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Abstract

We presenta neuralnetwork-baseduprightfrontal facedetectionsystem.A retinallycon-
nectedneuralnetworkexaminessmallwindows of an image,anddecideswhethereachwin-
dow containsaface.Thesystemarbitratesbetweenmultiplenetworksto improveperformance
over a singlenetwork. We presenta straightforwardprocedurefor aligningpositive faceex-
amplesfor training. To collectnegative examples,we usea bootstrapalgorithm,which adds
falsedetectionsinto thetrainingsetastrainingprogresses.Thiseliminatesthedif�cult taskof
manuallyselectingnonfacetrainingexamples,whichmustbechosento spantheentirespace
of nonfaceimages.Simpleheuristics,suchasusingthefactthatfacesrarelyoverlapin images,
canfurtherimprove theaccuracy. Comparisonswith severalotherstate-of-the-artfacedetec-
tion systemsarepresented;showing thatour systemhascomparableperformancein termsof
detectionandfalse-positiverates.

Keywords: Facedetection,Patternrecognition,Computervision,Arti�cial neuralnetworks,Ma-
chinelearning

1 Intr oduction

In thispaper, wepresentaneuralnetwork-basedalgorithmto detectupright,frontalviewsof faces
in gray-scaleimages

�

. Thealgorithmworksby applyingoneor moreneuralnetworksdirectly to
portionsof the input image,andarbitratingtheir results. Eachnetworkis trainedto output the
presenceor absenceof a face. Thealgorithmsandtrainingmethodsaredesignedto be general,
with little customizationfor faces.

Many facedetectionresearchershave usedthe idea that facial imagescanbe characterized
directly in termsof pixel intensities.Theseimagescanbecharacterizedby probabilisticmodelsof
thesetof faceimages[4,13,15], or implicitly by neuralnetworksor othermechanisms[3,12,14,
19,21,23,25,26]. Theparametersfor thesemodelsareadjustedeitherautomaticallyfrom example
images(asin ourwork) or by hand.A few authorshave takentheapproachof extractingfeatures
andapplyingeithermanuallyor automaticallygeneratedrulesfor evaluatingthesefeatures[7,11].

Traininga neuralnetworkfor thefacedetectiontaskis challengingbecauseof thedif�culty in
characterizingprototypical“nonface”images.Unlike facerecognition, in which theclassesto be
discriminatedaredifferentfaces,thetwo classesto bediscriminatedin facedetectionare“images
containingfaces”and“imagesnot containingfaces”. It is easyto geta representative sampleof
imageswhichcontainfaces,but muchharderto geta representativesampleof thosewhichdonot.
Weavoid theproblemof usingahugetrainingsetfor nonfacesby selectively addingimagesto the
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trainingsetastrainingprogresses[21]. This “bootstrap”methodreducesthesizeof the training
setneeded.Theuseof arbitrationbetweenmultiplenetworksandheuristicsto cleanup theresults
signi�cantly improvestheaccuracy of thedetector.

Detaileddescriptionsof the examplecollectionand training methods,networkarchitecture,
andarbitrationmethodsaregiven in Section2. In Section3, the performanceof the systemis
examined. We �nd that the systemis able to detect90.5%of the facesover a test set of 130
complex images,with anacceptablenumberof falsepositives. Section4 brie�y discussessome
techniquesthatcanbeusedto makethesystemrunfaster, andSection5 comparesthissystemwith
similarsystems.Conclusionsanddirectionsfor futureresearcharepresentedin Section6.

2 Description of the System

Oursystemoperatesin two stages:it �rst appliesasetof neuralnetwork-based�lters to animage,
andthenusesanarbitratorto combinetheoutputs.The�lters examineeachlocationin theimageat
severalscales,lookingfor locationsthatmightcontainaface.Thearbitratorthenmergesdetections
from individual �lters andeliminatesoverlappingdetections.

2.1 StageOne: A Neural Network-BasedFilter

The �rst componentof our systemis a �lter that receivesas input a 20x20pixel region of the
image,andgeneratesanoutputrangingfrom 1 to -1, signifying thepresenceor absenceof a face,
respectively. To detectfacesanywherein the input, the �lter is appliedat every locationin the
image.To detectfaceslarger thanthewindow size,theinput imageis repeatedlyreducedin size
(by subsampling),andthe �lter is appliedat eachsize. This �lter musthave someinvarianceto
positionandscale. The amountof invariancedeterminesthe numberof scalesandpositionsat
which it mustbeapplied.For thework presentedhere,we applythe�lter at every pixel position
in theimage,andscaletheimagedown by a factorof 1.2for eachstepin thepyramid.

The �ltering algorithmis shown in Fig. 1. First, a preprocessingstep,adaptedfrom [21], is
appliedto a window of the image. Thewindow is thenpassedthrougha neuralnetwork,which
decideswhetherthe window containsa face. The preprocessing�rst attemptsto equalizethe
intensityvaluesin acrossthewindow. We �t a functionwhich varieslinearly acrossthewindow
to the intensityvaluesin an oval region inside the window. Pixels outsidethe oval (shown in
Fig. 2a) may representthe background,so thoseintensityvaluesare ignoredin computingthe
lighting variationacrossthe face. The linear functionwill approximatethe overall brightnessof
eachpart of the window, and can be subtractedfrom the window to compensatefor a variety
of lighting conditions. Thenhistogramequalizationis performed,which non-linearlymapsthe
intensityvaluesto expandtherangeof intensitiesin thewindow. Thehistogramis computedfor
pixelsinsideanoval regionin thewindow. Thiscompensatesfor differencesin camerainputgains,
aswell asimproving contrastin somecases.Thepreprocessingstepsareshown in Fig. 2.

The preprocessedwindow is thenpassedthrougha neuralnetwork. The networkhasretinal
connectionsto its input layer; the receptive �elds of hiddenunitsareshown in Fig. 1. Thereare
threetypesof hiddenunits: 4 which look at 10x10pixel subregions,16 which look at 5x5 pixel
subregions,and6 which look at overlapping20x5pixel horizontalstripesof pixels.Eachof these
typeswaschosento allow the hiddenunits to detectlocal featuresthat might be importantfor
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facedetection.In particular, thehorizontalstripesallow thehiddenunitsto detectsuchfeaturesas
mouthsor pairsof eyes,while thehiddenunitswith squarereceptive �elds might detectfeatures
suchasindividual eyes, the nose,or cornersof the mouth. Although the �gure shows a single
hiddenunit for eachsubregion of the input, theseunits canbe replicated. For the experiments
which aredescribedlater, we usenetworkswith two andthreesetsof thesehiddenunits. Similar
input connectionpatternsarecommonlyusedin speechandcharacterrecognitiontasks[10,24].
Thenetworkhasa single,real-valuedoutput,which indicateswhetheror not thewindow contains
a face.

Examplesof outputfromasinglenetworkareshownin Fig.3. In the�gure, eachboxrepresents
the positionandsizeof a window to which the neuralnetworkgave a positive response.The
networkhassomeinvarianceto positionandscale,which resultsin multiple boxesaroundsome
faces.Notealsothattherearesomefalsedetections;they will beeliminatedby methodspresented
in Section2.2.

To train theneuralnetworkusedin stageoneto serve asanaccurate�lter , a largenumberof
faceandnonfaceimagesareneeded.Nearly1050faceexamplesweregatheredfromfacedatabases
at CMU, Harvard

�

, andfrom theWorld Wide Web. Theimagescontainedfacesof varioussizes,
orientations,positions,andintensities.Theeyes,tip of nose,andcornersandcenterof themouth
of eachfacewerelabelledmanually. Thesepointswereusedto normalizeeachfaceto thesame
scale,orientation,andposition,asfollows:

1. Initialize
�

�

, avectorwhichwill betheaveragepositionsof eachlabelledfeatureoverall the
faces,with thefeaturelocationsin the�rst face

�

� .

2. Thefeaturecoordinatesin
�

�

arerotated,translated,andscaled,sothattheaveragelocations
of theeyeswill appearatpredeterminedlocationsin a20x20pixel window.

3. For eachface � , computethebestrotation,translation,andscalingto aligntheface'sfeatures
���

with the averagefeaturelocations
�

�

. Suchtransformationscanbe written as a linear
functionof their parameters.Thus,we canwrite a systemof linearequationsmappingthe
featuresfrom

�
�

to
�

�

. Theleastsquaressolutionto this over-constrainedsystemyieldsthe
parametersfor thebestalignmenttransformation.Call thealignedfeaturelocations

���

� .

4. Update
�

�

by averagingthealignedfeaturelocations
�

�

�

for eachface � .

5. Goto step2.

Thealignmentalgorithmconvergeswithin � ve iterations,yielding for eachfacea functionwhich
mapsthat faceto a 20x20pixel window. Fifteenfaceexamplesaregeneratedfor thetrainingset
from eachoriginal image,by randomlyrotatingthe images(abouttheir centerpoints)up to �
	�� ,
scalingbetween90%and110%,translatingup to half apixel, andmirroring. Each20x20window
in thesetis thenpreprocessed(by applyinglighting correctionandhistogramequalization).A few
exampleimagesareshown in Fig. 4. Therandomizationgivesthe�lter invarianceto translations
of lessthana pixel andscalingsof 20%.Largerchangesin translationandscalearedealtwith by
applyingthe�lter at every pixel positionin animagepyramid,in which theimagesarescaledby
factorsof 1.2.

Practicallyany imagecanserve asa nonfaceexamplebecausethespaceof nonfaceimagesis
muchlargerthanthespaceof faceimages.However, collectinga “representative” setof nonfaces
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is dif�cult. Insteadof collectingthe imagesbeforetraining is started,the imagesarecollected
duringtraining,in thefollowing manner, adaptedfrom [21]:

1. Createan initial setof nonfaceimagesby generating1000randomimages.Apply thepre-
processingstepsto eachof theseimages.

2. Trainaneuralnetworkto produceanoutputof 1 for thefaceexamples,and-1 for thenonface
examples.Thetrainingalgorithmis standarderrorbackpropogationwith momentum[8]. On
the�rst iterationof this loop, thenetwork's weightsareinitialized randomly. After the�rst
iteration,we usetheweightscomputedby training in theprevious iterationasthe starting
point.

3. Runthesystemonanimageof scenerywhich containsnofaces. Collectsubimagesin which
thenetworkincorrectlyidenti�es a face(anoutputactivation � 	 ).

4. Selectup to 250of thesesubimagesat random,applythepreprocessingsteps,andaddthem
into thetrainingsetasnegative examples.Goto step2.

Someexamplesof nonfacesthat are collectedduring training are shown in Fig. 5. Note that
someof the examplesresemblefaces,althoughthey arenot very closeto the positive examples
shown in Fig. 4. The presenceof theseexamplesforcesthe neuralnetworkto learnthe precise
boundarybetweenfaceandnonfaceimages.Weused120imagesof sceneryfor collectingnegative
examplesin thebootstrapmannerdescribedabove. A typical trainingrun selectsapproximately
8000nonfaceimagesfrom the146,212,178subimagesthatareavailableatall locationsandscales
in the trainingsceneryimages.A similar trainingalgorithmwasdescribedin [5], whereat each
iterationanentirelynew networkwastrainedwith theexampleson which thepreviousnetworks
hadmademistakes.

2.2 StageTwo: Merging Overlapping Detectionsand Arbitration

Theexamplesin Fig. 3 showedthattheraw outputfrom asinglenetworkwill containanumberof
falsedetections.In thissection,wepresenttwo strategiesto improvethereliability of thedetector:
mergingoverlappingdetectionsfrom a singlenetworkandarbitratingamongmultiplenetworks.

2.2.1 Merging Overlapping Detections

Notethatin Fig.3,mostfacesaredetectedatmultiplenearbypositionsor scales,while falsedetec-
tionsoftenoccurwith lessconsistency. This observationleadsto a heuristicwhich caneliminate
many falsedetections.For eachlocationandscale,the numberof detectionswithin a speci�ed
neighborhoodof that locationcanbe counted. If the numberis above a threshold,thenthat lo-
cation is classi�ed as a face. The centroidof the nearbydetectionsde�nes the locationof the
detectionresult,therebycollapsingmultiple detections.In theexperimentssection,this heuristic
will bereferredto as“thresholding”.

If a particularlocationis correctlyidenti�ed asa face,thenall otherdetectionlocationswhich
overlapit are likely to be errors,andcanthereforebe eliminated. Basedon the above heuristic
regardingnearbydetections,wepreserve thelocationwith thehighernumberof detectionswithin
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a small neighborhood,and eliminatelocationswith fewer detections. In the discussionof the
experiments,thisheuristicis called“overlapelimination”.Therearerelatively few casesin which
thisheuristicfails; however, onesuchcaseis illustratedby theleft two facesin Fig.3B, whereone
facepartiallyoccludesanother.

Theimplementationof thesetwo heuristicsis illustratedin Fig.6. Eachdetectionataparticular
locationandscaleis markedin an imagepyramid, labelledthe “output” pyramid. Then,each
locationin thepyramidis replacedby thenumberof detectionsin aspeci�edneighborhoodof that
location.Thishastheeffectof “spreadingout” thedetections.Normally, theneighborhoodextends
anequalnumberof pixelsin thedimensionsof scaleandposition,but for clarity in Fig.6 detections
areonly spreadout in position. A thresholdis appliedto thesevalues,andthecentroids(in both
positionandscale)of all above thresholdregionsarecomputed. All detectionscontributing to
a centroidarecollapseddown to a singlepoint. Eachcentroidis thenexaminedin order, starting
fromtheoneswhichhadthehighestnumberof detectionswithin thespeci�edneighborhood.If any
othercentroidlocationsrepresenta faceoverlappingwith thecurrentcentroid,they areremoved
from theoutputpyramid.All remainingcentroidlocationsconstitutethe�nal detectionresult. In
thefacedetectionwork describedin [3], similarobservationsaboutthenatureof theoutputswere
made,resultingin thedevelopmentof heuristicssimilar to thosedescribedabove.

2.2.2 Arbitration amongMultiple Networks

To further reducethe numberof falsepositives, we canapply multiple networks,andarbitrate
betweentheir outputsto producethe �nal decision.Eachnetworkis trainedin a similar manner,
but with randominitial weights,randominitial nonfaceimages,andpermutationsof theorderof
presentationof the sceneryimages. As will be seenin the next section,the detectionandfalse
positiveratesof theindividualnetworkswill bequiteclose.However, becauseof differenttraining
conditionsand becauseof self-selectionof negative training examples,the networkswill have
differentbiasesandwill makedifferenterrors.

Theimplementationof arbitrationis illustratedin Fig.7. Eachdetectionataparticularposition
andscaleis recordedin an imagepyramid,aswasdonewith the previous heuristics.Oneway
to combinetwo suchpyramidsis by ANDing them.This strategy signalsa detectiononly if both
networksdetecta faceat preciselythesamescaleandposition.Dueto thedifferentbiasesof the
individual networks,they will rarely agreeon a falsedetectionof a face. This allows ANDing
to eliminatemost falsedetections.Unfortunately, this heuristiccandecreasethe detectionrate
becausea facedetectedby only onenetworkwill be thrown out. However, we will seelater that
individual networkscanall detectroughly thesamesetof faces,so that thenumberof faceslost
dueto ANDing is small.

Similarheuristics,suchasORingtheoutputsof two networks,or votingamongthreenetworks,
werealsotried.Eachof thesearbitrationmethodscanbeappliedbeforeor afterthe“thresholding”
and“overlap elimination” heuristics. If appliedafterwards,we combinethe centroidlocations
ratherthanactualdetectionlocations,andrequirethemto be within someneighborhoodof one
anotherratherthanpreciselyaligned.

ArbitrationstrategiessuchasANDing, ORing,or voting seemintuitively reasonable,but per-
hapstherearesomelessobviousheuristicsthatcouldperformbetter. To testthis hypothesis,we
applieda separateneuralnetworkto arbitrateamongmultiple detectionnetworks.For a location
of interest,thearbitrationnetworkexaminesasmallneighborhoodsurroundingthatlocationin the
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outputpyramidof eachindividualnetwork.For eachpyramid,we countthenumberof detections
in a 3x3pixel regionat eachof threescalesaroundthelocationof interest,resultingin threenum-
bersfor eachdetector, whicharefed to thearbitrationnetwork,asshown in Fig. 8. Thearbitration
networkis trainedto producea positive outputfor a givensetof inputsonly if that locationcon-
tainsa face,andto producea negative outputfor locationswithout a face. As will beseenin the
next section,usingan arbitrationnetworkin this fashionproducedresultscomparableto (andin
somecases,slightly betterthan)thoseproducedby theheuristicspresentedearlier.

3 Experimental Results

A numberof experimentswereperformedto evaluatethe system.We �rst show an analysisof
whichfeaturestheneuralnetworkis usingto detectfaces,thenpresenttheerrorratesof thesystem
over two largetestsets.

3.1 Sensitivity Analysis

In orderto determinewhichpartof its input imagethenetworkusesto decidewhethertheinput is
a face,weperformedasensitivity analysisusingthemethodof [2]. Wecollectedapositive testset
basedon thetrainingdatabaseof faceimages,but with differentrandomizedscales,translations,
androtationsthanwereusedfor training. The negative testsetwasbuilt from a setof negative
examplescollectedduringthe trainingof othernetworks.Eachof the 20x20pixel input images
wasdivided into 1002x2 pixel subimages.For eachsubimagein turn, we went throughthe test
set,replacingthatsubimagewith randomnoise,andtestedtheneuralnetwork.Theresultingroot
meansquareerrorof thenetworkon thetestsetis an indicationof how importantthatportionof
theimageis for thedetectiontask.Plotsof theerrorratesfor two networkswe trainedareshown
in Fig. 9. Network1 usestwo setsof thehiddenunits illustratedin Fig. 1, while Network2 uses
threesets.

Thenetworksrely mostheavily on theeyes,thenon thenose,andthenon themouth(Fig. 9).
Anecdotally, wehaveseenthisbehavior onseveralrealtestimages.In casesin whichonly oneeye
is visible,detectionof a faceis possible,thoughlessreliable,thanwhentheentirefaceis visible.
Thesystemis lesssensitive to theocclusionof thenoseor mouth.

3.2 Testing

Thesystemwastestedon two largesetsof images,which aredistinctfrom thetrainingsets.Test
Set1 consistsof a total of 130imagescollectedat CMU, includingimagesfrom theWorld Wide
Web,scannedfrom photographsandnewspaperpictures,anddigitizedfrom broadcasttelevision

�

.
It alsoincludes23imagesusedin [21] to measuretheaccuracy of theirsystem.Theimagescontain
a totalof 507frontal faces,andrequirethenetworksto examine83,099,21120x20pixel windows.
The imageshave a wide variety of complex backgrounds,andareuseful in measuringthe false
alarmrateof the system. Test Set2 is a subsetof the FERETdatabase[16,17]. Eachimage
containsoneface,andhas(in mostcases)a uniform backgroundandgoodlighting. Therearea
widevarietyof facesin thedatabase,whicharetakenatavarietyof angles.Thustheseimagesare
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moreusefulfor checkingtheangularsensitivity of thedetector, andlessusefulfor measuringthe
falsealarmrate.

Theoutputsfrom our facedetectionnetworksarenot binary. Theneuralnetworkproducereal
valuesbetween1 and-1, indicatingwhetheror not the input containsa face. A thresholdvalue
of zerois usedduringtraining to selectthenegative examples(if thenetworkoutputsa valueof
greaterthanzerofor any input from a sceneryimage,it is considereda mistake).Although this
valueis intuitively reasonable,by changingthis valueduringtesting, we canvary how conserva-
tive thesystemis. To examinetheeffect of this thresholdvalueduringtesting,we measuredthe
detectionandfalsepositive ratesasthethresholdwasvariedfrom 1 to -1. At a thresholdof 1, the
falsedetectionrateis zero,but no facesaredetected.As the thresholdis decreased,thenumber
of correctdetectionswill increase,but so will the numberof falsedetections.This tradeoff is
presentedin Fig. 10, which shows thedetectionrateplottedagainstthenumberof falsepositives
asthe thresholdis varied,for thetwo networkspresentedin theprevioussection.Sincethezero
thresholdlocationsarecloseto the“knees”of thecurves,ascanbeseenfrom the�gure, we used
a zerothresholdvaluethroughouttesting.

Table1 shows the performanceof differentversionsof the detectoron TestSet1. The four
columnsshow the numberof facesmissed(out of 507), the detectionrate, the total numberof
falsedetections,and the falsedetectionrate. The last rate is in termsof the numberof 20x20
pixel windows thatmustbeexamined,which is approximately

�����

timesthenumberof pixels in
an image(taking into accountall the levels in the input pyramid). First we testedfour networks
workingalone,thenexaminedtheeffectof overlapeliminationandcollapsingmultipledetections,
and testedarbitrationusing ANDing, ORing, voting, and neuralnetworks. Networks3 and 4
are identical to Networks1 and 2, respectively, except that the negative exampleimageswere
presentedin a differentorderduringtraining. Theresultsfor ANDing andORingnetworkswere
basedon Networks1 and2, while voting andnetworkarbitrationwerebasedon Networks1, 2,
and3. Theneuralnetworkarbitratorsweretrainedusingtheimagesfrom whichthefaceexamples
wereextracted.Threedifferentarchitecturesfor thenetworkarbitratorwereused.The�rst used5
hiddenunits,asshown in Fig.8. Thesecondusedtwo hiddenlayersof 5 unitseach,with complete
connectionsbetweeneachlayer, andadditionalconnectionsbetweenthe�rst hiddenlayerandthe
output.Thelastarchitecturewasasimpleperceptron,with nohiddenunits.

As discussedearlier, the “thresholding”heuristicfor merging detectionsrequirestwo param-
eters,which specify the sizeof the neighborhoodusedin searchingfor nearbydetections,and
the thresholdon thenumberof detectionsthatmustbe found in thatneighborhood.In the table,
thesetwo parametersareshown in parenthesesaftertheword“threshold”.Similarly, theANDing,
ORing,andvoting arbitrationmethodshave a parameterspecifyinghow closetwo detections(or
detectioncentroids)mustbein orderto becountedasidentical.

Systems1 through4 show the raw performanceof the networks. Systems5 through8 use
thesamenetworks,but includethethresholdingandoverlapeliminationstepswhich decreasethe
numberof falsedetectionssigni�cantly, at theexpenseof a smalldecreasein the detectionrate.
The remainingsystemsall usearbitrationamongmultiple networks. Using arbitrationfurther
reducesthe falsepositive rate,andin somecasesincreasesthe detectionrateslightly. Note that
for systemsusingarbitration,theratio of falsedetectionsto windows examinedis extremelylow,
rangingfrom 1 falsedetectionper �����	� ��
�� windows to down to 1 in � �
����������� 	�� , dependingon
thetypeof arbitrationused.Systems10, 11, and12 show that thedetectorcanbe tunedto make
it moreor lessconservative. System10, which usesANDing, givesan extremelysmall number
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of falsepositives,andhasa detectionrateof about77.9%.On theotherhand,System12, which
is basedon ORing, hasa higherdetectionrateof 90.3%but alsohasa larger numberof false
detections.System11 providesa compromisebetweenthe two. Thedifferencesin performance
of thesesystemscanbeunderstoodby consideringthearbitrationstrategy. WhenusingANDing,
a falsedetectionmadeby only onenetworkis suppressed,leadingto a lower falsepositive rate.
On the otherhand,whenORing is used,facesdetectedcorrectlyby only onenetworkwill be
preserved,improving thedetectionrate.

Systems14, 15, and16, all of which useneuralnetwork-basedarbitrationamongthreenet-
works, yield detectionand falsealarmratesbetweenthoseof Systems10 and11. System13,
which usesvoting amongthreenetworks,hasan accuracy betweenthat of Systems11 and12.
System17will bedescribedin thenext section.

Table2 shows theresultof applyingeachof thesystemsto imagesin TestSet2 (a subsetof
publicportionof theFERETdatabase[16,17]). Wepartitionedtheimagesinto threegroups,based
on the nominalangleof the facewith respectto the camera:frontal faces,facesat an angle �����

from the camera,andfacesat an angleof ���

�

� ��� . The directionof the facevariessigni�cantly
within thesegroups.As canbeseenfrom thetable,thedetectionratefor systemsarbitratingtwo
networksrangesbetween97.8%and100.0%for frontal and ��� � faces,while for ���

�

� � faces,the
detectionrateis between91.5%and97.4%. This differenceis becausethe trainingsetcontains
mostlyfrontal faces.It is interestingto notethatthesystemsgenerallyhaveahigherdetectionrate
for facesat anangleof ��� � thanfor frontal faces.Themajority of peoplewhosefrontal facesare
missedarewearingglasseswhich arere�ecting light into thecamera.Thedetectoris not trained
onsuchimages,andexpectstheeyesto bedarkerthantherestof theface.Thusthedetectionrate
for suchfacesis lower.

Basedon the resultsshown in Tables1 and2, we concludedthat both Systems11 and15
makeacceptabletradeoffs betweenthenumberof falsedetectionsandthedetectionrate.Because
System11 is lesscomplex thanSystem15 (usingonly two networksratherthana total of four),
it is preferable.System11 detectson average86.2%of the faces,with an averageof onefalse
detectionper

�

��� �

�

� 	 	�� 20x20pixel windows examinedin TestSet1. Figs.11,12,and13 show
exampleoutputimagesfrom System11 on imagesfrom TestSet1 � .

4 Impr oving the Speed

In this section,we brie�y discusssomemethodsto improve the speedof the system.Thework
describedispreliminary, andis notintendedto beanexhaustiveexplorationof methodsto optimize
theexecutiontime.

Thedominantfactorin therunningtimeof thesystemdescribedthusfar is thenumberof 20x20
pixel windowswhichtheneuralnetworksmustprocess.Applying twonetworkstoa320x240pixel
image(246766windows) on a 200MHz R4400SGI Indigo 2 takesapproximately383seconds.
Thecomputationalcostof the arbitrationstepsis negligible in comparison,taking lessthanone
secondto combinetheresultsof thetwo networksover all positionsin theimage.

Recallthattheamountof positioninvariancein thepatternrecognitioncomponentof our sys-
temdetermineshow many windows mustbeprocessed.In therelatedtaskof licenseplatedetec-
tion, this wasexploitedto decreasethenumberof windows thatmustbeprocessed[22]. Theidea
wasto maketheneuralnetworkbeinvariantto translationsof about25%of thesizeof thelicense
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plate. Insteadof a singlenumberindicatingtheexistenceof a facein the window, the outputof
Umezaki's networkis an imagewith a peakindicatingthe locationof the licenseplate. These
outputsareaccumulatedover theentireimage,andpeaksareextractedto givecandidatelocations
for licenseplates.

Thesameideacanbeappliedto facedetection.Theoriginal detectorwastrainedto detecta
20x20facecenteredin a 20x20window. We canmakethedetectormore�e xible by allowing the
same20x20faceto be off-centerby up to 5 pixels in any direction. To makesurethe network
canstill seethewholeface,thewindow sizeis increasedto 30x30pixels. Thusthecenterof the
facewill fall within a 10x10pixel region at the centerof the window. As before,the network
hasa singleoutput,indicatingthepresenceor absenceof a face. This detectorcanbe moved in
stepsof 10 pixelsacrossthe image,andstill detectall facesthatmight bepresent.Thescanning
methodis illustratedin Fig. 14, which shows the input imagepyramidandwhich of the 10x10
pixel regionsareclassi�edascontainingthecentersof faces.An architecturewith animageoutput
wasalsotried,which yieldedaboutthesamedetectionaccuracy, but requiredmorecomputation.
Thenetworkwastrainedusingthesamebootstrapprocedureasdescribedearlier. Thewindows
arepreprocessedwith histogramequalizationbeforethey arepassedto thenetwork.

As canbeseenfrom the�gure, thisnetworkhasmany morefalsedetectionsthanthedetectors
describedearlier. To improve the accuracy, we treateachdetectionby the 30x30detectorasa
candidate,andusethe20x20detectorsdescribedearlierto verify it. Sincethecandidatefacesare
not preciselylocated,the veri�cation network's 20x20window mustbe scannedover the10x10
pixel region potentiallycontainingthecenterof theface. A simplearbitrationstrategy, ANDing,
is usedto combinetheoutputsof two veri�cation networks.Theheuristicthatfacesrarelyoverlap
canalsobeusedto reducecomputation,by �rst scanningtheimagefor largefaces,andatsmaller
scalesnotprocessinglocationswhichoverlapwith any detectionsfoundsofar. Theresultsof these
veri�cation stepsareillustratedon theright sideof Fig. 14.

With thesemodi�cations,theprocessingtimefor atypical320x240imageis about7.2seconds
ona200MHz R4400SGI Indigo2. To examinetheeffectof thesechangeson theaccuracy of the
system,it wasappliedto thetestsetsusedin theprevioussection.TheresultsarelistedasSystem
17 in Tables1 and2. As canbeseen,this systemhasdetectionandfalsealarmratescomparable
with themostconservativeof theothersystems,System10.

Furtherperformanceimprovementscanbemadeif oneis analyzingmany picturestakenby a
stationarycamera.By takingapictureof thebackgroundscene,onecandeterminewhichportions
of the picturehave changedin a newly acquiredimage,andanalyzeonly thoseportionsof the
image.Similarly, a skincolor detectorlike theonepresentedin [9] canrestrictthesearchregion.
Thesetechniques,takentogether, haveprovenusefulin building analmostreal-timeversionof the
systemsuitablefor demonstrationpurposes,whichcanprocessa320x240imagein 2 to 4 seconds,
dependingon theimagecomplexity.

5 Comparisonto Other Systems

SungandPoggiodevelopeda facedetectionsystembasedon clusteringtechniques[21]. Their
system,like ours,passesa smallwindow over all portionsof theimage,anddetermineswhether
a faceexists in eachwindow. Their systemusesa supervisedclusteringmethodwith six “face”
andsix “nonface”clusters.Two distancemetricsmeasurethe distanceof an input imageto the
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prototypeclusters,the �rst measuringthe distancebetweenthe testpatternandthe cluster's 75
mostsigni�cant eigenvectors,andthe secondmeasuringthe Euclideandistancebetweenthe test
patternandits projectionin the 75 dimensionalsubspace.The laststepin their systemis to use
eithera perceptronor a neuralnetworkwith a hiddenlayer, trainedto classifypointsusingthe
two distancesto eachof the clusters. Their systemis trainedwith 4000positive examplesand
nearly47500negativeexamplescollectedin thebootstrapmanner. In comparison,oursystemuses
approximately16000positiveexamplesand9000negativeexamples.

Table3 showstheaccuracy of theirsystemonasetof 23images(aportionof TestSet1),along
with theresultsof oursystemusingtheheuristicsemployedby Systems10,11,and12 in Table1.
In [21], 149 faceswerelabelledin this testset,while we labelled155. Someof thesefacesare
dif�cult for eithersystemto detect.AssumingthatSungandPoggiowereunableto detectany of
thesix additionalfaceswe labelled,thenumberof facesmissedby their systemis six morethan
listed in their paper. Table3 shows that for equalnumbersof falsedetections,we canachieve
slightly higherdetectionrates.

Osuna,Freund,andGirosi [14] have recentlyinvestigatedfacedetectionusinga framework
similar to thatusedin [21] andin our own work. However, they usea “supportvectormachine”
to classifyimages,ratherthana clustering-basedmethodor a neuralnetwork.Thesupportvector
machinehasa numberof interestingproperties,including the fact that it makesthe boundary
betweenfaceandnonfaceimagesmoreexplicit. Theresultof their systemonthesame23 images
usedin [21] is givenin Table3; theaccuracy is currentlyslightlypoorerthantheothertwo systems
for thissmalltestset.

As with SungandPoggio'swork,MoghoddamandPentland'sapproachusesa two component
distancemeasure,but combinesthetwo distancesin aprincipledwaybasedontheassumptionthat
thedistribution of eachclusteris Gaussian[13]. Theclustersareusedtogetherasa multi-modal
Gaussiandistribution, giving a probabilitydistribution for all faceimages.Facesaredetectedby
measuringhow well eachwindow of theinput image�ts thedistribution,andsettinga threshold.
Thisdetectiontechniquehasbeenappliedto faces,andto thedetectionof smallerfeatureslike the
eyes,nose,andmouth.

MoghaddamandPentland'ssystem,alongwith severalothers,wastestedin theFERETevalua-
tion of facerecognitionmethods[16,17]. Althoughtheactualdetectionerrorratesarenotreported,
anupperboundcanbederivedfrom therecognitionerrorrates.Therecognitionerrorrate,aver-
agedover all thetestedsystems,for frontal photographstakenin thesamesitting is lessthan2%
(seethe rank 50 resultsin Figure4 of [16]). This meansthat the numberof imagescontaining
detectionerrors,eitherfalsealarmsor missingfaces,waslessthan2%of all images.Anecdotally,
theactualerrorrateis signi�cantly lessthan2%. As shown in Table2, our systemusingthecon-
�guration of System11 achievesa 2% error rateon frontal faces.Given the largedifferencesin
performanceof oursystemon TestSet1 andtheFERETimages,it is clearthatthesetwo testsets
exercisedifferentportionsof the system.The FERETimagesexaminethe coverageof a broad
rangeof facetypesundergoodlighting with unclutteredbackgrounds,while TestSet1 teststhe
robustnessto variablelighting andclutteredbackgrounds.

The candidateveri�cation processusedto speedup our system,describedin Section4, is
similar to thedetectiontechniquepresentedin [23]. In thatwork, two networkswereused.The
�rst networkhasa singleoutput,andlike our systemit is trainedto producea positive valuefor
centeredfaces,andanegativevaluefor nonfaces.Unlikeoursystem,for facesthatarenotperfectly
centered,thenetworkis trainedto produceanintermediatevaluerelatedto how far off-centerthe



Rowley, Baluja,andKanade:NeuralNetwork-BasedFaceDetection(PAMI, January1998) 11

faceis. Thisnetworkscansover theimageto producecandidatefacelocations.Thenetworkmust
beappliedat every pixel position,but it runsquickly becauseof theits architecture:usingretinal
connectionsand sharedweights,much of the computationrequiredfor one applicationof the
detectorcanbereusedat theadjacentpixel position.This optimizationrequiresthepreprocessing
to havearestrictedform, suchthatit takesasinput theentireimage,andproducesasoutputanew
image. The nonlinearwindow-by-window preprocessingusedin our systemcannotbe used. A
secondnetworkis usedfor preciselocalization:it is trainedto producea positive responsefor an
exactly centeredface,anda negative responsefor faceswhich arenot centered.It is not trained
at all onnonfaces.All candidateswhich producea positive responsefrom thesecondnetworkare
outputasdetections.Onepossibleproblemwith this work is that thenegative trainingexamples
areselectedmanuallyfrom a smallsetof images(indoorscenes,similar to thoseusedfor testing
the system). It may be possibleto makethe detectorsmorerobust usingthe bootstraptraining
techniquedescribedhereandin [21].

In recentwork, ColmenarezandHuangpresenteda statisticallybasedmethodfor facedetec-
tion [4]. Their systembuilds probabilisticmodelsof thesetsof facesandnonfaces,andcompares
how well eachinputwindow compareswith thesetwo categories.Whenappliedto TestSet1, their
systemachievesa detectionratebetween86.8%and98.0%,with between6133and12758false
detections,respectively, dependingon a threshold. Thesenumbersshouldbe comparedto Sys-
tems1 through4 in Table1, which have detectionratesbetween90.9%and92.1%,with between
738and945falsedetections.Althoughtheir falsealarmrateis signi�cantly higher, their system
is quitefast. It would beinterestingto usethis systemasa replacementfor thecandidatedetector
describedin Section4.

6 Conclusionsand Futur eResearch

Our algorithmcan detectbetween77.9%and90.3%of facesin a set of 130 test images,with
anacceptablenumberof falsedetections.Dependingon theapplication,thesystemcanbemade
moreor lessconservative by varyingthearbitrationheuristicsor thresholdsused.Thesystemhas
beentestedon a wide varietyof images,with many facesandunconstrainedbackgrounds.A fast
versionof thesystemcanprocessa 320x240pixel imagein 2 to 4 secondson a 200MHz R4400
SGI Indigo2.

Therearea numberof directionsfor futurework. Themain limitation of the currentsystem
is that it only detectsuprightfaceslooking at thecamera.Separateversionsof thesystemcould
betrainedfor eachheadorientation,andtheresultscouldbecombinedusingarbitrationmethods
similarto thosepresentedhere.Preliminarywork in thisareaindicatesthatdetectingpro�les views
of facesis moredif�cult thandetectingfrontal views,becausethey have fewerstablefeaturesand
becausethe input window will containmorebackgroundpixels. We have alsoappliedthe same
algorithmfor thedetectionof cartiresandhumaneyes,althoughmorework is needed.

Even within the domainof detectingfrontal views of faces,morework remains. Whenan
imagesequenceis available,temporalcoherencecanfocusattentionon particularportionsof the
images.As a facemovesabout,its locationin oneframeis a strongpredictorof its locationin
next frame.Standardtrackingmethods,aswell asexpectation-basedmethods[2], canbeapplied
to focusthedetector'sattention.Othermethodsof improving systemperformanceincludeobtain-
ing morepositive examplesfor training,or applyingmoresophisticatedimagepreprocessingand
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normalizationtechniques.
Oneapplicationof this work is in the areaof mediatechnology. Every year, improved tech-

nology provides cheaperand more ef�cient ways of storing and retrieving visual information.
However, automatichigh-level classi�cationof the informationcontentis very limited; this is a
bottleneckthatpreventsmediatechnologyfrom reachingits full potential. Systemsutilizing the
detectordescribedabove allow a userto makerequestsof the form “Show me the peoplewho
appearin this video” [18,20] or “Which imageson theWorld Wide Webcontainfaces?”[6] and
to have theirqueriesansweredautomatically.
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�

An interactivedemonstrationof thesystemis availableon theWorld Wide Webat
http://www.cs.cmu.edu/˜har/faces .html , whichallowsanyoneto submitimages
for processingby thefacedetector, andto seethedetectionresultsfor picturessubmittedby other
people.

�

Dr. WoodwardYangat Harvard provided over 400 mug-shotimageswhich arepart of the
trainingset.

�

Theseimagesareavailableover theWorld Wide Web,at theURL
http://www.cs.cmu.edu/˜har/faces .html .

� Speci�cally, weusedimagesfromgroups1 and3,with labelsfa andfb for thefrontalgroup,
rb andrc for the � � � group,andql andqr for the � �

�

� � group.

�
After painstakinglytrying to arrangetheseimagescompactlyby hand,we decidedto usea

moresystematicapproach.Theseimageswerelaid out automaticallyby the PBIL optimization
algorithm[1]. Theobjective functiontriesto packimagesascloselyaspossible,by maximizing
theamountof spaceleft over at thebottomof eachpage.
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histogramequalizationis applied,to correctfor differentcameragainsandto improve contrast.
For eachof thesesteps,themappingis computedbasedon pixels insidetheoval mask,andthen
appliedto theentirewindow.
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BA

Figure3: Imageswith all theabove thresholddetectionsindicatedby boxes.

Figure4: Examplefaceimages(theauthors),randomlymirrored,rotated,translated,andscaled
by smallamounts.

Figure5: During training, the partially-trainedsystemis appliedto imagesof scenerywhich do
not containfaces(like theoneon theleft). Any regionsin theimagedetectedasfaces(which are
expandedandshown on theright) areerrors,which canbeaddedinto thesetof negative training
examples.
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arecollapsedto singlepoints.In theexampleshown, this leavesonly two detectionsin theoutput
pyramid.D) The�nal stepis to checktheproposedfacelocationsfor overlaps,andE) to remove
overlappingdetectionsif they exist. In thisexample,removing theoverlappingdetectioneliminates
whatwouldotherwisebea falsepositive.

� ��

� �

� ��

�

� �

� ��

�

� ��

� �

� �	

	


 



 
�

�

�

�





� �

� ��

�

� �

� ��

�

�

��

�

��

�� ��

�

��

�

��

�

��

�

  

  !

!

" "

" "#

#

$ $%

& &

& &'

'

( (

( ()

)

* *

* *+

+

, ,-.

./

/

0

01

1

234 45

6 6

6 67

7

8 8

8 89

9

:;<= >?

AND

Network 2's detections (in an image pyramid)

Result of AND (false detections eliminated)

False detect

Network 1's detections (in an image pyramid)

False detects

Figure7: ANDing togethertheoutputsfrom two networksover differentpositionsandscalescan
improvedetectionaccuracy.



Rowley, Baluja,andKanade:NeuralNetwork-BasedFaceDetection(PAMI, January1998) 20

� �

� ��

�

� �

� ��

�

� �

� ��

�

� �

� ��

�

�

�	

	


 



 
�

�

In
pu

t i
m

ag
e 

at
 th

re
e 

sc
al

es
, w

ith
 d

et
ec

tio
ns

 fr
om

 o
ne

 n
et

w
or

k

image pyramidfrom one network overlaid
Input images, detections Detection centers in an

211

(outside the current region of interest)

(maximum of 9)

652 5

of interest at a particular scale

A
rb

itr
at

io
n 

ne
tw

or
k

Number of detections near region

Region around location of interest

networks are not shown

Location of interest

decision is recorded.

Detections from other

sc
al

es
 a

ro
un

d 
lo

ca
tio

n 
of

 in
te

re
st

D
et

ec
tio

ns
 fr

om
 th

re
e 

ne
tw

or
ks

 a
t t

hr
ee

Location of interest, where

R
es

ul
t o

f a
rb

itr
at

io
n

Where a detection network found a face

2 0

Hidden units

Network 1 Network 2 Network 3

Where the network found a face

Output unit

Figure8: Theinputsandarchitectureof thearbitrationnetworkwhich arbitratesamongmultiple
facedetectionnetworks.



Rowley, Baluja,andKanade:NeuralNetwork-BasedFaceDetection(PAMI, January1998) 21

0

5

10

15

20

0

10

20

0.3

0.35

0.4

0.45

0.5

0

5

10

15

20

0

10

20

0.3

0.35

0.4

0.45

0.5

Face at Same Scale Network 2Network 1

Figure9: Errorrates(verticalaxis)onatestcreatedby addingnoiseto variousportionsof theinput
image(horizontalplane),for two networks.Network1 hastwo copiesof thehiddenunitsshown
in Fig. 1 (a total of 58 hiddenunits and2905connections),while Network2 hasthreecopies(a
totalof 78hiddenunitsand4357connections).

0.65

0.7

0.75

0.8

0.85

0.9

0.95

1

1e-08 1e-07 1e-06 1e-05 0.0001 0.001 0.01 0.1 1

F
ra

ct
io

n 
of

 F
ac

es
 D

et
ec

te
d

False Detections per Windows Examined

ROC Curve for Test Sets A, B, and C

 zero
zero 

Network 1
Network 2

Figure10: Thedetectionrateplottedagainstfalsepositiveratesasthedetectionthresholdis varied
from -1 to 1, for thesamenetworksasFig.9. Theperformancewasmeasuredoverall imagesfrom
TestSet1. The pointslabelled“zero” arethezerothresholdpointswhich areusedfor all other
experiments.



Rowley, Baluja,andKanade:NeuralNetwork-BasedFaceDetection(PAMI, January1998) 22

Table1: Detectionanderror ratesfor TestSet1, which consistsof 130imagesandcontains507
frontal faces.It requiresthesystemto examineatotalof 8309921120x20pixel windows.

Missed Detect False Falsedetect
Type System faces rate detects rate
Single
network,
no
heuristics

1) Network1 (2 copiesof hiddenunits(52 total),
2905connections)

45 91.1% 945 1/87935

2) Network2 (3 copiesof hiddenunits(78 total),
4357connections)

38 92.5% 862 1/96402

3) Network3 (2 copiesof hiddenunits(52 total),
2905connections)

46 90.9% 738 1/112600

4) Network4 (3 copiesof hiddenunits(78 total),
4357connections)

40 92.1% 819 1/101464

Single
network,
with
heuristics

5) Network1 � threshold(2,1)� overlapelimination 48 90.5% 570 1/145788

6) Network2 � threshold(2,1)� overlapelimination 42 91.7% 506 1/164227

7) Network3 � threshold(2,1)� overlapelimination 49 90.3% 440 1/188861

8) Network4 � threshold(2,1)� overlapelimination 42 91.7% 484 1/171692

Arbitrating
amongtwo
networks

9) Networks1 and2 � AND(0) 68 86.6% 79 1/1051888

10)Networks1 and2 � AND(0) � threshold(2,3)
� overlapelimination

112 77.9% 2 1/41549605

11)Networks1 and2 � threshold(2,2)� overlap
elimination � AND(2)

70 86.2% 23 1/3613009

12)Networks1 and2 � thresh(2,2)� overlapelim
� OR(2) � thresh(2,1)� overlapelimination

49 90.3% 185 1/449184

Arbitrating
among
three
networks

13)Networks1, 2, 3 � voting(0) � overlap
elimination

59 88.4% 99 1/839385

14)Networks1, 2, 3 � networkarbitration(5 hidden
units) � thresh(2,1)� overlapelimination

79 84.4% 16 1/5193700

15)Networks1, 2, 3 � networkarbitration(10
hiddenunits) � thresh(2,1)� overlapelimination

83 83.6% 10 1/8309921

16)Networks1, 2, 3 � networkarbitration
(perceptron)� thresh(2,1)� overlapelimination

84 83.4% 12 1/6924934

Fast
version

17)Candidateveri®cationmethoddescribedin
Section4

117 76.9% 8 1/10387401

threshold(distance,threshold): Only accepta detectionif thereareat leastthresholddetectionswithin a cube(ex-
tendingalongx, y, andscale)in thedetectionpyramidsurroundingthedetection.Thesizeof thecubeis determined
by distance, which is thenumberof a pixelsfrom thecenterof thecubeto its edge(in eitherpositionor scale).
overlap elimination: It is possiblethat a setof detectionserroneouslyindicatethat facesareoverlappingwith one
another. This heuristicexaminesdetectionsin order(from thosehaving themostvoteswithin a smallneighborhood
to thosehaving theleast),andremoving con¯ictingoverlapsasit goes.
voting(distance),AND(distance),OR(distance):Theseheuristicsareusedfor arbitratingamongmultiplenetworks.
They takea distanceparameter, similar to thatusedby the thresholdheuristic,which indicateshow closedetections
from individualnetworksmustbeto oneanotherto becountedasoccurringat thesamelocationandscale.A distance
of zeroindicatesthat the detectionsmustoccurat preciselythesamelocationandscale.Voting requirestwo out of
threenetworksto detecta face,AND requirestwo outof two, andORrequiresoneout of two to signala detection.
network arbitration(ar chitecture): The resultsfrom threedetectionnetworksarefed into anarbitrationnetwork.
Theparameterspeci®esthenetworkarchitectureused:a simpleperceptron,a networkwith a hiddenlayerof 5 fully
connectedhiddenunits,or a networkwith two hiddenlayersof 5 fully connectedhiddenunitseach,with additional
connectionsfrom the®rst hiddenlayerto theoutput.
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Table2: Detectionanderrorratesfor TestSet2 (theFERETdatabase)

FrontalFaces
�����

Angle �����

���

Angle
Numberof Images 1001 241 378

Numberof Faces 1001 241 378
Numberof Windows 255129875 61424875 96342750

# miss / Detectrate # miss/Detectrate # miss/Detectrate
Type System Falsedetects / Rate Falsedetects/Rate Falsedetects/Rate
Single
network,
no
heuristics

1) Net1 (2 copiesof hidden
units,2905connections)

5 99.5% 1 99.6% 7 98.1%
1747 1/146038 447 1/137415 819 1/117634

2) Net2 (3 copiesof hidden
units,4357connections)

5 99.5% 0 100.0% 11 97.1%
1457 1/175106 481 1/127702 592 1/162741

3) Net3 (2 copiesof hidden
units,2905connections)

4 99.6% 1 99.6% 8 97.9%
1242 1/205418 374 1/164237 605 1/159244

4) Net4 (3 copiesof hidden
units,4357connections)

5 99.5% 1 99.6% 15 96.0%
1665 1/153231 458 1/134115 709 1/135885

Single
network,
with
heuristics

5) Network1 � threshold(2,1)
� overlapelimination

5 99.5% 1 99.6% 12 96.8%
643 1/396780 136 1/451653 263 1/366322

6) Network2 � threshold(2,1)
� overlapelimination

5 99.5% 0 100.0% 12 96.8%
458 1/557052 118 1/520549 146 1/659881

7) Network3 � threshold(2,1)
� overlapelimination

5 99.5% 1 99.6% 10 97.4%
421 1/606009 85 1/722645 133 1/724381

8) Network4 � threshold(2,1)
� overlapelimination

8 99.2% 1 99.6% 20 94.7%
563 1/453161 120 1/511873 207 1/465423

Arbitrating
amongtwo
networks

9) Nets1 and2 � AND(0) 13 98.7% 1 99.6% 20 94.7%
141 1/1809431 46 1/1335323 85 1/1133444

10)Nets1 and2 � AND(0) �

threshold(2,3)� overlapelim
22 97.8% 1 99.6% 32 91.5%
0 0/255129875 0 0/61424875 1 1/96342750

11)Nets1 and2 � thresh(2,2)
� overlapelim � AND(2)

8 99.2% 1 99.6% 17 95.5%
12 1/21260822 3 1/20474958 3 1/32114250

12)Nets1,2� thresh(2,2)� over
� OR(2)� thresh(2,1)� over

3 99.7% 0 100.0% 10 97.4%
137 1/1862261 35 1/1754996 53 1/1817787

Arbitrating
among
three
networks

13)Nets1,2,3 � voting(0) �

overlapelimination
31 96.9% 9 96.3% 28 92.6%
74 1/3447701 23 1/2670646 38 1/2535335

14)Nets1,2,3 � netarb(5
hiddens)� thresh(2,1)� over

11 98.9% 1 99.6% 21 94.4%
5 1/51025975 1 1/61424875 3 1/32114250

15)Nets1,2,3 � netarb(10
hiddens)� thresh(2,1)� over

13 98.7% 1 99.6% 21 94.4%
4 1/63782468 1 1/61424875 2 1/48171375

16)Nets1,2,3 � netarb
(percep)� thresh(2,1)� over

13 98.7% 1 99.6% 21 94.4%
3 1/85043291 1 1/61424875 2 1/48171375

Fast
version

17)Candidateveri®cation
methoddescribedin Section4

20 98.0% 2 99.2% 23 93.9%
2 1/127564937 0 0/61424875 2 1/48171375
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A: 57/57/1

D: 1/1/1B: 4/2/0

E: 8/8/0

C: 4/3/0

Figure11: Outputobtainedfrom System11in Table1 onimagesfrom TestSet1. For eachimage,
threenumbersareshown: thenumberof facesin theimage,thenumberof facesdetectedcorrectly,
andthenumberof falsedetections.Somenoteson speci�c images:Facesaremissedin B (one
dueto occlusion,onedueto largeangle)andC (thestylizeddrawing wasnotdetectedat thesame
locationsandscalesby thetwo networks,andsois lost in theAND). Falsedetectionsarepresentin
A andD. Althoughthesystemwastrainedonly on realfaces,somehanddrawn facesaredetected
in CandE.A wasobtainedfrom theWorld WideWeb,B andE wereprovidedby SungandPoggio
atMIT, C is a CCDimage,andD is adigitizedtelevision image.
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K: 5/4/1

D: 2/2/0

A: 15/15/0

C: 14/12/0

B: 9/9/1

F: 1/1/0

J: 1/1/0

I: 1/1/0

L: 1/1/0

H: 7/5/0

E: 1/1/0

G: 1/1/0

N: 1/1/0M: 1/1/0

Figure12: Outputobtainedin thesamemannerastheexamplesin Fig.11. Somenotesonspeci�c
images:Facesaremissedin C (onedueto occlusion,onedueto largeangle),H (re�ectionsoff of
glassesmadetheeyesappearbrighterthantherestof theface),andK (dueto largeangle).False
detectionsarepresentin B andK. Althoughthesystemwastrainedonly onrealfaces,handdrawn
facesaredetectedin B. A, B, J,K, andL wereprovidedby SungandPoggioat MIT, C, D, E, G,
H, andM werescannedfrom photographs,F andI aredigitizedtelevision images,andN is aCCD
image.



Rowley, Baluja,andKanade:NeuralNetwork-BasedFaceDetection(PAMI, January1998) 26

E: 1/1/0

C: 3/1/2

N: 2/2/0

A: 2/2/0

D: 1/1/0

B: 1/1/0

M: 1/1/0

J: 0/0/0

P: 1/1/0O: 1/1/0

K: 1/1/0

L: 14/13/0

Q: 3/3/0

F: 1/1/0

G: 1/1/1

H: 1/1/0

I: 1/1/1

R: 1/1/0

Figure13: Outputobtainedin thesamemannerastheexamplesin Fig.11. Somenotesonspeci�c
images:Facesaremissedin C (dueto blurriness)andL (dueto partial occlusionof the chin).
Falsedetectionsarepresentin C, G, andI. Although the systemwastrainedonly on real faces,
handdrawn facesaredetectedin H andN. A, D, I, J, andK werescannedfrom photographs,B,
H, andL wereobtainedfrom theWorld Wide Web,C, E, F, G, O, andP aredigitized television
images.M, N, andQ wereprovidedby SungandPoggioatMIT, andR is aditheredCCDimage.
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Verified face locationsCandidate locationsInput image pyramid

10x10 pixel grid

Figure14: Illustrationof thestepsin thefastversionof thefacedetector. On theleft is theinput
imagepyramid,which is scannedwith a 30x30detectorthat moves in stepsof 10 pixels. The
centerof the�gure shows the10x10pixel regions(at thecenterof the30x30detectionwindows)
which the20x20detectorbelievescontainthecenterof a face.Thesecandidatesarethenveri�ed
by thedetectorsdescribedearlierin thepaper, andthe�nal resultsareshown ontheright.

Table3: Comparisonof thedetectorsin [21] and[14] andoursystemona23 imagesubsetof Test
Set1, containing155faces.

Missed Detect False
System faces rate detects
10)Nets1,2 � AND(0) � threshold(2,3)� overlapelimination 39 74.8% 0
11)Nets1,2 � threshold(2,2)� overlapelimination � AND(2) 24 84.5% 8
12)Nets1,2 � threshold(2,2)� overlap � OR(2) � threshold(2,1)� overlap 15 90.3% 42
Detectorusinga multi-layernetwork[21] 36 76.8% 5
Detectorusingperceptron[21] 28 81.9% 13
SupportVectorMachine[14] 39 74.2% 20
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