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Abstract

We presenta neuralnetwork-basedprightfrontal facedetectionsystem.A retinally con-
nectedneuralnetworkexaminessmallwindows of animage,anddecidesvhethereachwin-
dow containsaaface. Thesystemarbitratedetweermultiple networkgo improve performance
over a single network. We presenta straightforwardprocedureor aligning positive face ex-
amplesfor training. To collectnegative exampleswe usea bootstrapalgorithm,which adds
falsedetectionsnto thetrainingsetastrainingprogressesrhis eliminateghedif cult taskof
manuallyselectingnonfacetraining examples which mustbe choserto spanthe entirespace
of nonfacaémages Simpleheuristicssuchasusingthefactthatfacesrarelyoverlapin images,
canfurtherimprove theaccurag. Comparisonsvith several otherstate-of-the-artacedetec-
tion systemsarepresentedshaving thatour systemhascomparablgerformancen termsof
detectiorandfalse-positverates.

Keywords: FacedetectionPatternrecognition,Computervision, Arti cial neuralnetworksMa-
chinelearning

1 Intr oduction

In this paperwe present neuralnetwork-basedlgorithmto detectupright,frontal views of faces
in gray-scalamages. Thealgorithmworksby applyingoneor moreneuralnetworksdirectly to
portionsof the input image,andarbitratingtheir results. Eachnetworkis trainedto outputthe
presencer absencef a face. The algorithmsandtraining methodsare designedo be general,
with little customizatiorfor faces.

Marny face detectionresearchertave usedthe ideathat facial imagescan be characterized
directlyin termsof pixel intensities.Thesemagescanbecharacterizethy probabilisticmodelsof
the setof faceimageq4, 13,15], or implicitly by neuralnetworksor othermechanism$3,12,14,
19,21,23,25,26]. Theparameterfor thesemodelsareadjusteceitherautomaticallyfrom example
imageg(asin ourwork) or by hand.A few authorshave takenthe approachof extractingfeatures
andapplyingeithermanuallyor automaticallygeneratedulesfor evaluatingthesefeatureq7,11].

Traininga neuralnetworkfor thefacedetectiorntaskis challengingoecaus®ef thedif culty in
characterizingrototypical‘nonface”images.Unlike facerecognition in which the classego be
discriminatedaredifferentfaces thetwo classego bediscriminatedn facedetectionare“images
containingfaces”and“imagesnot containingfaces”. It is easyto geta representate sampleof
imageswhich containfaces but muchharderto geta representatie sampleof thosewhich do not.
We avoid the problemof usinga hugetrainingsetfor nonfacedy selectvely addingimageso the
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training setastraining progressef21]. This “bootstrap”methodreduceghe size of the training
setneededTheuseof arbitrationbetweermmultiple networksandheuristicgo cleanup theresults
signi cantly improvestheaccurag of thedetector

Detaileddescriptionsof the example collection and training methods networkarchitecture,
andarbitrationmethodsare givenin Section2. In Section3, the performanceof the systemis
examined. We nd thatthe systemis ableto detect90.5% of the facesover a testsetof 130
comple images,with anacceptablenwumberof false positives. Section4 brie y discussesome
techniqueshatcanbeusedio makethe systenrunfaster andSection5 compareshis systenmwith
similar systemsConclusionanddirectionsfor futureresearclarepresentea Section6.

2 Description of the System

Oursystenoperatesn two stagesit rst appliesa setof neuralnetwork-basedters to animage,
andthenusesanarbitratorto combinetheoutputs.The Iters examineeachocationin theimageat

severalscaleslookingfor locationghatmightcontainaface. Thearbitratothenmemgesdetections
from individual lters andeliminatesoverlappingdetections.

2.1 StageOne: A Neural Network-BasedFilter

The rst componenbf our systemis a Iter thatrecevesasinput a 20x20 pixel region of the
image,andgenerateanoutputrangingfrom 1 to -1, signifying the presencer absencef aface,
respectrely. To detectfacesarywherein the input, the Iter is appliedat every locationin the
image. To detectfaceslargerthanthe window size,theinputimageis repeatedlyreducedn size
(by subsampling)andthe Iter is appliedat eachsize. This Iter musthave someinvarianceto
positionandscale. The amountof invariancedetermineghe numberof scalesand positionsat
which it mustbe applied. For the work presentedhere,we applythe Iter atevery pixel position
in theimage,andscaletheimagedown by afactorof 1.2 for eachstepin the pyramid.

The ltering algorithmis shovn in Fig. 1. First, a preprocessingtep,adaptedrom [21], is
appliedto a window of theimage. The window is thenpassedhrougha neuralnetwork,which
decideswhetherthe window containsa face. The preprocessingrst attemptsto equalizethe
intensityvaluesin acrosgshewindow. We t afunctionwhich varieslinearly acrosshe window
to the intensity valuesin an oval region inside the window. Pixels outsidethe oval (shovn in
Fig. 2a) may representhe backgroundso thoseintensity valuesare ignoredin computingthe
lighting variationacrossthe face. The linear functionwill approximatehe overall brightnessof
eachpart of the window, and can be subtractedrom the window to compensatdor a variety
of lighting conditions. Then histogramequalizationis performed,which non-linearlymapsthe
intensityvaluesto expandthe rangeof intensitiesin thewindow. The histograms computedor
pixelsinsideanoval regionin thewindow. Thiscompensate®r differencesn cameranputgains,
aswell asimproving contrastin somecasesThepreprocessingtepsareshavn in Fig. 2.

The preprocessedindow is thenpassedhrougha neuralnetwork. The networkhasretinal
connectiongo its input layer; thereceptve elds of hiddenunitsareshowvn in Fig. 1. Thereare
threetypesof hiddenunits: 4 which look at 10x10pixel subrgions, 16 which look at 5x5 pixel
subrgions,and6 whichlook at overlapping20x5 pixel horizontalstripesof pixels. Eachof these
typeswas chosento allow the hiddenunits to detectlocal featuresthat might be importantfor
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facedetection.In particular the horizontalstripesallow the hiddenunitsto detectsuchfeaturesas
mouthsor pairsof eyes,while the hiddenunits with squarereceptve elds might detectfeatures
suchasindividual eyes, the nose,or cornersof the mouth. Althoughthe gure shavs a single
hiddenunit for eachsubreion of the input, theseunits canbe replicated. For the experiments
which aredescribedater, we usenetworkswith two andthreesetsof thesehiddenunits. Similar
input connectiorpatternsarecommonlyusedin speechand characterecognitiontasks[10,24].
Thenetworkhasa single,real-valuedoutput,which indicateswhetheror not thewindow contains
aface.

Exampleof outputfrom asinglenetworkareshavnin Fig. 3. In the gure, eachboxrepresents
the positionand size of a window to which the neuralnetwork gave a positve response.The
networkhassomeinvarianceto positionandscale,which resultsin multiple boxesaroundsome
faces.Notealsothattherearesomefalsedetectionsthey will beeliminatedoy methodgresented
in Section2.2.

To train the neuralnetworkusedin stageoneto sere asanaccuratelter , a large numberof
faceandnonfacemagesareneededNearlyl1050faceexamplesveregatheredromfacedatabases
atCMU, Harvard , andfrom the World Wide Weh Theimagescontainedfacesof varioussizes,
orientationspositions,andintensities.The eyes,tip of nose,andcornersandcenterof the mouth
of eachfacewerelabelledmanually Thesepointswereusedto normalizeeachfaceto the same
scaleorientation,andposition,asfollows:

1. Initialize , avectorwhichwill betheaveragepositionsof eachlabelledfeatureover all the
faceswith thefeaturelocationsin the rst face

2. Thefeaturecoordinatesn arerotated translatedandscaled sothattheaveragdocations
of theeyeswill appeaiat predeterminetbcationsin a20x20pixel window.

3. For eachface , computehebestrotation,translationandscalingto aligntheface'sfeatures
with the averagefeaturelocations . Suchtransformationganbe written asa linear
function of their parametersThus,we canwrite a systemof linear equationgnappingthe
featuredfrom to . Theleastsquaresolutionto this over-constrainedystemyieldsthe
parameterfor the bestalignmentransformationCall the alignedfeaturelocations

4. Update by averagingthealignedfeaturelocations for eachface .
5. Goto step2.

Thealignmentalgorithmcornvergeswithin ve iterations,yielding for eachfacea functionwhich
mapsthatfaceto a 20x20pixel window. Fifteenfaceexamplesaregeneratedor thetrainingset
from eachoriginal image,by randomlyrotatingthe images(abouttheir centerpoints)upto
scalingbetweerf0%and110%,translatingup to half a pixel, andmirroring. Each20x20window
in the setis thenpreprocessefby applyinglighting correctionandhistogramequalization) A few
exampleimagesareshavn in Fig. 4. Therandomizatiorgivesthe lter invarianceto translations
of lessthana pixel andscalingsof 20%. Largerchangesn translationandscalearedealtwith by
applyingthe Iter atevery pixel positionin animagepyramid,in which theimagesarescaledby
factorsof 1.2.

Practicallyary imagecansene asa nonfaceexamplebecausehe spaceof nonfacemagesis
muchlargerthanthe spaceof faceimages.However, collectinga “representatie” setof nonfaces
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is dif cult. Insteadof collectingthe imagesbeforetraining is started,the imagesare collected
duringtraining,in thefollowing manneradaptedrom [21]:

1. Createaninitial setof nonfaceimagesby generatingdl000randomimages.Apply the pre-
processingtepsto eachof thesemages.

2. Trainaneuralnetworkto produceanoutputof 1 for thefaceexamplesand-1 for thenonface
examples.Thetrainingalgorithmis standarceerrorbackpropogatiowith momentuni8]. On
the rst iterationof thisloop, the network's weightsareinitialized randomly After the rst
iteration,we usethe weightscomputedby trainingin the previousiterationasthe starting
point.

3. Runthesystenonanimageof scenerywhich containsnofaces Collectsubimage# which
thenetworkincorrectlyidenti es aface(anoutputactvation ).

4. Selectupto 2500f thesesubimagesit random applythe preprocessingtepsandaddthem
into thetraining setasnegative examples.Goto step?2.

Someexamplesof nonfaceshat are collectedduring training are shovn in Fig. 5. Note that
someof the examplesresembleaces,althoughthey arenot very closeto the positve examples
shavn in Fig. 4. The presencef theseexamplesforcesthe neuralnetworkto learnthe precise
boundarpbetweerfaceandnonfacemages We usedl20imagesof sceneryor collectingnegative
examplesin the bootstrapmannerdescribedabore. A typical training run selectsapproximately
8000nonfaceémagedrom the 146,212,17&ubimageshatareavailableatall locationsandscales
in the training sceneryimages.A similar training algorithmwasdescribedn [5], whereat each
iterationan entirely new networkwastrainedwith the exampleson which the previous networks
hadmademistakes.

2.2 StageTwo: Merging Overlapping Detectionsand Arbitration

Theexamplesn Fig. 3 shavedthattheraw outputfrom a singlenetworkwill containa numberof
falsedetectionsin this sectionwe presentwo stratgiesto improve thereliability of thedetector:
memging overlappingdetectiongrom a singlenetworkandarbitratingamongmultiple networks.

2.2.1 Merging Overlapping Detections

Notethatin Fig. 3, mostfacesaredetectedit multiple nearbypositionsor scalesyhile falsedetec-
tions oftenoccurwith lessconsisteng This obsenrationleadsto a heuristicwhich caneliminate
mary falsedetections.For eachlocationand scale,the numberof detectionswithin a speci ed
neighborhoodf thatlocationcanbe counted. If the numberis abore a threshold thenthat lo-
cationis classi ed asa face. The centroidof the nearbydetectionsde nes the locationof the
detectionresult,therebycollapsingmultiple detections.In the experimentssection,this heuristic
will bereferredto as“thresholding”.

If aparticularlocationis correctlyidenti ed asaface,thenall otherdetectionocationswhich
overlapit arelikely to be errors,and canthereforebe eliminated. Basedon the abore heuristic
regardingnearbydetectionsye presere thelocationwith the highernumberof detectionswithin
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a small neighborhoodand eliminatelocationswith fewer detections. In the discussionof the
experimentsthis heuristicis called“overlapelimination”. Therearerelatively few casesn which
this heuristicfails; however, onesuchcasas illustratedby theleft two facesin Fig. 3B, whereone
facepartially occludesanother

Theimplementatiorof thesewo heuristicgs illustratedin Fig. 6. Eachdetectiorataparticular
location and scaleis markedin animagepyramid, labelledthe “output” pyramid. Then, each
locationin the pyramidis replacedy the numberof detectionsn aspeci edneighborhooaf that
location.Thishastheeffectof “spreadingout” thedetectionsNormally, theneighborhoodxtends
anequalnumberof pixelsin thedimension®f scaleandposition,but for clarity in Fig. 6 detections
areonly spreadoutin position. A thresholdis appliedto thesevalues,andthe centroids(in both
positionand scale)of all above thresholdregions are computed. All detectionscontributing to
a centroidarecollapseddown to a singlepoint. Eachcentroidis thenexaminedin order starting
fromtheoneswhichhadthehighesihumbetrof detectionsvithin thespeci edneighborhoodlf ary
othercentroidlocationsrepresena face overlappingwith the currentcentroid,they areremoved
from the outputpyramid. All remainingcentroidlocationsconstitutethe nal detectiorresult. In
thefacedetectionwork describedn [3], similar obsenationsaboutthe natureof the outputswere
made resultingin the developmenif heuristicssimilar to thosedescribedbore.

2.2.2 Arbitration amongMultiple Networks

To further reducethe numberof false positives, we canapply multiple networks,and arbitrate
betweentheir outputsto producethe nal decision.Eachnetworkis trainedin a similar manney
but with randominitial weights,randominitial nonfaceimages,andpermutation®f the orderof
presentatiorof the sceneryimages. As will be seenin the next section,the detectionandfalse
positive ratesof theindividual networkswill be quiteclose.However, becausef differenttraining
conditionsand becauseof self-selectionof negative training examples,the networkswill have
differentbiasesandwill makedifferenterrors.

Theimplementatiorof arbitrationis illustratedin Fig. 7. Eachdetectiomata particularposition
andscaleis recordedn animagepyramid,aswasdonewith the previous heuristics. Oneway
to combinetwo suchpyramidsis by ANDing them. This stratgy signalsa detectiononly if both
networksdetecta faceat preciselythe samescaleandposition. Dueto the differentbiasesof the
individual networks,they will rarely agreeon a false detectionof a face. This allows ANDing
to eliminatemostfalse detections. Unfortunately this heuristiccan decrease¢he detectionrate
becausea facedetectedy only onenetworkwill bethrown out. However, we will seelaterthat
individual networkscanall detectroughly the samesetof faces,sothatthe numberof faceslost
dueto ANDing is small.

SimilarheuristicssuchasORingtheoutputsof two networks pr votingamongthreenetworks,
werealsotried. Eachof thesearbitrationmethodscanbeappliedbeforeor afterthe“thresholding”
and“overlap elimination” heuristics. If appliedafterwardswe combinethe centroidlocations
ratherthanactualdetectionlocations,andrequirethemto be within someneighborhoodf one
anotheratherthanpreciselyaligned.

Arbitration stratgiessuchas ANDing, ORing,or voting seemintuitively reasonablejut per
hapstherearesomelessobvious heuristicsthat could performbetter To testthis hypothesiswe
applieda separateeuralnetworkto arbitrateamongmultiple detectionnetworks.For a location
of interestthearbitrationnetworkexaminesasmallneighborhoodgurroundinghatlocationin the
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outputpyramidof eachindividual network. For eachpyramid,we countthe numberof detections
in a 3x3 pixel region at eachof threescalesaroundthelocationof interestresultingin threenum-
bersfor eachdetectoywhich arefedto thearbitrationnetwork,asshavn in Fig. 8. Thearbitration
networkis trainedto producea positive outputfor a givensetof inputsonly if thatlocationcon-
tainsa face,andto producea nggative outputfor locationswithout a face. As will be seenin the
next section,usingan arbitrationnetworkin this fashionproducedesultscomparabldo (andin
somecasesslightly betterthan)thoseproducedoy the heuristicspresentee@arlier

3 Experimental Results

A numberof experimentswere performedto evaluatethe system.We rst shav an analysisof
whichfeaturegheneuralnetworkis usingto detectfacesthenpresentheerrorratesof thesystem
overtwo largetestsets.

3.1 Sensitvity Analysis

In orderto determinevhich partof its inputimagethe networkusesto decidewhethertheinputis
aface,we performeda sensitvity analysisusingthe methodof [2]. We collecteda positive testset
basedon thetraining databasef faceimages but with differentrandomizedscalestranslations,
androtationsthanwere usedfor training. The negative testsetwasbuilt from a setof negative
examplescollectedduringthe training of othernetworks. Eachof the 20x20pixel inputimages
wasdivided into 100 2x2 pixel subimagesFor eachsubimagean turn, we wentthroughthe test
set,replacingthatsubimagevith randomnoise,andtestedthe neuralnetwork. The resultingroot
meansquareerror of the networkon the testsetis anindicationof how importantthatportion of
theimageis for the detectiontask. Plotsof the errorratesfor two networkswe trainedareshavn
in Fig. 9. Network1 usestwo setsof the hiddenunitsillustratedin Fig. 1, while Network2 uses
threesets.

Thenetworksrely mostheavily ontheeyes,thenonthenose,andthenonthe mouth(Fig. 9).
Anecdotallywe have seerthisbehaior onseveralrealtestimages.n casesn whichonly oneeye
is visible, detectionof afaceis possible thoughlessreliable,thanwhenthe entirefaceis visible.
Thesystemis lesssensitve to the occlusionof the noseor mouth.

3.2 Testing

The systemwastestedon two large setsof imageswhich aredistinctfrom thetraining sets.Test
Setl consistof atotal of 130imagescollectedat CMU, includingimagesfrom the World Wide
Web,scannedrom photographsindnenspapepictures,anddigitizedfrom broadcastelevision .
It alsoincludes23imagesusedn [21] to measuréheaccurag of theirsystem.Theimagescontain
atotal of 507frontalfacesandrequirethe networksto examine83,099,2120x20pixel windows.
The imageshave a wide variety of complex backgroundsandare usefulin measuringhe false
alarmrate of the system. TestSet 2 is a subsetof the FERET databasg16,17]. Eachimage
containsoneface,andhas(in mostcasesy uniform backgrouncandgoodlighting. Therearea
wide varietyof facesin thedatabaseyhich aretakenatavarietyof angles.Thustheseamagesare
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moreusefulfor checkingthe angularsensitvity of the detectoyandlessusefulfor measuringhe
falsealarmrate.

Theoutputsfrom our facedetectiometworksarenot binary The neuralnetworkproducereal
valuesbetweenl and-1, indicatingwhetheror not the input containsa face. A thresholdvalue
of zerois usedduringtraining to selectthe negative examples(if the networkoutputsa value of
greaterthanzerofor ary inputfrom a sceneryimage,it is considereda mistake). Although this
valueis intuitively reasonablehy changingthis valueduringtesting we canvary how consera-
tive the systemis. To examinethe effect of this thresholdvalue duringtesting,we measuredhe
detectionandfalsepositive ratesasthethresholdvasvariedfrom 1 to -1. At athresholdof 1, the
falsedetectionrateis zero,but no facesaredetected.As the thresholdis decreasedhe number
of correctdetectionswill increasebut sowill the numberof false detections. This tradeof is
presentedn Fig. 10, which shawvs the detectiorrate plottedagainsthe numberof falsepositves
asthethresholds varied,for the two networkspresentedn the previous section. Sincethe zero
thresholdocationsarecloseto the “knees” of the curves,ascanbe seenfrom the gure, we used
azerothresholdvaluethroughoutesting.

Table 1 shaws the performanceof differentversionsof the detectoron TestSet1. The four
columnsshav the numberof facesmissed(out of 507), the detectionrate, the total numberof
false detectionsandthe false detectionrate. The lastrateis in termsof the numberof 20x20
pixel windows that mustbe examined,which is approximately  timesthe numberof pixelsin
animage(takinginto accountall thelevelsin the input pyramid). First we testedfour networks
workingalone thenexaminedtheeffect of overlapeliminationandcollapsingmultiple detections,
and testedarbitrationusing ANDing, ORing, voting, and neuralnetworks. Networks3 and 4
areidenticalto Networks1 and 2, respectiely, exceptthat the negative exampleimageswere
presentedn a differentorderduringtraining. Theresultsfor ANDing andORing networkswere
basedon Networksl and2, while voting andnetworkarbitrationwerebasedon Networks1, 2,
and3. Theneuralnetworkarbitratorsveretrainedusingtheimagesrom which thefaceexamples
wereextracted.Threedifferentarchitecturesor the networkarbitratorwereused.The rst used5
hiddenunits,asshavn in Fig. 8. Thesecondusediwo hiddenlayersof 5 unitseach with complete
connectiondetweereachlayer, andadditionalconnectiondetweerthe rst hiddenlayerandthe
output.Thelastarchitecturavasa simpleperceptronwith no hiddenunits.

As discusseckarlier the “thresholding”heuristicfor merging detectiongequirestwo param-
eters,which specify the size of the neighborhoodusedin searchingfor nearbydetectionsand
the thresholdon the numberof detectionghatmustbe foundin thatneighborhoodln thetable,
thesetwo parameterareshavn in parenthesesftertheword “threshold”. Similarly, the ANDing,
ORing,andvoting arbitrationmethodshave a parametespecifyinghow closetwo detectiongor
detectioncentroids)mustbein orderto becountedasidentical.

Systemsl through4 shawv the raw performanceof the networks. Systemsb through8 use
the samenetworks but includethethresholdingandoverlapeliminationstepswhich decreas¢he
numberof falsedetectionssigni cantly, at the expenseof a small decreasén the detectionrate.
The remainingsystemsall use arbitrationamongmultiple networks. Using arbitrationfurther
reduceghe falsepositive rate,andin somecasesncreaseshe detectionrateslightly. Note that
for systemausingarbitration,the ratio of falsedetectiongo windows examinedis extremelylow,
rangingfrom 1 falsedetectionper windowsto downto 1in , dependingon
thetype of arbitrationused.Systemsl0, 11, and12 shav thatthe detectorcanbe tunedto make
it moreor lessconserative. System10, which usesANDiIng, givesan extremelysmall number
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of falsepositves,andhasa detectionrate of about77.9%. On the otherhand,System12, which
is basedon ORing, hasa higherdetectionrate of 90.3%but also hasa larger numberof false
detections.Systeml1 providesa compromisebetweerthe two. Thedifferencesn performance
of thesesystemscanbe understoody consideringhe arbitrationstratgly. WhenusingANDiIng,
a falsedetectionmadeby only one networkis suppressedeadingto a lower false positive rate.
On the other hand,when ORing is used,facesdetectedcorrectly by only one networkwill be
presered,improving thedetectiorrate.

Systemsl4, 15, and 16, all of which useneuralnetwork-basedrbitrationamongthreenet-
works, yield detectionand false alarm ratesbetweenthoseof Systemsl0 and11. System13,
which usesvoting amongthreenetworks,hasan accurag betweenthat of Systemsl1 and12.
Systeml7 will bedescribedn thenext section.

Table 2 shaws the resultof applyingeachof the systemdgo imagesin TestSet2 (a subseif
publicportionof theFERETdatabas§l6,17]). We partitionedtheimagesnto threegroups based
on the nominalangleof the facewith respecto the camera:frontal faces,facesat anangle
from the camera,andfacesat an angleof . Thedirection of the face variessigni cantly
within thesegroups.As canbe seenfrom thetable,the detectionratefor systemsarbitratingtwo
networksrangesbetweerf7.8%and100.0%for frontaland  faces,while for facesthe
detectionrateis betweern91.5%and 97.4%. This differenceis becausehe training setcontains
mostlyfrontalfaces.It isinterestingo notethatthe systemgenerallyhave a higherdetectiorrate
for facesatanangleof thanfor frontal faces.The majority of peoplewhosefrontal facesare
missedarewearingglasseshich arere ecting light into the camera.The detectoris not trained
onsuchimagesandexpectstheeyesto be darkerthantherestof theface. Thusthedetectiorrate
for suchfacesis lower.

Basedon the resultsshavn in Tables1 and 2, we concludedthat both Systemsl1 and 15
makeacceptabléradeofs betweerthe numberof falsedetectionsaandthedetectiorrate. Because
Systeml1 is lesscomplex than System15 (usingonly two networksratherthana total of four),
it is preferable. System11 detectson average86.2%of the faces,with an averageof onefalse
detectionper 20x20pixel windows examinedin TestSetl. Figs.11,12,and13 shawv
exampleoutputimagesrom Systeml1 onimagesrom TestSet1 .

4 Impr oving the Speed

In this section,we brie y discusssomemethodsto improve the speedof the system. The work
describeds preliminary andis notintendedo beanexhaustve explorationof methodgo optimize
theexecutiontime.

Thedominantactorin therunningtime of thesystendescribedhusfar is thenumberof 20x20
pixel windowswhichtheneuralnetworkamustprocessApplying two networksto a 320x240pixel
image(246766windows) on a 200 MHz R4400SGI Indigo 2 takesapproximately383 seconds.
The computationatostof the arbitrationstepsis negligible in comparisontaking lessthanone
secondo combinetheresultsof thetwo networksover all positionsin theimage.

Recallthattheamountof positioninvariancen the patternrecognitioncomponentf our sys-
temdeterminefow mary windows mustbe processedln therelatedtaskof licenseplatedetec-
tion, thiswasexploitedto decreaséhe numberof windows thatmustbe processefR?2]. Theidea
wasto makethe neuralnetworkbe invariantto translation®f about25% of the sizeof thelicense



Rowley, Baluja,andKanade:NeuralNetwork-BasedraceDetection(PAMI, Januaryl998) 9

plate. Insteadof a singlenumberindicatingthe existenceof a facein the window, the outputof
Umezakis networkis animagewith a peakindicatingthe locationof the licenseplate. These
outputsareaccumulatedver the entireimage,andpeaksareextractedto give candidatdocations
for licenseplates.

The sameideacanbe appliedto facedetection.The original detectoiwastrainedto detecta
20x20facecenteredn a20x20window. We canmakethe detectormore e xible by allowing the
same20x20faceto be off-centerby up to 5 pixelsin ary direction. To makesurethe network
canstill seethewholeface,the window sizeis increasedo 30x30pixels. Thusthe centerof the
facewill fall within a 10x10 pixel region at the centerof the window. As before,the network
hasa single output,indicatingthe presencer absencef aface. This detectorcanbe movedin
stepsof 10 pixelsacrossheimage,andstill detectall facesthat might be present.The scanning
methodis illustratedin Fig. 14, which shavs the input imagepyramidandwhich of the 10x10
pixel regionsareclassi edascontainingthecentersof faces.An architecturavith animageoutput
wasalsotried, which yieldedaboutthe samedetectionaccurayg, but requiredmorecomputation.
The networkwastrainedusingthe samebootstrapprocedureas describecearlier The windows
arepreprocessewith histogramequalizatiorbeforethey arepassedo the network.

As canbeseenfrom the gure, this networkhasmary morefalsedetectionshanthedetectors
describedearlier To improve the accurag, we treateachdetectionby the 30x30 detectorasa
candidateandusethe 20x20detectorglescribedkarlierto verify it. Sincethe candidatdacesare
not preciselylocated,the veri cation network's 20x20window mustbe scannedver the 10x10
pixel region potentiallycontainingthe centerof theface. A simplearbitrationstratgy, ANDing,
is usedto combinethe outputsof two veri cation networks.Theheuristicthatfacesrarelyoverlap
canalsobeusedto reducecomputationpy rst scanningheimagefor largefaces.andatsmaller
scaleshotprocessindocationswhichoverlapwith ary detectiongoundsofar. Theresultsof these
veri cation stepsareillustratedon theright sideof Fig. 14.

With thesemodi cations,theprocessingime for atypical 320x240imageis about7.2seconds
ona200MHz R4400SGl Indigo 2. To examinethe effect of thesechange®ntheaccurag of the
systemjt wasappliedto thetestsetsusedin the previoussection.TheresultsarelistedasSystem
17in Tablesl and2. As canbe seenthis systemhasdetectionandfalsealarmratescomparable
with themostconserative of the othersystemsSystem10.

Furtherperformancemprovementscanbe madeif oneis analyzingmary picturestakenby a
stationarycameraBY takinga pictureof thebackgroundgscenepnecandeterminavhich portions
of the picture have changedn a newly acquiredimage,andanalyzeonly thoseportionsof the
image.Similarly, a skin color detectoilike the onepresentedn [9] canrestrictthe searchregion.
Thesetechniquestakentogetherhave provenusefulin building analmostreal-timeversionof the
systensuitablefor demonstratiopurposeswhich canproces&320x240imagein 2 to 4 seconds,
dependingntheimagecompleity.

5 Comparisonto Other Systems

Sungand Poggiodevelopeda face detectionsystembasedon clusteringtechniqueg21]. Their
systemJike ours,passes smallwindow over all portionsof theimage,anddeterminesvhether
afaceexistsin eachwindow. Their systemusesa supervisedtlusteringmethodwith six “face”

andsix “nonface” clusters. Two distancemetricsmeasurehe distanceof aninput imageto the
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prototypeclusters,the rst measuringhe distancebetweenthe testpatternandthe clusters 75
mostsigni cant eigervectors,andthe secondneasuringhe Euclideandistancebetweerthe test
patternandits projectionin the 75 dimensionalubspaceThe laststepin their systemis to use
eithera perceptroror a neuralnetworkwith a hiddenlayer, trainedto classify pointsusingthe
two distancedo eachof the clusters. Their systemis trainedwith 4000 positve examplesand
nearly47500negative examplescollectedn thebootstrapnannerin comparisonpur systenuses
approximately16000positve examplesand9000negyative examples.

Table3 shavstheaccurag of theirsystemonasetof 23imagegqa portionof TestSetl), along
with theresultsof our systemusingthe heuristicsemployedoy Systemsl0,11,and12in Tablel.
In [21], 149 faceswerelabelledin this testset,while we labelled155. Someof thesefacesare
dif cult for eithersystemo detect.Assumingthat SungandPoggiowereunableto detectary of
the six additionalfaceswe labelled,the numberof facesmissedby their systemis six morethan
listedin their paper Table 3 shavs that for equalnumbersof false detectionswe canachieve
slightly higherdetectiorrates.

Osuna,Freund,andGirosi [14] have recentlyinvestigatedace detectionusinga framewvork
similar to thatusedin [21] andin our own work. However, they usea “supportvectormachine”
to classifyimagesyratherthana clustering-basethethodor a neuralnetwork. The supportvector
machinehasa numberof interestingproperties,including the fact that it makesthe boundary
betweerfaceandnonfacemagesmoreexplicit. Theresultof their systemonthe same23images
usedn [21] is givenin Table3; theaccurayg is currentlyslightly poorerthantheothertwo systems
for thissmalltestset.

As with SungandPoggioswork, MoghoddamandPentlands approachusesatwo component
distanceameasurebut combineghetwo distancesn aprincipledwaybasedntheassumptiothat
the distribution of eachclusteris Gaussiarj13]. The clustersareusedtogetherasa multi-modal
Gaussiardistribution, giving a probability distribution for all faceimages.Facesaredetectedy
measurindhow well eachwindow of theinputimage ts thedistribution, andsettinga threshold.
Thisdetectiontechniquenasbeenappliedto facesandto the detectionof smallerfeaturedike the
eyes,noseandmouth.

MoghaddanandPentlands systemalongwith severalotherswastestedn the FERETevalua-
tion of facerecognitiormethodg16,17]. Althoughtheactualdetectiorerrorratesarenotreported,
anupperboundcanbe derivedfrom the recognitionerrorrates. Therecognitionerror rate, aver-
agedover all thetestedsystemsfor frontal photographsakenin the samesitting is lessthan2%
(seethe rank 50 resultsin Figure4 of [16]). This meansthat the numberof imagescontaining
detectiorerrors,eitherfalsealarmsor missingfaces waslessthan2% of all images.Anecdotally
theactualerrorrateis signi cantly lessthan2%. As shavn in Table2, our systemusingthe con-

guration of Systeml1 achieresa 2% error rateon frontal faces. Giventhe large differencesn
performancef our systemon TestSetl andthe FERETimagesit is clearthatthesetwo testsets
exercisedifferentportionsof the system. The FERET imagesexaminethe coverageof a broad
rangeof facetypesundergoodlighting with unclutteredoackgroundswhile TestSet1 teststhe
robustnesdgo variablelighting andclutteredbackgrounds.

The candidateveri cation processusedto speedup our system,describedn Section4, is
similar to the detectiontechniquepresentedn [23]. In thatwork, two networkswereused. The

rst networkhasa singleoutput,andlike our systemit is trainedto producea positive valuefor
centeredacesandanegative valuefor nonfacesUnlike our systemfor faceshatarenotperfectly
centeredthe networkis trainedto produceanintermediatesaluerelatedto how far off-centerthe
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faceis. This networkscansover theimageto producecandidatdacelocations.The networkmust
be appliedat every pixel position,but it runsquickly becaus®f theits architectureusingretinal
connectionsand sharedweights, much of the computationrequiredfor one applicationof the
detectorcanbereusedat theadjacenpixel position. This optimizationrequiresthe preprocessing
to have arestrictedform, suchthatit takesasinputtheentireimage , andproducessoutputa nen
image. The nonlinearwindow-by-window preprocessingisedin our systemcannotbe used. A
secondhetworkis usedfor preciselocalization:it is trainedto producea positive responsdor an
exactly centeredace,anda negative responsdor faceswhich arenot centered.lt is not trained
atall onnonfacesAll candidatesvhich producea positive responsdérom the secondhetworkare
outputasdetections.Onepossibleproblemwith this work is thatthe negative trainingexamples
areselectednanuallyfrom a small setof images(indoorscenessimilar to thoseusedfor testing
the system). It may be possibleto makethe detectoramore robust using the bootstraptraining
techniquadescribedhereandin [21].

In recentwork, ColmenareandHuangpresented statisticallypbasedmethodfor facedetec-
tion [4]. Their systembuilds probabilisticmodelsof the setsof facesandnonfacesandcompares
how well eachinputwindow comparesvith thesetwo categories.Whenappliedto TestSet1, their
systemachievesa detectionrate between86.8%and 98.0%,with between6133and12758false
detectionsyespectrely, dependingon a threshold. Thesenumbersshouldbe comparedo Sys-
tems1 through4 in Table1, which have detectiorratesbetweer£0.9%and92.1%,with between
738and945falsedetections. Althoughtheir falsealarmrateis signi cantly higher their system
is quitefast. It would beinterestingo usethis systemasa replacementor the candidatedetector
describedn Sectiord.

6 Conclusionsand Futur e Reseach

Our algorithmcan detectbetween77.9%and 90.3% of facesin a setof 130 testimages,with
anacceptablenumberof falsedetections.Dependingon the application the systemcanbe made
moreor lessconserative by varyingthe arbitrationheuristicsor thresholdsised.The systemhas
beentestedon a wide variety of imageswith mary facesandunconstrainedhackgroundsA fast
versionof the systemcanprocessa 320x240pixel imagein 2 to 4 second®n a 200MHz R4400
SGlIndigo 2.

Therearea numberof directionsfor futurework. The mainlimitation of the currentsystem
is thatit only detectsuprightfaceslooking at the camera.Separaterersionsof the systemcould
betrainedfor eachheadorientation,andthe resultscould be combinedusingarbitrationmethods
similarto thosepresentedhere.Preliminaryworkin thisareandicateghatdetectingoro les views
of facesis moredif cult thandetectingfrontal views, becausé¢hey have fewer stablefeaturesand
becausehe input window will containmore backgroundpixels. We have alsoappliedthe same
algorithmfor the detectiornof cartiresandhumaneyes,althoughmorework is needed.

Even within the domainof detectingfrontal views of faces,more work remains. Whenan
imagesequences available,temporalcoherence&anfocusattentionon particularportionsof the
images. As a face movesabout,its locationin oneframeis a strongpredictorof its locationin
next frame. Standardrackingmethodsaswell asexpectation-basethethodq2], canbeapplied
to focusthedetectors attention.Othermethod=f improving systenperformancencludeobtain-
ing morepositve examplesfor training, or applyingmoresophisticatedmagepreprocessingnd
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normalizationtechniques.

Oneapplicationof this work is in the areaof mediatechnology Every year improvedtech-
nology provides cheaperand more ef cient ways of storing and retrieving visual information.
However, automatichigh-level classi cation of the informationcontentis very limited; thisis a
bottleneckthat preventsmediatechnologyfrom reachingits full potential. Systemautilizing the
detectordescribedabore allow a userto makerequestf the form “Show me the peoplewho
appeaiin this video” [18,20] or “Which imageson the World Wide Web containfaces?’[6] and
to have their queriesansweredutomatically
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An interactve demonstratiof the systemis availableon the World Wide Webat
http://www.cs.cmu.edu/"har/faces .html , whichallows anyoneto submitimages
for processindpy the facedetectorandto seethedetectionresultsfor picturessubmittedoy other
people.

Dr. WoodwardYang at Harvard provided over 400 mug-shotimageswhich are part of the
trainingset.

Theseémagesareavailableover the World Wide Web,atthe URL
http://www.cs.cmu.edu/"har/faces .html

Speci cally, we usedmagesrom groupsl and3, with labelsfa andfb for thefrontalgroup,
rb andrc forthe  group,andgl andgr for the group.

After painstakinglytrying to arrangetheseimagescompactlyby hand,we decidedto usea
more systemati@approach.Theseimageswerelaid out automaticallyby the PBIL optimization
algorithm[1]. Theobjectve functiontriesto packimagesascloselyaspossible by maximizing
theamountof spacdeft over atthebottomof eachpage.
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Input image pyramid Extracted window Corrected lighting Histogram equalized Receptive fields | .
(20 by 20 pixels) Hidden units

Preprocessing Neural network

Figurel: Thebasicalgorithmusedfor facedetection.

Oval maskfor ignoring
background pixels:

Original window:

Best t linear function:

Lighting correctedwindow: T .
(linear function subtracted)

Histogram equalizedwindow: 'ﬂ rl @

Figure2: Thestepsn preprocessing window. First, alinearfunctionis t to theintensityvalues
in the window, andthensubtractedut, correctingfor someextremelighting conditions. Then,
histogramequalizations applied,to correctfor differentcameragainsandto improve contrast.
For eachof thesestepsthe mappingis computedbasedon pixelsinsidethe oval mask,andthen
appliedto the entirewindow.
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Figure3: Imageswith all theabove thresholddetectionsndicatedby boxes.
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Figure4: Examplefaceimages(the authors) randomlymirrored, rotated,translatedandscaled
by smallamounts.
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Figure5: During training, the partially-trainedsystemis appliedto imagesof scenerywhich do
not containfaces(like theoneontheleft). Any regionsin theimagedetectedasfaces(whichare
expandedandshavn on theright) areerrors,which canbe addednto the setof nggative training
examples.
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Input image pyramid, "Output" pyramid: Spreading out detections  Collapse clusters to Potential face locations Final result after removing
detections overlaid centers of detections in x and y, not in scale centroid of detections extended across scale overlapping detection
a "y
-
& - L]
-
Final detection result
* 4 .r rrrrrr \ [ ]
/] I
False detect
N
F ° [
] . . \ J
5 -
Face locations and scales Centroids (in position and scale) Overlapping detections
represented by centroids
A B C D E
Input image pyramid Computations on output pyramid Final result

Figure6: Theframenorkfor megingmultipledetectiondrom asinglenetwork:A) Thedetections
arerecordedn an“output” pyramid.B) Thedetectionsare“spreadout” andathresholds applied.
C) Thecentroiddgn scaleandpositionarecomputedandtheregionscontrilbuting to eachcentroid
arecollapsedo singlepoints. In the exampleshown, this leavesonly two detectionsn the output
pyramid.D) The nal stepis to checkthe proposedacelocationsfor overlaps,andE) to remove
overlappingdetectionsf they exist. In thisexample removing theoverlappingdetectioreliminates
whatwould otherwisebea falsepositive.

Network 1's detections (in an image pyramid) \ / Network 2's detections (in an image pyramid)
L % AND # %
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Result of AND (false detections eliminated)
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Figure7: ANDing togetherthe outputsfrom two networksover differentpositionsandscalescan
improve detectiomaccurag.
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Input images, detections Detection centers in an
from one network overlaid image pyramid

Detections from other
networks are not shown

Location of interest

Input image at three scales, with detections from one network

Network 1

=]

Detections from three networks at three
scales around location of interest

Arbitration network

Result of arbitration

Network 3

= E B Where a detection network found a face

/ D Region around location of interest
E [mp

Where the network found a face
(outside the current region of interest)

Number of detections near region
of interest at a particular scale
(maximum of 9)

Output unit

Location of interest, where
decision is recorded.

20

Figure8: Theinputsandarchitectureof the arbitrationnetworkwhich arbitratesamongmultiple

facedetectiometworks.
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Network 1 Face at Same Scale Network 2
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Figure9: Errorrateg(verticalaxis)onatestcreatedy addingnoiseto variousportionsof theinput
image(horizontalplane),for two networks.Network 1 hastwo copiesof the hiddenunits shavn
in Fig. 1 (atotal of 58 hiddenunits and2905connections)while Network 2 hasthreecopies(a
total of 78 hiddenunitsand4357connections).

ROC Curve for Test Sets A, B, and C
T T

777777777 Network 1 ——
Network 2 ----

0.8

Fraction of Faces Detected

0.7

65 I I I I I I I
1le-08 1e-07 1e-06 1le-05 0.0001 0.001 0.01 0.1 1
False Detections per Windows Examined

FigurelO: Thedetectiorrateplottedagainsfalsepositive ratesasthedetectiorthresholds varied
from-1to 1, for thesamenetworksasFig. 9. Theperformancevasmeasureaver all imagesrom
TestSet1l. The pointslabelled“zero” arethe zerothresholdpointswhich are usedfor all other
experiments.
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Table1l: Detectionanderror ratesfor TestSet1, which consistsof 130imagesandcontains507
frontalfaces.It requireshesystento examineatotal of 8309921120x20pixel windows.

Missed Detect| False Falsedetect
Type System faces rate | detects rate
Single 1) Network1 (2 copiesof hiddenunits (52 total), 45 91.1% 945 1/87935
network, 2905connections)
no 2) Network? (3 copiesof hiddenunits (78 total), 38 92.5% 862 1/96402
heuristics | 4357connections)
3) Network3 (2 copiesof hiddenunits (52 total), 46 90.9% 738 1/112600
2905connections)
4) Network4 (3 copiesof hiddenunits(78 total), 40 92.1% 819 1/101464
4357connections)
Single 5)Network1l threshold(2,1) overlapelimination 48 90.5% 570 1/145788
network,
with 6) Network2  threshold(2,1) overlapelimination 42 91.7% 506 1/164227
heuristics
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 | 9) Networksl and2  AND(0) 68 86.6% 79 1/1051888
amongtwo
networks 10)Networksl and2 AND(0) threshold(2,3) 112 77.9% 2 1/41549605
overlapelimination
11)Networksl and2 threshold(2,2) overlap 70 86.2% 23  1/3613009
elimination AND(2)
12)Networksl and2 thresh(2,2) overlapelim 49 90.3% 185 1/449184
OR(2) thresh(2,1) overlapelimination
Arbitrating | 13)Networks1,2,3 voting(0) overlap 59 88.4% 99 1/839385
among elimination
three 14)Networksl1,2,3  networkarbitration(5 hidden 79 84.4% 16  1/5193700
networks units) thresh(2,1) overlapelimination
15)Networksl1,2,3  networkarbitration(10 83 83.6% 10  1/8309921
hiddenunits) thresh(2,1) overlapelimination
16)Networksl1,2,3  networkarbitration 84 83.4% 12 1/6924934
(perceptron) thresh(2,1) overlapelimination
Fast 17) Candidateveri cation methoddescribedn 117 76.9% 8 1/10387401
version Sectiord

threshold(distance,theshold): Only accepta detectionif thereareat leastthresholddetectionswvithin a cube(ex-
tendingalongx, y, andscale)in the detectionpyramidsurroundinghe detection.The sizeof the cubeis determined
by distancewhich is thenumberof a pixelsfrom the centerof the cubeto its edge(in eitherpositionor scale).
overlap elimination: It is possiblethata setof detectionserroneouslyindicatethatfacesare overlappingwith one
another This heuristicexaminesdetectionsn order(from thosehaving the mostvoteswithin a smallneighborhood
to thosehaving theleast),andremoving con icting overlapsasit goes.

voting(distance), AND(distance),OR(distance): Theseheuristicsareusedfor arbitratingamongmultiple networks.
They takea distanceparametersimilar to that usedby the thresholdheuristic,which indicateshow closedetections
from individualnetworksmustbeto oneanotherto be countedasoccurringatthesamedocationandscale.A distance
of zeroindicatesthatthe detectionsnustoccurat preciselythe samelocationandscale. Voting requirestwo out of
threenetworksto detectaface,AND requiregwo out of two, andOR requiresoneout of two to signala detection.
network arbitration(ar chitecture): The resultsfrom threedetectionnetworksare fed into an arbitrationnetwork.
The parametespeci esthe networkarchitecturaised:a simpleperceptrona networkwith a hiddenlayer of 5 fully
connectedhiddenunits, or a networkwith two hiddenlayersof 5 fully connecteciddenunits each,with additional
connectiongrom the rst hiddenlayerto theoutput.
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Table2: Detectionanderrorratesfor TestSet2 (the FERETdatabase)

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 | Falsedetect¢Rate | Falsedetecté¢Rate
Single 1) Net1 (2 copiesof hidden 5 99.5% 1 99.6% 7 98.1%
network, units,2905connections) 1747 1/146038| 447 1/137415| 819 1/117634
no 2) Net2 (3 copiesof hidden 5 99.5% 0 100.0%| 11 97.1%
heuristics | units,4357connections) 1457 1/175106| 481 1/127702| 592 1/162741
3) Net 3 (2 copiesof hidden 4 99.6% 1 99.6% 8 97.9%
units,2905connections) 1242 1/205418| 374 1/164237| 605 1/159244
4) Net4 (3 copiesof hidden 5 99.5% 1 99.6% | 15 96.0%
units,4357connections) 1665 1/153231| 458 1/134115| 709 1/135885
Single 5) Network1l threshold(2,1) 5 99.5% 1 99.6% | 12 96.8%
network, overlapelimination 643 1/396780| 136 1/451653| 263 1/366322
with 6) Network?2  threshold(2,1) 5 99.5% 0 100.0%| 12 96.8%
heuristics overlapelimination 458 1/557052| 118 1/520549| 146 1/659881
7) Network3  threshold(2,1) 5 99.5% 1 99.6%| 10 97.4%
overlapelimination 421 1/606009| 85 1/722645| 133 1/724381
8) Network4  threshold(2,1) 8 99.2% 1 99.6% | 20 94.7%
overlapelimination 563 1/453161| 120 1/511873| 207 1/465423
Arbitrating | 9) Netsland2 AND(0) 13 98.7% 1 99.6% | 20 94.7%
amongtwo 141 1/1809431| 46  1/1335323| 85 1/1133444
networks 10)Netsland2 AND(0) 22 97.8% 1 99.6% | 32 91.5%
threshold(2,3) overlapelim 0 0/255129875 0 0/61424875] 1 1/96342750
11)Netsland2 thresh(2,2) 8 99.2% 1 99.6% | 17 95.5%
overlapelim  AND(2) 12 1/21260822| 3 1/20474958 3 1/32114250
12)Nets1,2 thresh(2,2) over 3 99.7% 0 100.0%| 10 97.4%
OR(2) thresh(2,1) over 137 1/1862261| 35 1/1754996| 53  1/1817787
Arbitrating | 13)Nets1,2,3 voting(0) 31 96.9% 9 96.3% | 28 92.6%
among overlapelimination 74 1/3447701| 23  1/2670646| 38  1/2535335
three 14)Nets1,2,3 netarb(5 11 98.9% 1 99.6% | 21 94.4%
networks hiddens) thresh(2,1) over 5 1/51025975| 1 1/61424875] 3 1/32114250
15)Nets1,2,3 netarb(10 13 98.7% 1 99.6% | 21 94.4%
hiddens) thresh(2,1) over 4  1/63782468] 1 1/61424875 2 1/48171375
16)Nets1,2,3 netarb 13 98.7% 1 99.6% | 21 94.4%
(percep) thresh(2,1) over 3 1/85043291| 1 1/61424875 2 1/48171375
Fast 17) Candidatereri cation 20 98.0% 2 99.2% | 23 93.9%
version methoddescribedn Sectiord 2 1/127564937| 0 0/61424875 2 1/48171375
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Figurell: Outputobtainedrom Systemil1in Table1l onimagesrom TestSetl. For eachimage,
threenumbersareshavn: thenumberof facesin theimage thenumberof facesdetectedorrectly
andthe numberof false detections.Somenoteson speci ¢ images:Facesare missedin B (one
dueto occlusionpnedueto largeangle)andC (the stylizeddraving wasnot detectecatthe same
locationsandscaledy thetwo networksandsoislostin the AND). Falsedetectionsrepresentn
A andD. Althoughthesystemwastrainedonly on realfaces somehanddravn facesaredetected
in CandE. A wasobtainedrom theWorld Wide Web,B andE wereprovidedby SungandPoggio
atMIT, CisaCCDimage,andD is adigitizedtelevisionimage.
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Figurel2: Outputobtainedn thesamemannemastheexamplesn Fig. 11. Somenoteson speci ¢
images:Facesaremissedn C (onedueto occlusion,onedueto largeangle),H (re ections off of
glassesnadethe eyesappeatrighterthantherestof the face),andK (dueto largeangle).False
detectionarepresenin B andK. Althoughthe systemwastrainedonly onrealfaces handdravn
facesaredetectedn B. A, B, J,K, andL wereprovidedby SungandPoggioatMIT, C,D, E, G,
H, andM werescannedrom photographg;- andl aredigitizedtelevisionimagesandN isaCCD

image.
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Figurel3: Outputobtainedn thesamemannerastheexamplesan Fig. 11. Somenoteson speci ¢
images: Facesare missedin C (dueto blurriness)andL (dueto partial occlusionof the chin).
Falsedetectionsare presentin C, G, andl. Althoughthe systemwastrainedonly on real faces,
handdrawvn facesaredetectedn H andN. A, D, I, J,andK werescannedrom photographsB,
H, andL wereobtainedfrom the World Wide Web, C, E, F, G, O, andP aredigitizedtelevision
imagesM, N, andQ wereprovidedby SungandPoggioatMIT, andR is aditheredCCD image.



Rowley, Baluja,andKanade:NeuralNetwork-BasedraceDetection(PAMI, Januaryl998) 27

Input image pyramid

Candidate locations

%

~

10x10 pixel grid

Verified face locations

Figure14: lllustrationof the stepsin the fastversionof the facedetector Ontheleft is the input
imagepyramid, which is scannedvith a 30x30detectorthat movesin stepsof 10 pixels. The
centerof the gure shavs the 10x10pixel regions(at the centerof the 30x30detectionwindows)
which the 20x20detectombelievescontainthe centerof a face. Thesecandidatesrethenveri ed

by the detectorsiescribeckarlierin the paperandthe nal resultsareshavn ontheright.

Table3: Comparisorof thedetectorsn [21] and[14] andour systenon a23imagesubsebf Test

Setl, containingl55faces.

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
Detectorusingperceptrorj21] 28 81.9% 13
SupportVectorMachine[14] I 39 74.2% 20
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