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Abstract

This paperpresentsprogresstoward an integrated, ro-
bust, real-time face detectionand demographic analysis
system.Facesare detectedandextractedusingthefastal-
gorithm recentlyproposedby Viola and Jones [16]. De-
tectedfacesare passedto a demographicsclassi�er which
usesthesamearchitecture asthefacedetector. Thisdemo-
graphic classi�er is extremelyfast,anddelivers error rates
slightly better than the bestknown classi�ers. To counter
the unconstrained and noisy sensingenvironment, demo-
graphic informationis integrated acrosstime for each in-
dividual. Therefore, the �na l demographic classi�cation
combinesestimatesfrommanyfacial detections in order to
reduceerror rate. Theentire systemprocesses10 frames
persecondonan800MHz Intel PIII.

1 Intr oduction

Surveillance applications presentan extreme challenge
for thedesigners of vision algorithms. In many caseslight-
ing is poor and cameras distant. Nevertheless,thereis a
clearneedfor systemswhich canrecord thearrival of peo-
ple anddivide theminto demographic classes.This paper
describesasystemwhichautomatically detectsfaces,tracks
themacrosstime,andclassi�esthemaseithermale/female
andasian/non-asian(seeFigure2 and1). Eachof thecom-
ponentsof this systemhasbeentestedona dif�cult dataset
of facesfrom theworld wide web. Theoverall systemhas
beentestedon video datarecordedon a handheld video
camera in a varietyof of�ce environments.

This uni�ed systemis designedto work online and in
real-time. Facesareextractedusingthealgorithm described
in [16], which operatesat 15 framesper second. Detec-
tionsaretrackedacrosstime usinga techniquereminiscent
of particle �ltering [7]. Detectedfacesare classi�ed di-
rectly, without alignmentor recti�cation, by anef�cient de-
mographicsclassi�er.

Figure 1. Two detectedfacesandthe associatedgender
(Male/Female)and ethnicity (Asian/Non-asian)estimates.
Following thelabelis theclassi®cationcon®dence.

The centralcontribution of this paper is a demographic
classi�cationschemewhichis speci�cally designedto work
in this real-timeand real-world context. One key differ-
encefrom previous work is thedif�culty of the task,since
facesareextractedfrom unconstrainedvideowhich canbe
of poor quality. Suchfacesare rarely completely frontal,
areweaklyaligned,andhave extreme variationsin lighting
andimagequality. The bestpublishedtechnique for gen-
derclassi�cationis anSVM, whichwhentestedonrecti�ed
FERETdatayieldsanerror rateof 3%[8, 10]. Whentrained
andtestedonasetof facesdetectedbyoursystem,theSVM
systemyieldsanerror rateof 23%andrequires over 3000
support vectors (muchof the increasecanbe attributedto
the lack of recti�cation). In contrast our approachyields
a classi�er which attains22% error and is approximately
1000 timesfasterto evaluate.

Thestructure of thedemographicsclassi�er is a percep-
tron constructedfrom simple localizedfeatures.Learning
and feature selectionis performedusinga variant of Ad-
aboost. This processautomatically identi�es regions of the
facewhoserelativeluminancecharacteristicsprovideinfor-
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Figure 2. Sevenexamplesof gender classi®cation.Furthermore,all thesefaceswerelabeledas'non-asian'.Observe thedif®cult
conditions: non-frontalposes,in-planerotations,andvariedillumination,all encounteredin this image.

mationfor detectionor classi�cation.Unlike mostexisting
systemswe do not require full facial templatesor explicit
appearancemodels(AAMs) basedonshapeandtexture.

A key distinguishing aspectof our work is theability to
perform analysison unaligned faces.We forgo alignment
for two reasons,robustnessandef�ciency. Alignment re-
quirestheautomatic extraction of facial features,a process
which is not entirely robust in the presenceof signi�cant
pose,lighting, and quality variation. Alignment also re-
quiressigni�cant time,sincethefeaturesmust�rst befound
andthenthefaceneedsto becropped,transformed,andre-
sampled. To our knowledgethereare few if any systems
which knowingly attempttaskssuchasgender or ethnicity
classi�cationon imageswith noprecisealignment.

Anotherkey aspectof thiswork is thatbothdetectionand
classi�cationareencompassedin oneframework. In other
words, thesamearchitecturebut different featuresareauto-
matically derived for eachtask,without making any prior
assumptionsonwhatparticular featuresshouldbeusedand
thenumber(dimensionality)thatis necessary.

1.1 FaceDetection

Facedetection hasa long andrich history (seefor ex-
amplethesurvey onfacedetectionby [19]). Sincethesame
architectureisusedbothfor facedetectionanddemographic
classi�cation,key aspectsof the techniquearereviewedin
Section2.

Key competitorsto thefacedetectionapproachof Viola
andJonesincludeaneural networksystembyRowley et. al.
anda Bayesiansystemby SchneidermanandKanade [11,
13]. While theneuralnetwork systemis widely considered
to be the fastestprevious system,the Viola-Jones system
is slightly moreaccurateandten timesfaster. Though the
Bayesiansystemhasthehighestreporteddetectionrates,it
is by far theslowestof thethree.

One practical advantageof using the architecturepro-
posedby Viola andJonesbothfor detectionandclassi�ca-
tion, is thatmany pre-processingandbookkeeping calcula-
tionscanbeshared.

1.2 GenderClassi®cation

In the early 1990s various neural network techniques
were employed for classifying the gender of a (frontal)
face. Gollomb, Lawrenceand Sejnowski traineda fully
connectedtwo-layer neuralnetwork, SEXNET, to identify
genderfrom30-by-30humanfaceimages[5]. Theirexperi-
mentsonasetof 90photos(45malesand45females)show
anaverageerror rateof 8.1% comparedto anaverage error
rateof 11.6% from a studyof � ve human subjects. Cot-
trell andMetcalfealsoappliedneural networks for emotion
andgender recognition [3]. Thedimensionality of a setof
160 64-by-64 faceimagesis reduced from 4096 to 40 via
an autoencodernetwork. Thesevectorsare thengiven as
inputs to another onelayernetwork for trainingandrecog-
nition. Their experimentson genderclassi�cation report
perfect results.Brunelli andPoggio[1] developedHyperBF
networks for gender classi�cationin which two competing
RBF networks, onefor maleandtheotheronefor female,
aretrainedusing16 geometric features (e.g., pupil to eye-
brow separation, eyebrow thickness,andnosewidth) asin-
puts. The resultson a dataset of 168 images(21 males
and21 females)show anaverage errorrateof 21%. Simi-
lar to themethods by Golomb[5] andCottrell [3], Tamura
et al. [14] appliedmultilayer neural networks to classify
gender from faceimagesof multiple resolutions (from 32-
by-32 to 16-by-16and8-by-8 pixels). Theirexperimentson
30 testimagesshow thattheir network is ableto determine
gender from faceimages of 8-by-8 pixels with an average
error rateof 7%. Insteadof usinga rasterscanvector of
gray levels to representa faceimage,Wiskott et al. [18]



usedlabeledgraphs of two-dimensionalviews to describe
faces. The nodesare labeledwith jets which is a special
classof local templatescomputedon the basisof wavelet
transform, andthe edgesarelabeledwith distancevectors
similar to geometric featuresin [2]. They usea smallsetof
controlledmodelgraphsof malesandfemalesto encodethe
general faceknowledge.It representsthefaceimagespace
andis usedto generategraphsof new facesby elasticgraph
matching. For eachnew face,a compositefaceresembling
theoriginal oneis constructedusingthenodesin themodel
graphs. If themajorityof thenodesin thecompositegraph
aretakenfrom femalemodels,it is believed thefaceimage
have the samegender. The error rateof their experiments
on a gallery of 112 faceimagesis 9.8%. RecentlyGutta,
WechslerandPhillips [6] proposeda hybrid method which
consistsof ensembleof neural networks (RBFs)andinduc-
tive decisiontreeswith Quinlan's C4.5algorithm. Experi-
mentalresultsonasubsetof FERETimagesof 384-by-256
(which werethenmanually locatedandnormalized to 64-
by-72pixels)resultedin anaverageerrorrate4%for gender
classi�cation.

In Moghaddam & Yang [8] 256-by-384 FERET
“mugshots”werepre-processedandsubsampledto 21-by-
12pixelsfor very low-resolution experiments.They useda
totalof 1,755(1044 malesand711females)FERETimages
with a5-fold CrossValidationevaluationmethodology. The
besterror ratereported was3.4%usingnonlinearSupport
VectorMachines.

1.3 Ethnicity Classi®cation

Thereappearsto be very little prior work in the area
of facial ethnicity classi�cation. Often it is simply an af-
terthoughtexperimentconductedusingone'srepresentation
for facerecognition. Therearecertainlyfew if any statis-
tically signi�cant studiesthathave addressedthis problem
on the samescaleasthat of facerecognition (ie. O(103))
individuals.Oneexample is Guttaet al. [6] with thehybrid
RBF/decision-trees. Usingasimilararchitecturewith Quin-
lan's C4.5algorithm they wereableto achieve a 6% error
in ethnicity classi�cation(consistingof four ethnicgroups:
Asian,Oriental,Caucasian,African).

Of course,categorization into thesefour groups is at
times somewhat arbitrary and ambiguous (for example,
from the paper the major distinctions between“Oriental”
and“Asian” arenot clear). Insteadwe considera simpler
and a somewhat more well-de�ned binary categorization
into Asianandnon-Asian.

2 Methodology

In recentwork Viola andJoneshave presented an ef�-
cientframework for facedetection [16]. Threenew insights
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Figure 3. Examplerectangle®ltersshown relative to the
enclosing detectionwindow. The sumof the pixels which
lie within thewhite rectanglesaresubtractedfrom thesum
of pixelsin thegrayrectangles.

wherepresented: (i) a new setof imagefeatureswhich are
bothef�cient andeffective for faceanalysis,(ii) a new fea-
tureselectionalgorithm basedon Adaboost,and(iii) a cas-
cadedarchitecturefor learninganddetectionwhichacceler-
atesperformance signi�cantly. In this paperwe adopt both
the imagefeaturesand the Adaboost processfor learning
andfeatureselection.

2.1 Filters and Features

Following [16] imagefeaturesarecalledRectangle Fea-
turesandarereminiscent of Harr basisfunctions ( see[9]
for theuseof Harr basisfunctionsin pedestriandetection).
Eachrectangle feature, h j () is binary thresholdfunction
constructedfrom a threshold � j anda rectangle �lter f j ()
which is a linearfunction of theimage:

hj (x) =
�

1 if f j (x) > � j

0 otherwise

Therearethreetypesof rectangle �lters. The valueof
a two-rectangle�lter is the differencebetweenthe sumof
thepixelswithin two rectangular regions. Theregionshave
the samesizeandshapeandarehorizontally or vertically
adjacent (seeFigure 3 A and B). A three-rectangle �lter
computesthesumwithin two outsiderectanglessubtracted
from the sumin a centerrectangle (seeC). Finally a four-
rectangle �lter computesthe differencebetweendiagonal
pairsof rectangles(seeD).

Giventhatthebaseresolutionof theclassi�er is 24by 24
pixels, the exhaustive setof rectangle �lters is quite large,
190,800,whichis roughly O(N 4) (i.e. thenumberof possi-
blelocationstimesthenumberof possiblesizes).Theactual
number is a smallersince�lters must�t within theclassi-
�cation window. Notethatunlike theHaarbasis,thesetof
rectangle featuresis overcomplete1.

1A complete basishasno linear dependencebetween basiselements



Computation of rectangle�lters canbe acceleratedus-
ing anintermediateimagerepresentationcalledtheintegral
image.Usingthis representationany rectangle �lter , at any
scaleor location,canbeevaluatedin constanttime.

2.2 The BoostedClassi®er

The demographic classi�er is a perceptron constructed
from binaryrectanglefeatures.Thenumberof distinctrect-
angle featuresis extraordinarily large; for each�lter there
arepotentially many distinct thresholds eachresultingin a
differentfeature. With respecttraining error thesetof dis-
tinct thresholds is boundedby thenumber of trainingexam-
ples,sinceall thresholds thatresultin thesamedichotomy
of the dataareequivalent (i.e. given a sortingof the ex-
amplesby �lter value,it is clearthatany threshold thatlies
betweentwo consecutive examples is equivalent). Given
190,800 �lters and1,000 examples thereare190,800,000
distinctbinary features.

Basedpurelyon machine learning considerationsthe�-
nalclassi�er cannot includeevery distinctrectangle feature.
A stronger constraintis the computationallyef�ciency of
the�nal classi�er, whichleadsusto limit thenumberof fea-
turesto at mosta few hundredor thousand.Thechallenge
is therefore to selecta small setof featuresupon which a
computationalef�cient andlow errorclassi�er canbecon-
structed.

While therearemany published featureselectionalgo-
rithms,none scalesto this sortof problem(seechapter8 of
[17] for areview). In thedomainof imagedatabaseretrieval
Tieu andViola proposedthe useof Adaboost to select20
featuresfrom a setof 45,000 [4, 12, 15]. [16] re�ned the
approachfor theproblemof facedetection.

Though it is not widely appreciated,AdaBoostprovides
a principled and highly ef�cient mechanism for feature
selection[4]. If thesetof weakclassi�ers is simply theset
of binary features(thisis oftencalledboostingstumps)each
round of boosting addsa singlefeatureto thesetof current
features.

In practiceAdaboost is run for a few hundred rounds,
yielding a perceptronThe�nal classi�er is givenby

f (x) =
TX

t =1

� t ht (x) (1)

with a few hundred features. Sincethe process is greed-
ily optimal, a trainedclassi�er can be truncatedto form
a smallermoreef�cient classi�er at any time (albeit with
highererrorrate).

In practice no singlefeaturecanperform theclassi�ca-
tion taskwith low error. Featureswhichareselectedin early

and has the samenumberof elementsas the image space, in this case
24 � 24 = 576. Thefull setof ®lters is many timesover-complete.

roundsof theboostingprocesshaderrorratesbetween0.3
and0.4. Featuresselectedin later rounds, as the taskbe-
comesmore dif�cult, yield errorratesabove0.4.

2.3 Genderand Ethnicity Classi®ers

For boththegender anda 2-classethnicityclassi�er, an
input facial imagex generatesa scalaroutput f (x) whose
polarity – signof f (x) – determinesclassmembership. The
magnitudekf (x)k canusuallybe interpretedasa measure
of beliefor certaintyin thedecisionmade.Nearlyall binary
classi�erscanbe viewed in theseterms;for density-based
classi�ers (Linear, Quadratic andFisher)the output func-
tion f (x) is a log likelihoodratio,whereasfor kernel-based
classi�ers(Nearest-Neighbor, RBFsandSVMs) theoutput
is a “potential �eld” relatedto the distancefrom thesepa-
ratingboundary.

In oursystem,theclassi�er output f (x) is a linearcom-
bination of simple(andweak)single-feature discriminants.
The �nal (binary) classassignment can consistof simple
sign-thresholding of this output or morecomplicatedtem-
poral fusionalgorithmsconstructedspeci�cally for tracking
in videosequences(seeSection2.5).

Note: thefeaturesselectedfor genderor ethnicitycanbe
different from eachotherandarevery different from those
selectedfor facedetection.

2.4 Tracking

The analysis of surveillance video presentsdifferent
problems and opportunities than the static analysis of
mugshotsor passportphotos. As mentionedearliersurveil-
lancevideois low quality, haspoor lighting, andmaynever
captureacompletely“frontal” facialimage.These�a wsare
somewhat offsetby the large number of faceimagesavail-
ablefor any individual. Given 15 framesper second, it is
not unreasonableto assumethat15 to 30 usableimagesof
eachindividual will beavailable. Thoughno singleimage
might be of high quality, the collectionof imagesis more
likely to yield con�dent predictionsof genderor race.This
sortof temporal integration requires thatdetectedfacesbe
trackedacrosstime.

In this sectionwe will brie�y describe a new form of
facetracking which hasdistinct advantagesover previous
approaches.

Most tracking algorithms implicitly assumethata com-
plete“bruteforce” searchof animagefor thetarget of inter-
estis prohibitively expensive. As a resultlocationevidence
from thepreviousframesis usedto focus thesearchin sub-
sequent images(see[7] for anexample). Givenstrongprior
assumptions aboutthe movementof the target, eachnew
framecan be processedvery quickly. Anotherkey com-
ponentof trackingalgorithms is disambiguation:giventhe



locations of several targetsin oneimageandtheir location
in the next image, the tracking algorithm can act to dis-
ambiguatethe identitiesof theobjects. Onceagaina prior
model for target motion is required. Oneform of ambigu-
ity is theabsenceof evidencefor aparticulartrackedtarget.
Prior knowledgecanbeusedto compute target locationas
acombinationof weakimageevidenceandstrongprior ex-
pectations. The�nal propertycommonto almostall track-
ing algorithms is thenecessityof initialization. Oneeither
assumesa simpleprocessis suf�cient for initial detection
or initialization is doneby hand.

In thedomainof facetracking, theappearanceof a real-
time algorithm like that describedin [16] can radically
changemany of theclassicalmotivationsfor tracking.The
tracking processno longerneedsto “focus” thesearchfor
faces(thoughfocusingcanleadto animprovement in com-
putation time). Thetracking processno longer requiresini-
tialization, sincenew faceswill be automatically detected
in eachframe. Theremainingissueis disambiguation: the
processby whichdetections in oneimagearerelatedto de-
tectionsin subsequentimages.

Given an extremely fast detector, a variety of tracking
schemescanbeconstructed.Thesimplestapproachis “dis-
crete”. A target track is continuedif a faceis detectedin a
locationwhichis assignedsomeminimum likelihoodby the
prior modelof motion. If nofaceis detectedfor agiventar-
gettrackit is terminated.After extensionof existing target
tracks,all unaccountedfacesareusedto createnew target
tracks.

While this processworks well it canbe brittle. Since
facedetectionratesare just over 90% it is not unusual to
loosetrackof a fully visible faceafter10or 20frames.The
discreteapproachlacksthe ability to make up for the lack
of evidencein any particular image.

A betterapproach usesa variant of deterministic parti-
cle �ltering [7]). Eachtrack generatesa setof hypothesis
locations in thenext image.Theevidenceat eachlocation
is thencombined to yield an estimatefor the conditional
distribution of targettracksin this new image.

Particle �ltering style approachesareprobabilistic: the
evidencemeasured in theimageis interpreted asthecondi-
tional probability of theimagegiven a locationhypothesis.
Sincethe [16] cascadeddetectoris discriminative, thereis
no immediate analogy with probabilities. Our approachis
to relatethedepthreached in thecascadewith theprobabil-
ity of the image.In otherwords theprobability of a image
patchis higherif it progressesfurther through thecascade.
This is exactlyconsistentwith thedetectionprocess.

A target trackis terminatedwhennoparticleis assigned
a probability above a rejectionthreshold (this probability
is theproduct of theobservationprobability, thedynamical
model, and the current likelihood). A new target track is
initialized if a faceis detectedin a locationassignedzero

probability by all currenttracks.
Theresultingtracker is more robust thanthefacedetec-

tor alonebecauseit cancontinue to track a faceeven if it
wouldnothavebeendetectedby thedetection cascade.

Thedynamical modelusedin our experimentsis a �rst
order linearwith a decayconstant of 0.9.Thedeterministic
particle proposaldistribution explores all locations/scales
which have at least35%overlap with thecurrent location.
Theimageevidencefunctionassignsprobabilitiesto images
patchesasen � N , whereN is the total number of cascade
levels,andn is thenumber of levelsbefore thepatchis re-
jected.

2.5 Temporal Integration for Classi®cation

Theability to trackanindividual throughout a videose-
quenceallows usto designfusionstrategiesfor combining
classi�er outputs at eachtime frame in order accumulate
evidence and thus form morecon�dent andreliabledeci-
sions. It should be notedthat in our systemthe computa-
tional load of classifyinga singledetectedfacial imageis
minor comparedto the processingload of the facedetec-
tion itself. Therefore,we canafford to make evaluate the
demographics classi�er f (x) at eachtime framet. A �nal
decisionstatisticcanbemadeusingthe following (causal)
formula

D(t) =
1
T

TX

i =0

e� �i V (f (xt � i )) Q(xt � i ) (2)

This formula allows for a decisioncriterionD(t) which is
anexponentiallyweightedsumof thepastT classi�er out-
putsf (xt ) passedthrougha�x ed“voting” functionV () and
an input-dependent“quality” function Q(x). The latter Q
function measuresthequalityof theinput irrespectiveof the
con�denceof theclassi�er (jj f (xt )jj ) andmaytakeinto ac-
count factorssuchasoverall input imagecontrast,lighting
gradientsor posevariation(degreeof mis-alignment). The
simplestintegrationschemehasnotimedecay� = 0, a lin-
earrampV(f ) = f andno quality modulation Q(x) = 1,
corresponding to a simplerunning average of theclassi�er
outputs f (xt ). Thevoting function, however, canbehard-
limited (a “sign” function, for example) in which casethe
result is the averageclassmembershipvote in the last T
frames. SettingT = 0 or equivalently � ! inf would
disabletemporal fusionaltogether, resultingin “snapshot”
decisionsin timewith D(t). Wearecurrently in theprocess
of investigatingtheeffectivenessof this technique.

3 Experimental Results

In order to estimatethe performanceof the proposed
framework, we collecteda set of imagesof human faces



from theWorld Wide Web. Theimageswerefetchedusing
“crawling” software”,andthefacesweredetectedautomat-
ically. We thenmanuallylabeledthedetections,removing
falsepositives and facesmore than30deg off frontal ori-
entation, as well as thosefor which it was impossible to
establishtheground truth regarding thegenderandethnic-
ity of thesubjects.Thefacedetector wastrainedon a basic
scaleof size 24x24 pixels, to which size the test images
werescaledaswell. All theresultsreportedin this section
areobtainedusing5-foldcross-validation.Theimageswere
randomly split to 5 subsets,with equalbalancebetweenthe
two classes,andin eachtrial oneof the subsetswasused
astestsetfor a classi�er trainedon therestof thedata. In
the end, the resultswere averagedover the 5 trials. The
reported total error is the average of the errors on the two
classes,assumingequalpriors.

Naturally, theimagesareverydiversein their resolution,
lighting conditions, age,gender and ethnicity of the sub-
jects.To assessthedegreeof alignment in thedata,we also
markedthelocationof 5 landmarks (eyes, noseandmouth
corners). Figure4 shows theplot of thedistribution of the
marked eye centers.The standarddeviation of the eye lo-
cationsis about20% of the inter-ocular distanceandover
20% of the imageswere“poorly” aligned: the locationof
the eyeswith respectto the detectedfacebox was farther
thantwo standarddeviations from the meaneye location.
This “poor” alignmentascausedby non-frontal views, in-
planerotation, andpoor facelocalizationby thedetector.

0 5 10 15 20
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Figure 4. Illustration of the alignmentpropertiesof our
Web images. The distribution of the eye centersare dis-
playedasa meanandanellipseat 1 standarddeviation.

3.1 Classi®cation Performance

3.1.1 Gender

The task in this experimentwas to �nd the gender of the
subject.Table1 describestheresults.

For comparison, we trained an SVM-basedclassi�er
with radial basisfunctionkernel (kernel functions andpa-
rameters were manually tuned to obtain the best perfor-

Classi�er Female Male Total
error

50 features 24.7% 24.3% 24.5%
100features 23.7% 23.1% 23.4%
300features 23.7% 21.2% 22.4%
500features 21.9% 20.1% 21.0%

SVM, rbf kernel 28.1% 20.9% 24.5%

Table 1. Genderresults- 5-fold CV

Classi�er Non-Asian Asian Total
error

50 features 24.2% 24.4% 24.3%
100features 22.7% 24.7% 23.7%
300features 20.6% 22.2% 21.4%
500features 19.7% 21.8% 20.8%

SVM rbf kernel 20.3% 24.9% 22.6%

Table 2. Ethnicityclassi®cationresults- 5-fold CV

manceonthisproblem). SVMshaveachievedthebestpub-
lishedresultsof 3.5% error on goodquality andproperly
aligneddata.On thismorerealisticdataSVMs yield anav-
erageerrorof 24.5%. Note: thereis a notablebiastowards
malesin classi�cation(28%error onfemalefaces).

Though similar in error rate, SVM's and boostedfea-
ture classi�ersareradically different in computation time.
The learned SVMs often utilized over 2500 support vec-
tors out of a total training set size of 3500 (eachfold of
cross-validation yieldeda slightly different number of sup-
port vectors). Evaluating the classi�er therefore involves
the computationof 2500imagedot products. In contrast,
theboostedclassi�er achievesbetterperformancewith 100
features– eachrequiring at most10additions anda thresh-
olding operation. Moreover, thefacedetectionpreprocess-
ing describedin Section2 andwhich is performedbefore
applying the SVM as well, setsthe stagefor the demo-
graphic classi�ers, so that no additional preprocessingis
required. Theresultingspeedupfactoris about 1000-fold.

3.1.2 Ethnicity

Thetaskin thisexperimentwasto classifythesubjectasan
Asianor non-Asian2. Table2 showstheperformanceof our
classi�er, comparedto thatof theSVM. While thetesterror
of theboostedclassi�er continuesto decreaseafterthe�rst
300features,theincremental valueof additional featuresis
low. Note that for all classi�ers thereis a signi�cant bias
towards oneclass(non-Asians). Again, the SVM found a
very large number of support vectors (2300, out of 3250
trainingimagesin eachfold of cross-validation).

2almostall thenon-Asianfacesin our databelong to Caucasians



3.2 Performancefor ImageRetrieval
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Figure 5. An ROC curve for the detectionof malesin a
databaseof images.Vertically is theproportionof maleim-
ageswhicharereturned(returning100%is thegoal).Verti-
cally is thepercentageof femalesretrievedat thatthreshold
(return0% is thegoal).

As notedin Section2.3,ourclassi�ers(1)provideamea-
sureof con�dence. In order to evaluatethe usefulnessof
this measureasa decisionthreshold, we castthe malevs.
femaleclassi�cation asa detectionproblem. Speci�cally,
supposewe areinterestedin retrieving all imagesof males
from a collectionof photographs.Thenby controlling the
threshold on thevalueof f (x) that is deemed high enough
for classifyingx asamale,wecancontrol boththerejection
andthe falsealarmfraction. TheROC curve for onesuch
testis givenin Figure5. It wascomputedononeof thetest
setsfrom thecross-validationpartitiondescribed in thesec-
tion regardinggenderexperiments.Outof 882images,half
wereof males,half of females.

3.3 Demographic Classi®cationfr om Video

In a separateexperiment,we evaluatedtheperformance
of thecombinedfacedetectionandclassi�cationsystemon
videotapecontaining 30 subjects.Eachpersonappearsin
about 1 minuteof video, �lmed at 30 fps, andis captured
speaking, with naturalvariations in poseand expression,
under naturallighting conditions of indoor of�ce environ-
ment.Thetrackingalgorithmdescribedin Section2.4was
applied to the imagesequencesto locateand track faces.
The demographic classi�ers trainedon the Web datade-
scribedabovewereappliedto subwindowswherefaceshad
beendetectedandtracked. Thecon�denceof demographic
classi�cation(ethnicity andgender) is updatedthrough the

track,usingthestrategy describedin 2.5.
The video of eachsubjectwas divided into threesub-

sequence of 3 seconds. Eachsubsequence was indepen-
dentlytrackedandlabeled.This resultsin 90 experiments.
In eachvideosubsequenceclassi�cationcon�denceswere
combinedasa “running average” (seeSection2.5). Theer-
ror rateof gender classi�cation after temporal fusion was
reducedto 10%.While theerror rateof ethnicityclassi�ca-
tion wasreducedto 17%.Notethatunlikethewebdata,the
total number of videoparticipants wasvery small andwas
heavily biasedtowardnon-asianmales.

4 Discussion

The task of demographic classi�cation on low quality
surveillance video is a dif�cu lt one,andthe error ratesof
21% is far from perfect. In order to calibratethe dif�-
culty of thetask,astateof theartSVM-basedclassi�er was
trainedon thesamedata.While error ratesof thetwo clas-
si�ers weresimilar, with slight superiority of the boosted
classi�ers,computationtimesat theclassi�cationstepwere
starkly different, with our classi�ers running about 1000
timesfaster. Trainedon 3500 images,theSVM usedabout
2500 support vectors,whichmeansathreeordersof magni-
tudeadvantageof theboostedclassi�ersthatused300fea-
tures,eachrequiring 8-10additionsanda thresholding. For
any application, but especiallyfor an integratedreal-time
system,thetime it takesto classifya new imageis of criti-
cal importance.

The low errorratesshown in theanecdotal experiments
in Figures2 and1 arenot atypical. Theseimagesareac-
tually of much higher quality than many examples from
our web test set. In a number of applications whereim-
agequality is higherthanwebdata,lowererrorratescanbe
assumed.

A real-timesystemprovides an additional opportunity
for reduction in classi�cationerror, theintegrationof classi-
�cations acrosstime. Givenmany imagesof thesameindi-
vidual classi�cationscanbeaveragedacrosstimetoprovide
asigni�cant reduction in errorrate.
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