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Abstract

Facedetectionis a crucial technologyfor thedevelopmentof new com-
putersystemsthat interactwith humansin a naturalmanner. Rowley,
Baluja,andKanade(1998),Roth,Yang,andAhuja(2000)andViola and
Jones(2001)areexamplesof stateof theart facedetectionsystems,each
of whichemploy awidevarietyof techniques.While thedevelopmentof
suchcompletesystemsis aanimportantfirst stepit is alsocrucialfor the
advancementin thefield to analyzein detailof how thedifferentpieces
of thesesystemscontributeto their success.In this paperwe present16
differentexperimentsdesignedto perform a systematiccomparisonof
thetechniquesusedin someof themostsuccessfulneurallyinspiredface
detectors(Rowley et al., 1998;Rothet al., 2000;Viola & Jones,2001).
Wereportthreemainfindings:First,wepresentconfirmationof SNoW’s
effectivenessin thefacedetectiontaskandanalyzehow it solvesthetask.
Second,we find that representationsbasedon local receptive fields like
the onesusedin Rowley et al. consistentlyprovide betterperformance
than full connectivity approaches.Third, we find that the active sam-
pling techniquessuchasAdaBoostandBootstrapconsistentlyprovide
significantimprovements.

1 Intr oduction

Facedetectionis a crucial technologyfor applicationssuchasfacerecognition,automatic
lip-reading,and facial expressionrecognition(Pentland,Moghaddam,& Starner, 1994;
Donato,Bartlett,Hager, Ekman,& Sejnowski, 1999)). Despitethe strongneedfor good
facedetectionsystems,the taskhasprovendifficult andis anareaof active development.
Oneaspectthat hasslowed down progressin this areais the lack of metastudieswhose
goal is not just thedevelopmentof completesystemsbut theanalysisof how thedifferent
piecesof a systemcontribute to its success.The goal of this studythenis to performa
systematiccomparisonof techniquesusedin threeof themostsuccessfulneurallyinspired
facedetectionsystemsreportedin the literatureRowley et al. (1998),Roth et al. (2000).
While thehigh-level framework for eachof thesefacedetectorsis very similar, theunder-�
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lying classifiersvary in the representationsused,theuseof ensembletechniques,andthe
useof activesamplingfor improving trainingdata.

A crucialproblemin machineperceptiontasks,includingfacedetection,is finding a use-
ful imagerepresentations.A wide varietyof possiblerepresentationsarepossible,suchas
raw pixel values,colors,groupsof pixelsor responsesto differentfilters. Neuralnetwork
researchhastraditionally favored low dimensional,compressedrepresentations(i.e., far
fewerdimensionsthanpixels),sincetheuseof highdimensionalrepresentationshavelong
beenthoughtto make generalizationdifficult. However, severalrecentfacedetectorshave
beentremendouslysuccessfuldespitetheir useof representationsthatusefarmoredimen-
sionsthanpixels(for each
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pixel image,Viola & Jones,2001used45,396features,

while Rothetal.,2000used102,400features).Explanationsof theability of thesesystems
to achieve suchgreatsuccessdespitegoing stronglyagainstthe intuitions of traditional
neuralnetwork researchareneeded.

A secondissue,particularto facedetection,is thatthesetof all possiblenonfaceimagesis
immensecomparedto thesetof possiblefaces. It is thusimportantto evaluatethe effec-
tivenessof algorithmsthatattemptto automaticallyfind representativesamplesof nonfaces
thatwill bemostusefulfor training. Thesemethods,which includeAdaBoost(in Viola &
Jones,2001)andthe“Bootstrap”method(in Rowley et al., 1998;Rothet al., 2000;Viola
& Jones,2001),allow theclassifierin developmentto improveits performanceby actively
focusingattentiononthemostinformativeexampleswith respectto thecurrentknowledge
stateduring training. AdaBoostdoesthis by altering the importanceof examplesin the
currenttrainingset,while Bootstrapseeksout andaddsnew examplesto thetrainingset.

2 FaceDetectionFramework and ImageDatabase

The facedetectorusedthroughoutthis paperis basedon thesystemdescribedin Rowley
et al. (1998). A small window is scannedacrosseachimageanda classifieris applied
to eachwindow, returningfaceor nonfaceat eachlocation. This is repeatedat multiple
scales.Finally, nearbydetectionsaresuppressedusingtheclusteringandoverlapremoval
techniquesdescribedin Rowley etal. (1998).

For training,we randomlyselected443frontal facesfrom theFERETdatabase.Eachim-
agewasmanuallycroppedandnormalizedto havethesamescaleandpositionby aligning
eyes,noseandcenterof mouthin a
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window. To maketheclassifierslesssensitiveto

rotation,translation,andscale,randomamountsof rotationof upto �
� degrees,translation
up to half a pixel, andscalingup to ��� ��� wereaddedto copiesof theimages,expanding
the training setto 8232positive examples.For negative examples,20,000windows were
taken from sceneryimagesobtainedthroughtwo sources:(1) randomimagesweretaken
from a CCD cameraof the insidesandoutsidesof four homes,(2) nonfaceimagesran-
domly collectedfrom the Internetwereprovidedby CompaqResearchLaboratories.To
compensatefor differencesin lighting andcameragains,logisticnormalization(Movellan,
1995)1 wasperformedoneachimage,with respectto anovalmaskto blockoutbackground
pixels.Thisnormalizationstepwasalsoperformedfor eachwindow in thedetectionphase.

3 Factors for Comparison

We constructedsixteenexperimentalclassifiers,eachusinga combinationof the factors
usedin the Rowley et al. (1998),Roth et al. (2000)andViola andJones(2001)facede-
tectors. The goal of theseexperimentswas to clarify which particulartechniqueswere
responsiblefor thesuccessof thesealgorithms.Thetechniquescomparedwereasfollows:

1Using �������
������� ��!
"$# %'&)(+*-,. /10 , where2 and 3 arethemeanandvarianceof thewindow.



RidgeRegression[Hoerl andKennard(1970)] Thismethodwasusedfor trainingclassi-
fiersdirectlyon realvaluedpixel inputs.Ridgeregressionhasbeenshown to beequivalent
to weight decay(Hertz, Krogh, & Palmer, 1991) in linear networks, which can greatly
improvegeneralizationperformance.

SNoW [Rothetal. (2000)] In contrastto usingraw pixel inputs,thisclassifierfirst trans-
formsthepixel inputsinto asparsebinaryrepresentationandthenusestheWinnow update
rule of Littlestone(1988) for training. In effect, the resultingnetwork performsan arbi-
trary functionon eachinput pixel, thencombinesthefunctionoutputslinearly andapplies
a threshold. While this high-dimensionalrepresentationis counterintuitive to traditional
neuralnetwork researchers,Rothet al. have neverthelessreportedthemostaccurateface
detectorin the literature. It is thus importantto replicateRoth et al.’s resultsin orderto
form a betterunderstandingof how SNoWproducessuchimpressive results.

Full vs. Local Connectivity [global vs. patches] Rowley et al. (1998)useda stan-
dardbackpropogationnetwork, but usedlocal connectionsover26 rectangularsubregions
inspiredby Le Cun et al. (1989). The regionswere4 10x10pixel patches,16 5x5 pixel
patches,and6 overlapping20x5 horizontalstripes. In eachexperiment,the component
classifiers(trainedwith ridge regressionor SNoW) received input from either the entire
imageor oneof thesesubregions,whichwerethencombinedusinganensembletechnique.

Bagging[Breiman(1996)] In thisensemblemethod,multipleinstancesof aclassifierare
trainedon randomsamplesfrom thetrainingset.Thefinal hypothesisof eachclassifieris
thencombinedwith a unity vote. This procedurehasbeenshown to improveperformance
in many typesof classifiers(e.g.,Breiman,1996;Opitz& Maclin, 1999).

AdaBoost A modificationof Bagging,AdaBoost(Freund& Schapire,1996)trainsan
ensembleof classifierssequentially. For eachroundof boosting,a distribution over the
training setis modifiedso thatexamplesmisclassifiedin previous roundsof boostingre-
ceive moreemphasisin laterrounds.This procedureguaranteesanexponentiallydecreas-
ing upperboundontrainingerror, andin practiceAdaBoostis highly resistantto overfitting
(Opitz & Maclin, 1999;Schapire& Singer, 1998.

AdaBoostand Baggingfor FeatureSelection TieuandViola (2000)andViola andJones
(2001) usedAdaBoostas a methodfor selectinga few key featuresfrom a large set of
possiblefeaturesby constrainingtheweaklearnersto make their decisionusingonly one
featureat a time. Theprocedureis asfollows:

1. For eachfeature,traina classifierthatusesonly thatsinglefeatureasinput.

2. Picktheclassifierwith thebestperformancewith respectto thecurrentdistribution
over thetrainingset.

3. UsingtheAdaBoostequations,choosea weight for thatclassifierandupdatethe
distributionover thetrainingset.

4. Removethefeaturejust usedfrom thesetof possiblefeaturesandgobackto step
1. Repeatuntil thegeneralizationerrorof theensembleis satisfactory, or all the
featureshavebeenused.Theclassifiers/featuresarecombinedasin AdaBoost.

Using this technique,Viola andJones(2001)wereableto selectabout200 featuresfrom
their initial setof 45,396to build ahighperformancefacedetector. Wetestedtheflexibility
of this techniqueby usingtheRowley rectangularregionstrainedwith SNoWor AdaBoost
asthebasicfeatures.We alsotried replacingAdaBoostwith Baggingin this algorithm.

Bootstrap for singleclassifiers [Bootstrap] Rowley etal. (1998),Rothetal. (2000)and
Viola andJones(2001)all useda“Bootstrap”techniquebasedonSungandPoggio(1994).
TheBootstraptechniqueis anactive samplingtechniquefor expandingthetrainingsetof
a classifierduringtraining. Bootstrapbeginsby traininga classifieron thefull setof face



examplesanda randomsetof 8000nonfaceexamples. This classifieris thenusedin a
facedetectoronasetof unseensceneryimages,and2000of thefalsealarmsarerandomly
selectedand addedback into the training set. The existing classifieris then discarded,
anda new classifieris trainedon this expandedtrainingset. Theprocessrepeatsuntil the
classifierhassatisfactoryperformance.

Bootstrap for ensembleclassifiers [Bootstrap+ Bagging] Wecreatedanovelcondition
in which theclassifierat eachroundof Bootstrapis saved,andtheresultingclassifiersare
combinedwith aunity vote.This is similar to Bagging,but with activesamplinginsteadof
randomsampling,andmakesfor a fairercomparisonwith otherensembletechniques.

We traineddifferentclassifiersfrom differentcombinationsof thesemethodsin orderto
teaseapartthe role eachmethodplaysin the successof a facedetector. Not all possible
combinationsof thesemethodscouldbepracticallytestedagainstall others;whenwe had
to make choices,we focusedour efforts on thoseareaswhich had the greaterscientific
interest.For instance,we wereparticularlyinterestedin providing anintuitiveexampleof
how SNoWworks,sinceSNoWis intuitively consideredby many in thecomputervision
communityto be an unlikely candidatefor goodperformancein this task. In particular,
we focusedon thefollowing questions:(1) Is thepatch-basedrepresentationproposedby
Rowley helpful? (2) DoesSNoWreally work? How? (3) How helpful areAdaBoostand
Baggingin thefacedetectiontask?(4) How crucial is theBootstrapmethod?

4 Resultsand Discussion

For eachexperimentalclassifier, ourperformancemeasurewasthetotalerrorrateonagen-
eralizationsetof 4434unseenfaceandnonfaceexamples;this measureseemsappropriate
sincetheclassifiersweretrainedto minimizeoverall error. Table1 shows theseresultsfor
all theconditions,sortedin orderof decreasingerrorrate.Thethreemainfindingswere(1)
SNoW consistentlyperformedamongthe bestclassifiers,confirmingthe resultsof Roth
et al. (2000). In addition,we foundanintuitive explanationfor how SNoWworks,which
we describebelow. (2) The Rowley rectangleinputsconsistentlyimprovedperformance
overequivalentclassifiersthatusedthefull

���4�����
input. (3) Activesamplingconsistently

improvedperformanceaswell; AdaBoostwasalwayssuperiorto the equivalentnetwork
usingBagging,andBootstrapwasusuallysuperiorto the equivalentnetworks thatdidn’t
useBootstrap.

4.1 How SNoWWorks

SNoWwasusedin four of thebestfiveexperimentalclassifiers,demonstratingits strength
in the facedetectiontask (the differencesbetweenthe classifiersin experiments13-16
arenot significant, 57698 �;: <1=

, >�6 �?: @1=
). Figures1 and2 shows differentattemptsto

visualizetherepresentationlearnedby SNoW. Theleft imagein Figure1 showstheweights
of theridgeregressionnetwork, andthecenterimageshows theintensitycorrespondingto
the peakweight in eachpixel of the SNoW network. This imagerepresentsthe SNoW’s
“f avorite” face,i.e., the patternof pixel valuesthat maximizesthe outputof the SNoW
model.Clearly, at thesurfacelevel,SNoWhaslearnedafavoritefacethatis verysimilar to
thefavorite faceof thelinearnetwork. Therightmostimagein Figure1 shows thesumof
theweightsfor eachpixel, which Figure2 shows in greaterdetail. This imagerepresents
theimportance,or attentionalstrengthassignedby SNoWto eachpixel region. Fromthis
imageit is clearthattheareaswhereSNoWhasdevelopedlargeweightscorrespondclosely
to recognizablefacialfeatureswhile surroundingweightshavebeenloweredcloseto zero.
Figure2 displaysthetuningcurveslearnedby SNoWfor eachdifferentpixelposition.Note
thatall theimportantpixelshavehaveunimodaltuningfunctionswith a rangeof preferred
intensities.Thefactthatthetuningcurvesdevelopedby SNoWareunimodalis interesting,
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Table1: Performanceon generalizationset.

becauseSNoWcouldhavedevelopedarbitrarytuningcurves,suchaslinearly increasingor
decreasingweights(which would be identicalto the ridgeregressionsolution). This also
suggestsa possiblearchitecturefor an improved facedetector:sincethe SNoW weights
resemblebandpasstuningfunctions,a classifierthatexplicitly usessuchtuning functions
in trainingmaybeableto performevenbetter.

Figure1: Left: Theweightsfrom theridgeregressionnetwork in experiment(2). Brighter
pixelsaremorepositive anddarker pixelsaremorenegative. Center:The“f avorite” pixel
intensitiesfrom the SNoW network in experiment(7). Notice the similarity to the ridge
regressionweights.Right: Thesumof theweightsfor eachpixel in SNoW. Thebrighter
a pixel is, themoreimportantit is for thatpixel to becloseto the“f avorite” intensity. The
high valuepixelsSNoW focuseson correspondto facial featuressuchaseyes,bridgeof
thenose,nostrils,cheeksandforehead.

4.2 Local Connectivity is Better than Full Connectivity

Ensembleclassifiersthatsplit theinput into theRowley et al. patchestypically performed
betterthanclassifiersthatusedfull connectivity for every subclassifier. Theaverageper-
formanceof the four bestclassifiersusinglocal patches(experiments13, 14, 15, and16)



Figure 2: SNoW generatedweightsfrom experiment(4). Eachbox representsa pixel,
showing theweightslearnedby SNoWfor thatpixel. Thex axis is theintensitylevel and
the y axis is the magnitudeof the weights. For mostpixels in which the weightsarenot
closeto zero,theweightsresemblea tuningcurve,or perhapsa bandpassfilter.

wassignificantlybetterthantheperformanceof equivalentclassifiersusingglobalconnec-
tivity (experiments8, 10,11,and12, 5�6�8 �;: <1=

, >�� : �1� � ). Theconclusionwe candraw
from this is that the facedetectiontasktruly doesbenefitfrom the useof local receptive
fieldsliketheonesusedin Rowley. Adding localconnectivity to theridgeregressionbased
ensembleclassifiersevenimprovedperformanceenoughto producethebestoverallclassi-
fier in thestudy. In addition,therepresentationdevelopedby SNoWcouldbeconsidered
theultimatelocalistrepresentation,i.e., eachindividual pixel goesthrougha non-linearity
(theequivalentof a hiddenunit) beforebeingintegratedlinearlyby theoutputlayer.

4.3 ActiveSampling

Theactive samplingdoneby AdaBoostandtheBootstrapmethodimprovedperformance
over their randomsamplingcounterpartsin all but onecondition. ClassifiersusingAd-
aBoost(11,12,15,16)performedsignificantlybetterthanequivalentclassifiersusingBag-
ging (3, 5, 8, 13, 5�6�8��+� : �1� , >�� : �
� � ). Interestingly, while AdaBoosthelpedin all
cases,it wasonly slightly betterthanBaggingwhenusedonSNoW. It seemsthatSNoWis
ableto accountfor mostof thevariationin thetrainingsetonthefirst roundof Boosting,so
thattheimpactof theactivesamplingdoneby AdaBoostis minimal. In contrast,AdaBoost
provided hugebenefitsto the ridge regressionclassifiers,which ultimately performedas
well asor betterthantheSNoWclassifiers.

Adding Bootstrapto a classifieralsoimprovedperformance,althoughto a slightly lesser
degreethanAdaBoost.Theoneexceptionto this wasBootstrapwith ridgeregressionand
patches.Ourhypothesisis thatthechangingnumberof trainingexamplesasBootstrappro-
gressesinteractsnegatively with thechoiceof regularizationparameterin ridgeregression.



Onlineadjustmentof theregularizationtermduringtrainingmayalleviatethisproblem.

5 Conclusionsand Future Work

This study providesclear evidenceof the usefulnessof someof the techniquesusedin
facedetectionsystemsandsuggestsseveralareasfor futureimprovements.First,wefound
thatSNoWis indeeda goodclassifierfor facedetection.Theanalysisof theway SNoW
solvedtheproblemsuggeststhata powerful facedetectorsmaybebuilt usingexplicit in-
tensitytuningfunctions.Second,thesuperiorityof sparselocal representations,especially
whenusedwith theAdaBoostfeatureselectionmethod,supportstheexplorationof other
localist representations.Finally, the improvementsprovidedby active samplingmethods,
like Bootstraphasexciting implicationsfor the role of active samplingin othermachine
perceptiontasks.
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