe correctanswer

Transformingenegiesto probabilitiescaneasilybe donevia Gibbsdistribution:
VA

P(Y;ZjX) = exp( bEw(Y;Z;X))= exp( bEw(y;z X))
y2f Yg;22f Zg

whereb is anarbitrarypositive constantandf Yg andf Zg arethe setsof possiblevaluesof y and
z With this formulation,we caneasilyinterprettheenegy minimizationwith respectoY andZ as
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Figure4: Architectureof the Minimum Eneigy Machine.

amaximumconditionallikelihoodestimationof Y andZ. This probabilisticinterpretatiorassumes
that the integral in the denominator(the partition function) corvemges. It is easyto designsuch
an enegy functionfor our case.However, a properprobabilisticformulationwould requireus to
usethe neggative log-likelihood of the training samplesasour lossfunctionfor training. This will
requireusto computethe derivative of the denominatomwith respecto thetrainableparametergv.
Thisis unnecessargomplicationwhich canbealleviatedby adoptingtheenegy-basedormulation.
Remuwing the necessityfor normalizationgivesus completefreedomin the choiceof theinternal
architectureandparameterizatioof Ew/(Y; Z; X), aswell asconsiderablee xibility in thechoiceof
thelossfunctionfor training.

Ourenepy functionfor afacebEw(1; Z; X) is de ned asthedistancebetweerthepoint produced
by the network Gy (X) andthe pointwith poseZ onthe manifold F(Z):

Ew(1,Z;X) = kGw(X) F(2)k:

The enegy functionfor a non-faceEw(0; Z; X) is equalto a constanfT thatwe caninterpretasa
threshold(it is independenof Z andX). Thecompleteenegy functionis:

Ew(Y;Z;X) = YKGw(X) F(2)k+ (1 Y)T:

Thearchitectureof the machineis depictedn Figure4. Operatingthis maching( nding the output
labelandposewith thesmallesenegy) comesdovnto rst nding: Z= argmin,, zgiGw(X)  F(2)ii,
andthencomparingthis minimum distance kGw(X) F(2)k, to thethresholdT. If it's smaller
thanT, then X is classi ed as a face, otherwiseX is classi ed asa non-face. This decisionis
implementedn thearchitectureasa switdh, thatdependsiponthebinaryvariableY.

For simplicity we x T to be a constant.Althoughit is alsopossibleto make T a function of
poseZ.
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3.2 Convolutional Network

We employ a Convolutional Network asthe basicarchitecturefor the Gy (X) function that maps
imagepointsin the face-spaceThe architectureof corvolutional netsis somavhatinspiredby the
structureof biologicalvisual systems Convolutional netshave beenusedsuccessfullyin anumber
of visionapplicationsuchashandwritingrecognition(LeCunetal., 1989,1998),andgenericobject
recognition(LeCunetal.,2004).Severalauthorshave adwocatedheuseof CorvolutionalNetworks
for objectdetection(Vaillant et al., 1994; Nowlan andPlatt, 1995;LeCunetal., 1998; Garciaand
Delakis,2002).

Corvolutionalnetworksare“end-to-end"trainablesystemthatcanoperateon raw pixel images
andlearnlow-level featuresand high-level representatiomm an integratedfashion. Eachlayerin
a corvolutional net is composedunits organizedin planescalled featuremaps. Eachunit in a
featuremaptakesinputsfrom a smallneighborhoodvithin the featuremapsof the previouslayer.
Neighboringunitsin a featuremapare connectedo neighboring(possiblyoverlapping)windows.
Eachunit computesaweightedsumof its inputsandpassesheresultthrougha sigmoidsaturation
function. All unitswithin afeaturemapsharethesameweights.Therefore gachfeaturemapcanbe
seenascornvolving the featuremapsof the previouslayerswith small-sizekernels,andpassinghe
sumof thosecorvolutionsthroughsigmoidfunctions. Units in a featuremapdetectlocal features
atall locationson the previouslayer.

Corvolutional netsare advantageoudvecausdhey canoperateon raw imagesand can easily
learnthe type of shift-invariantlocal featureghatarerelevantto imagerecognition. Furthermore,
they arevery ef cient computationallyfor detectionandrecognitiontasksinvolving a sliding win-
dow over largeimagedyVaillantetal., 1994;LeCunetal., 1998).

Thenetwork architectureusedfor trainingis shovn in Figure5. It is similarto LeNet5(LeCun
et al., 1998), but containsmore featuremaps. The network inputis a 32 32 pixel gray-scale
image. The rst layer Clis a corvolutional layer with 8 featuremapsof size28 28. Eachunit
in eachfeaturemapis connectedo a5 5 neighborhoodn the input. Contiguousunitsin C1
take input from neighborhoodn the input that overlap by 4 pixels. The next layer, S2, is a so-
calledsubsamplindayerwith 8 featuremapsof sizel4 14. Eachunitin eachmapis connected
to a2 2 neighborhoodn the correspondingeaturemapin C1. Contiguousunitsin S2 take
input from contiguousnon-overlapping2x2 neighborhood the correspondingnapin C1. C3is
convolutionalwith 20 featuremapsof size1l0 10. Eachunit in eachfeaturemapis connectedo
several5 5 neighborhoodst identicallocationsin a subsetof S2's featuremaps. DifferentC3
mapstake input from differentsubset®of S2to breakthe symmetryandto forcethe mapsto extract
differentfeatures.S4 is a subsamplindayerwith 2 2 subsamplingatios containing20 feature
mapsof size5 5. LayerC5is acorvolutionallayerwith 120featuremapsof sizel 1with5 5
kernels.EachC5 maptakesinputfrom all 20 of S4's featuremaps.The outputlayerhas9 outputs
(sincethe facemanifold is nine-dimensionalandis fully connectedo C5 (sucha full connection
canbeseenasacornvolutionwith 1 1 kernels).

3.3 Training with a Contrastive LossFunction

The vectorW containsall 63;493 weightsand kernel coefcients in the corvolutional network.
They areall subjectto training by minimizing a singlelossfunction. A key elementanda novel
contrikution, of this paperis the designof thelossfunction.
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Figure5: Architectureof convolutional network usedfor training. This representgneslice of the
network with with a32 32 inputwindow. The sliceincludesall the elementdhatare
necessaryo computea single outputvector The trainednetwork is replicatedover the
full inputimage,producingoneoutputvectorfor each32 32 window steppedavery 4
pixelshorizontallyandvertically. The processs repeatedat multiple scales.

ThetrainingsetS is composeaf two subsetsthesetS; of trainingsampleg1; X'; Z') contain-
ing afaceannotatedvith the pose;andthe setS, of training sample(0; X') containinga non-face
image(background).ThelossfunctionL (W; S) is de ned asthe averageover S, of a persample
lossfunctionL1(W: Z'; X1), plusthe averageover § of a persampldossfunctionLo(W; X'):

L(W;S) = j%i;.?llel(W;Z‘;X‘)+ jéji;élsto(W;X‘): 1)

Facesamplesvhoseposeis unknavn caneasilybeaccommodately viewing Z asa“deterministic
latentvariable” over which the enegy mustbe minimized. However, experimentsreportedin this
paperonly usetrainingsamplesnanuallylabeledwith the pose.

For aparticularpositive trainingsample(X'; Z': 1), thepersampldossL shouldbedesignedn
suchaway thatits minimizationwith respecto W will make theenengy of thecorrectanswelower
thanthe enegiesof all possibleincorrectanswers Minimizing sucha lossfunctionwill make the
machineproducethe right answerwhenrunningthe enegy-minimizing inferenceprocedure.We
canwrite this conditionas:

Condition 1

Ew(Y' = 1,7 X") < By(Y;Z;X') for Y6 Y' or 26 Z':
Satisfyingthis conditioncanbe doneby satisfyingthe two following conditions
Condition 2

Ew(1;Z';X") < T and Ew(1;Z";X") < er;ig Ew(1;Z; X"):
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Following LeCunandHuang(2005),we assumehatthelossis afunctionalthatdepend®n X only
throughthesetof enegiesassociatewvith X andall thepossiblevaluesof Z andY. Thisassumption
allows usto decouplehedesignof thelossfunctionfrom theinternalstructure(architecturepf the
enegy function. We alsoassumehatthereexist aW for which condition2 is satis ed. Thisis a
reasonablassumptionye merelyensurehatthe learningmachinecanproducethe correctoutput
for any single sample. We now shaw that, with our architecturejf we choosel 1 to be a strictly
monotonicallyincreasingfunctionof Ew(1; Z'; X') (overthedomainof E), thenminimizing L, with
respecto W will causethe machineto satisfycondition2. The rst inequalityin 2 will obviously
be satis ed by minimizing sucha loss. The secondnequalitywill besatis edif Ew(1;Z;X') hasa
single(non-dgenerateylobalminimumasafunctionof Z. Theminimizationof L, with respecto
W will placethisminimumatZ', andthereforewill ensurehatall othervaluesof Z will have higher
enegy. Ourenepgy functionEw(1;Z;X) = jjGw(X) F(2)jj indeedhasa singleglobalminimum
asafunctionof Z, becausé-(Z) is injective andthenormis corvex. Thesingleglobalminimumis
attainedfor Gy /(X) = F(Z). For our experimentswe simply chose:

Li(W:1;,Z;X) = Ew(L,Z;X)%

For a particularnegative (non-face)training sample(X'; 0), the persamplelossLg shouldbe
designedn sucha way thatits minimizationwith respectto W will make the enegy for Y = 1
andary valueof Z higherthanthe enegy for Y = 0 (which is equalto T). Minimizing sucha
lossfunctionwill make the machineproducetheright answemwhenrunningtheenegy-minimizing
inferenceprocedureWe canwrite the conditionfor correctoutputas:

Condition 3
Ew(L;Z;X)> T 8Z

which canbere-writtenas:

Condition 4
Ew(LZ;X)> T Z= agminEy(1;zX"):

Again,we assumehatthereexistsaW for which condition4 is satis ed. It is easyto seethat,with
our architecturejf we choosel to beastrictly monotonicallydeceasingfunctionof Ew(1;Z; X')
(over the domainof E), thenminimizing Lo with respectto W will causethe machineto satisfy
condition4. For our experimentswe simply chose:

Lo(W:0;X') = Kexp[ E(1;Z;X")]

whereK is apositive constantA nice propertyof this functionis thatit is boundedelow by 0, and
thatits gradientvanishesve approactthe minimum.

The entiresystemwastrainedby minimizing averagevalueof thelossfunctionin Eq. (1) with
respecto the parametelVV. We useda stochastioversionof the Levenbeg-Marquardtalgorithm
with diagonalapproximatiorof the HessianLeCunetal., 1998).
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Figure6: Screenshdirom annotatiortool.

3.4 Running the Machine

The detectionsystemoperateson raw grayscalémages. The corvolutional network is appliedto
all 32 32 sub-windavs of theimage,steppedevery 4 pixels horizontallyandvertically. Because
the layersare convolutional, applyingtwo replicasof the network in Figure5 to two overlapping
inputwindows leadsto a considerablamountof redundantomputation Eliminatingtheredundant
computatioryieldsa dramaticspeedup: eachlayer of the convolutionalnetwork is extendedsoas
to cover the entireinputimage. The outputis alsoreplicatedthe sameway. Dueto thetwo 2 2
subsamplindayers,we obtainoneoutputvectorevery4 4 pixels.

To detectfacesin asize-irvariantfashion,the network is aBp_Iiedto multiple dowvn-scaledver
sionsof theimageover arangeof scalessteppedyy afactorof = 2. At eachscaleandlocation,the
network's 9-dimensionabutputvectoris comparedo theclosespointonthefacemanifold (whose
positionindicatesthe poseof the candidateface). The systemcollectsa list of all locationsand
scalesof outputvectorscloserto the facemanifold thanthe detectionthreshold. After examining
all scalesthe systemidenti es groupsof overlappingdetectionsn thelist anddiscardsall but the
stronges{closestto the manifold) from eachgroupwithin an exclusionareaof a presetsize. No
attemptis madeto combinedetectionsor applyary voting scheme.

4. Experiments and Results

Using the architecturedescribedn Section3, we built a detectorto locatefacesandestimatetwo
poseparametersyaw from left to right pro le, andin-planerotationfrom 45to 45degrees.The
machinewastrainedto berobustagainstpitch variation.

In this sectionwe rst describethetraining protocolfor this network, andthengive theresults
of two setsof experiments. The rst setof experimentstestswhethertraining for the two tasks
togetherimproves performanceon both. The secondsetallows comparisondetweenour system
andotherpublishedmulti-view detectors.
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4.1 Training

The imageswe usedfor training were collectedat NEC Labs. All faceimageswere manually
annotatedvith appropriatgposes.The annotatiorprocessvasgreatlysimpli ed by usinga simple
tool for specifyinga locationand approximateposeof a face. The userinterfacefor this tool is
shavn in Figure6. Annotationprocesss doneby rst clicking on the midpointbetweerthe eyes
andon the centerof the mouth. The tool thendraws a perspeciie grid in front of the faceand
the useradjustsit to be parallelto the faceplane. This processyields estimatedor all six pose
parameterslocation(x;y), threeanglegqyaw, pitch,androll) andscale.Theimageswvereannotated
in sucha way thatthe midpointbetweerthe eyesandon the centerof the moutharepositionedin
the centerof theimage. This allows thesetwo pointsto stay x edwhenthe posechangegrom left
toright pro le. Thedownsideis thatpro les occupy only half of theimage.

In this mannerwe annotatedabout30,000facesin imagesfrom varioussources. Eachface
wasthencroppedandscaledsothattheeye midpointandthemouthmidpointappearedh canonical
positions,10pixelsapart,in 32 32-pixelimagewith somemoderatevariationof locationandscale.
Theresultingimageswvheremirroredhorizontally to yield roughly60,000faces Weremoredsome
portion of facesfrom this setto yield a roughly uniform distribution of posesfrom left pro le to
right pro le. Unfortunatelytheamountof variationin pitch (up/davn) wasnot sufcient to dothe
same. This wasthe reasonfor training our systemto be robust against pitch variation insteadof
estimatingthe pitch angle. The roll variationwas addedby randomlyrotating the imagesin the
rangeof [ 45;45] degrees.Theresultingtrainingsetconsistedf 52;850,32x32grey-level images
of faceswith uniform distribution of poses.

Theinitial setof negative trainingsamplesonsistedf 52; 850imagepatcheshoserrandomly
from non-faceareasin a variety of images.For the secondsetof tests,half of theseimageswere
replacedwith imagepatchesobtainedby runningtheinitial versionof the detectoron the training
imagesandcollectingfalsedetections.

7Eachtraianig imagewas used5 timesduring training, with randomvariationsin scale(from
X 2tox(1+ 2)),in-planerotation( 45 ), brightnesg 20),andcontrasi(from 0.8to0 1.3).

To trainthenetwork, we made9 passeshroughthis data,thoughit mostlycornvergedafterabout
the rst 6 passesThetrainingsystemwasimplementedn the LushlanguaggBottouandLeCun,
2002). Thetotal trainingtime wasabout26 hourson a2GhzPentium4. At the endof training,the
network hadcorvergedto anequalerror rate of 5% on thetraining dataand6% on a separateest
setof 90,000images.

A standaloneersionof the detectionsystemwasimplementedn the C languagelt candetect,
locate,andestimatehe poseof faceghatarebetweem0 and250pixelshighin a640 480image
atroughly5 framespersecondna2.4GHzPentium4.

4.2 Synergy Tests

Thegoalof the synepgy testwasto verify thatbothfacedetectiorandposeestimationbene t from
learningandrunningin parallel. To testthis claim we built threenetworks with almostidentical
architectureshut trainedto performdifferenttasks.The rst onewastrainedfor simultaneous$ace
detectionandposeestimation(combined) the secondwastrainedfor detectiononly andthe third
for poseestimationonly. The“detectiononly” network hadonly oneoutputfor indicatingwhether
or notits input wasa face. The “poseonly” network wasidenticalto the combinednetwork, but
trainedon facesonly (no negative examples).Figure7 shawvs theresultsof runningthesenetworks
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on our 10,000testimages.In boththesegraphs,we seethatthe pose-plus-detectionetwork had
betterperformancegon rming thattrainingfor eachtaskbene tstheother

4.3 Standard Data Sets

Thereis no standardiatasetthat spanghe rangeof posesour systemis designedo handle.There
are,however, datasetsthathave beenusedto testmorerestrictedfacedetectorseachsetfocusing
on aparticularvariationin pose.By testinga singledetectomith all of thesesets,we cancompare
our performanceagainst publishedsystems.As far aswe know, we arethe rst to publishresults
for asingledetectoron all thesedatasets.The detailsof thesesetsaredescribedelow:

MIT+CMU (SungandPoggio,1998;Rowley etal., 1998a)- 130imagesfor testingfrontal face
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detectors. We count517 facesin this set, but the standardtestsonly usea subsetof 507 faces,
becausd0facesarein thewrongposeor otherwisenot suitablefor thetest.(Note: about2% of the
facedn thestandardsubsetirebadly-dravn cartoonswhich we do notintendour systemnto detect.
Neverthelesswe includethemin theresultswe report.)

TILTED (Rowley etal., 1998b)- 50 imagesof frontal faceswith in-planerotations.223facesout
of 225arein the standardsubset.(Note: about20% of thefacesin the standardsubsetareoutside
of the 45 rotationrangefor which our systemis designed.Again, we still includethesein our
results.)

PROFILE (Schneidermamand Kanade,2000)— 208 imagesof facesin pro le. Thereseemdgo
be somedisagreemeraboutthe numberof facesin the standardsetof annotationsSchneiderman
andKanade(2000)reportsusing347facesof the462thatwe found,JonesandViola (2003)reports
using 355, andwe found 353 annotations.However, thesediscrepancieshouldnot signi cantly
effectthereportedresults.

We counteda faceasbeingdetectedf 1) atleastonedetectionlay within a circle centerecbn
the midpointbetweerthe eyes,with aradiusequalto 1.25timesthedistancefrom thatpointto the
midpoint of the mouth,and2) that detectioncameat a scalewithin a factorof two of the correct
scalefor thefaces size. We counteda detectionasa falsepositive if it did notlie within thisrange
for ary of thefacesin theimage,includingthosefacesnotin the standardsubset.

Theleft graphin Figure8 shavs ROC curvesfor ourdetectoonthethreedatasets.Figures9, 10
shawv detectionresultson variousposes.Table 1 shavs our detectionratescomparedagainstother
multi-view systemdor which resultsweregivenon thesedatasets.We wantto stressherethatall
thesesystemsaaretestedn a posespeci ¢ manner:for example,a detectortestedon TILTED setis
trainedonly onfrontaltilted faces.Sucha detectowill notbeableto detectnonfrontaltilted faces.
Combiningall posevariationsin onesystemolviously will increasehe numberof falsepositives,
sincefalsepositivesof view-basedletectorsarenot necessarilcorrelated Our systemis designed
to handleall posevariations.This makesthe comparisorin Tablel somavhatunfair to our system,
but we don't seeary otherway of comparisoragainstothersystems.

Thetableshavsthatourresultsonthe TILTED andPROFILE setsaresimilarto thoseof thetwo
Jonesk Viola detectorsandevenapproactthoseof the Rowley etal andSchneiderma@. Kanade
non-real-timedetectorsThosedetectorshowever, arenotdesignedo handleall variationsin pose,
anddo not yield poseestimates.More recentsystemreportedin Huanget al. (2004)is alsoreal-
time and canhandleall posevariation,but doesnt yield poseestimates.Unfortunately they also
reportthe resultsof posespeci ¢ detectors.Theseresultsarenot shavn in Table1, becausehey
reportdifferentpointson ROC curwe in the PROFILE experiment(86:2% for 0.42f.p perimage)
andthey didn't testonthe TILTED set. Eventhoughthey traineda combineddetectorfor all pose
variations,they did not testit the way we did. Their testconsistsin runningthe full detectoron
the PROFILE setrotatedby [-30, 30] degreesin-plane. Unfortunately they do not provide enough
detailsto recreateheir testset.

Theright sideof Figure8 shavs our performanceat poseestimation. To make this graph,we
x edthe detectionthresholdat a valuethatresultedin about0.5 falsepositvesperimageover all
threedatasets.We thencomparedhe poseestimatedor all detectedaces(includingthosenotin
the standardsubsetspgainstour manualposeannotationsNote thatthis testis moredif cult than
typical testsof poseestimationsystemswherefacesare rst localizedby hand. Whenwe hand-
localizethesefaces,89% of yaws and 100%of in-planerotationsarecorrectlyestimatedo within
15.
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Figure9: SomeexamplefacedetectionsEachwhite boxshavsthelocationof adetectedace.The
angleof eachbox indicatesthe estimatedn-planerotation. The black crosshairswvithin
eachboxindicatethe estimated/aw.
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Figure10: More examplesof facedetections.
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Dataset! TILTED PROFILE MIT+CMU

Falsepositivesperimage ! 4.42 | 26.90 44 | 3.36 50 | 1.28

Our detector 90% 97% || 67% | 83% | 83% | 88%
Jonesand Viola (2003)(tilted) 90% 95% X X
Jonesand Viola (2003)(pro le) X 70% | 83% X
Rowley etal. (1998a) 89% | 96% X X
SchneidermaandKanade(2000) X 86% \ 93% X

Tablel: Comparison®f ourresultswith othermulti-view detectorsEachcolumnshovsthedetec-
tion ratesfor a given averagenumberof falsepositvesperimage(theseratescorrespond
to thosefor which otherauthorshave reportedresults).Resultsfor real-timedetectorsare
shawvn in bold. Notethatoursis the only singledetectothatcanbetestedon all datasets
simultaneously

5. Conclusion

The systenwe have presentedhereintegratesdetectionand poseestimationby traininga cornvolu-
tional network to mapfacego pointson amanifold, parameterizetly pose andnon-faceso points
far from the manifold. The network is trainedby optimizing a lossfunction of threevariables—
image,poseandface/non-dcelabel. Whenthethreevariablesnatch theenegy functionis trained
to have asmallvalue,whenthey do not match,it is trainedto have alargevalue.

This systemhasseveraldesirableproperties:

Theuseof a corvolutionalnetwork makesit fast. At typical webcanresolutionsijt canprocess
framespersecondna2.4GhzPentiumd4.

It is robustto a wide rangeof posesjncludingvariationsin yaw upto 90 , in-planerotationup
to 45, andpitchupto 60 . Thishasbeenveri ed with testson threestandardiatasets,each
designedo testrobustnesaginsta singledimensionof posevariation.

At the sametime thatit detectsfaces,it producesestimatef their pose. On the standarddata
sets,the estimateof yaw andin-planerotationarewithin 15 of manualestimatesver 80% and
95% of thetime, respecitiely.

We have shavn experimentallythat our systems$ accurag at both poseestimationand face
detectionis increasedy trainingfor thetwo taskstogether
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