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Abstract

Facedetectionis a crucialtechnologyfor the developmentof new com-
puter systemsthat interactwith humansin a naturalmanner Rowley,
Baluja,andKanade(1998),Roth, Yang,andAhuja (2000)andViola and
Joneq2001)areexamplesof stateof theartfacedetectionsystemseach
of whichemploy awide variety of techniquesWhile the developmenbf
suchcompletesystemss a animportantfirst stepit is alsocrucialfor the
adwancemenin thefield to analyzein detail of how the differentpieces
of thesesystemscontributeto their successin this paperwe presentl6
differentexperimentsdesignedo perform a systematiccomparisonof
thetechniquesisedin someof themostsuccessfuheurallyinspiredface
detectorRowley etal., 1998;Rothetal., 2000; Viola & Jones2001).
We reportthreemainfindings: First, we presentonfirmationof SNoW'’s
effectivenessn thefacedetectiortaskandanalyzehow it solvesthetask.
Secondwe find thatrepresentationbasedon local receptve fields like
the onesusedin Rowley et al. consistentlyprovide betterperformance
thanfull connectity approaches.Third, we find that the actve sam-
pling techniquessuchas AdaBoostand Bootstrapconsistentlyprovide
significantimprovements.

1 Intr oduction

Facedetectionis a crucialtechnologyfor applicationssuchasfacerecognition,automatic
lip-reading, and facial expressionrecognition(Pentland, Moghaddam & Starner 1994;
Donato,Bartlett, Hager Ekman,& Sejnavski, 1999)). Despitethe strongneedfor good
facedetectionsystemsthe taskhasprovendifficult andis anareaof active development.
Oneaspectthat hasslowed down progressn this areais the lack of metastudieswhose
goalis notjust the developmentof completesystemsbut the analysisof how the different
piecesof a systemcontribute to its success.The goal of this studythenis to performa
systematicomparisorof techniquesisedin threeof the mostsuccessfuheurallyinspired
facedetectionsystemgeportedin the literatureRowley et al. (1998),Roth et al. (2000).
While the high-level framenork for eachof thesefacedetectorss very similar, theunder
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lying classifiersvary in the representationased,the useof ensemblagechniquesandthe
useof active samplingfor improving trainingdata.

A crucial problemin machineperceptiontasks,includingfacedetections finding a use-
ful imagerepresentationsA wide variety of possiblerepresentationarepossible suchas
raw pixel values,colors,groupsof pixelsor responseso differentfilters. Neuralnetwork

researcthastraditionally favored low dimensional,compressedepresentationé.e., far

fewer dimensionghanpixels),sincetheuseof high dimensionatepresentationsave long

beenthoughtto make generalizatiordifficult. However, severalrecentfacedetectorshave

beentremendouslhsuccessfutlespitetheir useof representationthatusefar moredimen-
sionsthanpixels(for each20 x 20 pixelimage,Viola & Jones2001used45,396features,
while Rothetal., 2000used102,400features) Explanationf the ability of thesesystems
to achieve suchgreatsuccesslespitegoing strongly againstthe intuitions of traditional

neuralnetwork researctareneeded.

A secondssue particularto facedetectionjs thatthe setof all possiblenonfaceimagess
immensecomparedo the setof possiblefaces It is thusimportantto evaluatethe effec-
tivenes®f algorithmsthatattemptto automaticallyfind representatie sample®f nonfaces
thatwill bemostusefulfor training. ThesemethodswhichincludeAdaBoost(in Viola &
Jones2001)andthe“Bootstrap”method(in Rowley etal., 1998;Rothetal., 2000; Viola
& Jones2001),allow theclassifierin developmento improve its performancédy actively
focusingattentionon the mostinformative exampleswith respecto the currentknowledge
stateduring training. AdaBoostdoesthis by alteringthe importanceof examplesin the
currenttraining set,while Bootstrapseeksout andaddsnewn examplego thetrainingset.

2 FaceDetectionFramework and Image Database

The facedetectorusedthroughoutthis paperis basedon the systemdescribedn Rowley
etal. (1998). A smallwindow is scannedacrosseachimageand a classifieris applied
to eachwindow, returningface or nonfaceat eachlocation. This is repeatecdat multiple
scales.Finally, nearbydetectionsaresuppressedsingthe clusteringandoverlapremoval
techniqueslescribedn Rowley etal. (1998).

For training, we randomlyselected443frontal facesfrom the FERET databaseEachim-
agewasmanuallycroppedandnormalizedo have the samescaleandpositionby aligning
eyes,noseandcenterof mouthin a20 x 20 window. To maketheclassifierdesssensitveto
rotation,translationandscale randomamount=f rotationof upto +5 degreestranslation
up to half a pixel, andscalingup to +£10% wereaddedto copiesof theimages expanding
thetraining setto 8232 positive examples.For negative examples,20,000windows were
taken from sceneryimagesobtainedthroughtwo sources:(1) randomimagesweretaken
from a CCD cameraof the insidesand outsidesof four homes,(2) nonfaceimagesran-
domly collectedfrom the Internetwere provided by CompagResearch.aboratories.To
compensatéor differencesn lighting andcameragains,logistic normalization(Movellan,
1995) wasperformedn eachimage with respecto anoval maskto block outbackground
pixels. Thisnormalizatiorstepwasalsoperformedor eachwindow in thedetectiorphase.

3 Factorsfor Comparison

We constructedsixteenexperimentalclassifiers,eachusing a combinationof the factors
usedin the Rowley et al. (1998),Roth et al. (2000) and Viola and Jones(2001)facede-
tectors. The goal of theseexperimentswasto clarify which particulartechniqueswere
responsibldor the succes®f thesealgorithms.Thetechniquesomparedvereasfollows:

WUsing X = 1/(1 4 e~"(81/¥7) wherep ando arethe meanandvarianceof thewindow.



Ridge RegressionHoerl andKennard1970)] This methodwasusedfor trainingclassi-
fiersdirectly onrealvaluedpixel inputs. Ridgeregressiorhasbeenshovn to beequivalent
to weight decay(Hertz, Krogh, & Palmer, 1991)in linear networks, which can greatly
improve generalizatiorperformance.

SNoW [Rothetal. (2000)] In contrasto usingraw pixelinputs,this classifierfirst trans-
formsthepixel inputsinto a sparsebinaryrepresentatioandthenuseshe Winnow update
rule of Littlestone(1988)for training. In effect, the resultingnetwork performsan arbi-

trary function on eachinput pixel, thencombineghe function outputslinearly andapplies
a threshold. While this high-dimensionalepresentatioiis counterintuitize to traditional
neuralnetwork researcherdRoth et al. have neverthelesseportedthe mostaccurateface
detectorin theliterature. It is thusimportantto replicateRoth et al’s resultsin orderto

form abetterunderstandingf how SNoW producesuchimpressie results.

Full vs. Local Connectiity [global vs. patches] Rowley et al. (1998) useda stan-
dardbackpropogatiometwork, but usedlocal connectionver 26 rectangulasubrayions
inspiredby Le Cunetal. (1989). The regionswere4 10x10pixel patches16 5x5 pixel

patchesand 6 overlapping20x5 horizontalstripes. In eachexperiment,the component
classifiers(trainedwith ridge regressionor SNoW) received input from eitherthe entire
imageor oneof thesesubragions,whichwerethencombinedusinganensembléechnique.

Bagging[Breiman(1996)] In thisensemblenethodmultipleinstance®f aclassifierare
trainedon randomsampledrom the training set. The final hypothesiof eachclassifieris

thencombinedwith a unity vote. This proceduréhasbeenshownn to improve performance
in mary typesof classifierde.g.,Breiman1996;Opitz & Maclin, 1999).

AdaBoost A modificationof Bagging,AdaBoost(Freund& Schapire,1996)trainsan

ensembleof classifierssequentially For eachround of boosting,a distribution over the

training setis modified so that examplesmisclassifiedn previous roundsof boostingre-

ceive moreemphasisn laterrounds.This procedureguaranteean exponentiallydecreas-
ing upperboundontrainingerror, andin practiceAdaBoosts highly resistanto overfitting

(Opitz & Maclin, 1999;Schapire& Singer 1998.

AdaBoostand Baggingfor Feature Selection TieuandViola (2000)andViola andJones
(2001) usedAdaBoostas a methodfor selectinga few key featuresfrom a large set of

possiblefeatureshy constraininghe weaklearnerso make their decisionusingonly one
featureatatime. Theprocedurés asfollows:

1. For eachfeature train a classifierthatusesonly thatsinglefeatureasinput.

2. Picktheclassifiemwith thebestperformancavith respecto thecurrentdistribution
overthetrainingset.

3. Usingthe AdaBoostequationsghoosea weightfor thatclassifierandupdatethe
distribution overthetrainingset.

4. Remwethefeaturejust usedfrom the setof possiblefeaturesandgo backto step
1. Repeauntil the generalizatiorerror of the ensemblés satisactory or all the
featureshave beenused.Theclassifiers/featuresrecombinedasin AdaBoost.

Using this technique Viola and Joneg2001)wereableto selectabout200 featuresfrom
theirinitial setof 45,396to build ahigh performancdacedetector We testedtheflexibility
of thistechniqueby usingthe Rowley rectangularegionstrainedwith SNoWor AdaBoost
asthebasicfeatures We alsotried replacingAdaBoostwith Baggingin this algorithm.

Bootstrap for singleclassifiers [Bootstrap] Rowley etal. (1998),Rothetal. (2000)and
ViolaandJoneg2001)all useda “Bootstrap”techniquebasedn SungandPoggio(1994).
The Bootstraptechniques anactive samplingtechniquefor expandingthe training setof
a classifierduringtraining. Bootstrapbegins by training a classifieron the full setof face



examplesand a randomsetof 8000 nonfaceexamples. This classifieris thenusedin a
facedetectoron a setof unseerscenenimagesand2000of thefalsealarmsarerandomly
selectedand addedback into the training set. The existing classifieris then discarded,
anda new classifieris trainedon this expandedraining set. The procesgepeatantil the
classifierhassatistctoryperformance.

Bootstrap for ensembleclassifiers [Bootstrap+ Bagging] We createdanovel condition
in which the classifierat eachroundof Bootstrapis saved, andtheresultingclassifiersare
combinedwith a unity vote. Thisis similarto Bagging,but with active samplinginsteadof
randomsampling,andmakesfor afairercomparisorwith otherensemblegechniques.

We traineddifferentclassifiersfrom differentcombinationsof thesemethodsin orderto

teaseapartthe role eachmethodplaysin the succes®f a facedetector Not all possible
combination®f thesemethodscould be practicallytestedagainstall others;whenwe had
to make choices,we focusedour efforts on thoseareaswhich had the greaterscientific
interest.For instancewe wereparticularlyinterestedn providing anintuitive exampleof

how SNoW works, sinceSNoW is intuitively consideredy mary in the computervision

communityto be an unlikely candidatefor good performancen this task. In particular

we focusedon the following questionsi(1) Is the patch-basedepresentatioproposecdy

Rowley helpful? (2) DoesSNoW really work? How? (3) How helpful are AdaBoostand
Baggingin the facedetectiontask?(4) How crucialis the Bootstrapmethod?

4 Resultsand Discussion

For eachexperimentaktlassifier our performanceneasuravasthetotal errorrateonagen-
eralizationsetof 4434unseerfaceandnonfaceexamples;ithis measureseemsappropriate
sincethe classifieraveretrainedto minimize overall error. Table1 shavs theseresultsfor
all theconditions sortedin orderof decreasingrrorrate. Thethreemainfindingswere(1)
SNoW consistentlyperformedamongthe bestclassifiers,confirming the resultsof Roth
etal. (2000). In addition,we found anintuitive explanationfor how SNoW works, which
we describebelow. (2) The Rowley rectangleinputs consistentlyimproved performance
overequialentclassifierghatusedthefull 20 x 20 input. (3) Active samplingconsistently
improved performanceaswell; AdaBoostwas always superiorto the equivalentnetwork
usingBagging,andBootstrapwas usually superiorto the equivalentnetworks thatdidn’t
useBootstrap.

4.1 How SNoW Works

SNoWwasusedin four of the bestfive experimentaklassifiersgemonstratingts strength
in the face detectiontask (the differencesbetweenthe classifiersin experiments13-16
arenot significant,Z = —2.83, p = 0.93). Figuresl and?2 shows differentattemptsto
visualizetherepresentatiotearnecby SNoW Theleft imagein Figurel shavstheweights
of theridgeregressiometwork, andthe centerimageshaws theintensitycorrespondingo
the peakweightin eachpixel of the SNoW network. This imagerepresentshe SNoW'’s
“favorite” face,i.e., the patternof pixel valuesthat maximizesthe output of the SNoW
model.Clearly, atthesurfacelevel, SNoWhaslearnedafavorite facethatis very similarto
thefavorite faceof thelinearnetwork. The rightmostimagein Figure1 shavs the sumof
the weightsfor eachpixel, which Figure2 shavs in greaterdetail. This imagerepresents
theimportanceor attentionalstrengthassignedy SNoWto eachpixel region. Fromthis
imageit is clearthattheareasvhereSNoWhasdevelopedargeweightscorresponalosely
to recognizabldacialfeatureswhile surroundingveightshave beenloweredcloseto zero.
Figure2 displaysthetuningcurveslearnedby SNoWfor eachdifferentpixel position.Note
thatall theimportantpixelshave have unimodaltuningfunctionswith arangeof preferred
intensities. Thefactthatthetuningcurvesdevelopedoy SNoW areunimodalis interesting,



Condition Total Error| Hit Rate | False Alarm Rate
1) Patches + Ridge + Bagging + Bootstrap 47.85 % 52.75% 48.21%
2) Global + Ridge 21.95 % 96.00% 32.46%
3) Global + Ridge + Bagging 21.86 % 96.00% 32.00%
4) Global + Ridge + Bootstrap 11.53 % 92.75% 14.03%
5) Patches + Ridge + Bagging 6.47 % 99.75% 10.09%
6) Global + Ridge + Bagging + Bootstrap 2.28 % 97.75% 2.30%
7) Global + SNoW 0.64 % 98.50% 0.15%
8) Global + SNoW + Bagging 0.46 % 99.00% 0.15%
9) Global + SNoW + Bootstrap 0.35 % 99.75% 0.40%
10) Global + SNoW + Bagging -+ Bootstrap 0.21 % 99.50% 0.04%
11) Global + Ridge + AdaBoost 0.18 % 99.50% 0.00%
12) Global + SNoW + AdaBoost 0.16 % 99.75% 0.15%
13) Patches + SNoW + Bagging 0.16 % 99.75% 0.11%
14) Patches + SNoW + Bagging -+ Bootstrap 0.12 % 99.75% 0.04%
15) Patches + SNoW + AdaBoost 0.12 % 99.75% 0.04%
16) Patches + Ridge + AdaBoost 0.09 % 99.75% 0.00%

Tablel: Performanc®n generalizatiorset.

becaus&NoW couldhave developedarbitrarytuningcurves,suchaslinearly increasingr
decreasingveights(which would be identicalto the ridge regressionsolution). This also
suggestsa possiblearchitecturefor animproved facedetector: sincethe SNoW weights
resemblebandpassuning functions,a classifierthat explicitly usessuchtuning functions
in trainingmay be ableto performevenbetter

Figurel: Left: Theweightsfrom theridgeregressiometwork 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: The sumof the weightsfor eachpixel in SNoW The brighter
apixel is, the moreimportantit is for thatpixel to be closeto the “f avorite” intensity The
high value pixels SNoW focuseson correspondo facial featuressuchaseyes, bridge of
thenose nhostrils,cheeksandforehead.

4.2 Local Connectivity is Better than Full Connectivity

Ensembleclassifierghatsplit theinputinto the Rowley et al. patchedypically performed
betterthanclassifierghatusedfull connectvity for every subclassifier The averageper
formanceof the four bestclassifiersusinglocal patchegexperimentsl3, 14, 15, and16)
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Figure 2: SNoW generatedveightsfrom experiment(4). Eachbox represents pixel,
shaving the weightslearnedby SNoW for that pixel. The x axisis theintensitylevel and
they axisis the magnitudeof the weights. For mostpixelsin which the weightsare not
closeto zero,theweightsresembleatuning curve, or perhaps bandpasféilter.

wassignificantlybetterthanthe performancef equivalentclassifierausingglobalconnec-
tivity (experiments8, 10,11,and12,Z = —2.83, p < .005). Theconclusionwe candraw
from this is thatthe facedetectiontasktruly doesbenefitfrom the useof local receptie
fieldsliketheonesusedin Rowley. Addinglocal connectvity to theridgeregressiorbased
ensemblelassifierssvenimprovedperformanceenoughto producethe bestoverall classi-
fier in the study In addition,the representatiodevelopedby SNoW could be considered
the ultimatelocalistrepresentatiori,e., eachindividual pixel goesthrougha non-linearity
(theequivalentof a hiddenunit) beforebeingintegratedinearly by the outputlayer.

4.3 Active Sampling

The active samplingdoneby AdaBoostandthe Bootstrapmethodimproved performance
over their randomsamplingcounterpartsn all but one condition. Classifiersusing Ad-
aBoost(11,12,15,16) performedsignificantlybetterthanequivalentclassifiersisingBag-
ging (3,5, 8,13, Z = —16.57, p < .005). Interestingly while AdaBoosthelpedin all
casesit wasonly slightly betterthanBaggingwhenusedon SNoW It seemghatSNoWis
ableto accounffor mostof thevariationin thetrainingsetonthefirst roundof Boosting,so
thattheimpactof theactive samplingdoneby AdaBoostis minimal. In contrastAdaBoost
provided hugebenefitsto the ridge regressionclassifiers which ultimately performedas
well asor betterthanthe SNoW classifiers.

Adding Bootstrapto a classifieralsoimproved performancealthoughto a slightly lesser
degreethan AdaBoost.The oneexceptionto this wasBootstrapwith ridge regressiorand
patchesOurhypothesiss thatthechanginghumberof trainingexamplesasBootstrappro-
gresseinteractsnegatively with the choiceof regularizationparametem ridgeregression.



Online adjustmenbf theregularizationtermduringtraining may alleviate this problem.

5 Conclusionsand Futur e Work

This study provides clear evidenceof the usefulnesf someof the techniquesusedin
facedetectionsystemandsuggestseveralareador futureimprovementsFirst, we found
that SNoW is indeeda good classifierfor facedetection. The analysisof the way SNoW
solved the problemsuggestshat a powerful facedetectoramay be built usingexplicit in-
tensitytuningfunctions.Secondthe superiorityof sparsdocal representationgspecially
whenusedwith the AdaBoostfeatureselectionmethod,supportsthe explorationof other
localistrepresentationsi-inally, the improvementsprovided by active samplingmethods,
like Bootstraphasexciting implicationsfor the role of active samplingin othermachine
perceptiortasks.
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