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Abstract

This paperdescribesan algorithmfor nding faceswithin

animage. Thebasisof the algorithmis to run an observa-
tion windowat all possiblepositions scalesandorientation
within theimage. A non-linearsupportvector madine is

usedto determinevhetheror nota faceis containedwithin

theobservationwindow Thenon-linearsupportvectorma-

chineopelatesby comparingtheinput patc to a setof sup-
port vectoss (which canbethoughtof asfaceandanti-face
templates). Each supportvectoris scoed by somenon-

linear function againstthe observationwindowand if the

resultingsumis over somethresholda faceis indicated.Be-

causeof the huge search spacethatis consideed, it is im-

perative to investigatewaysto speedup the supportvector
madine Within this paperwesuggesta methof speeding
up thenon-linearsupportvectormadine A setof reduced
setvectos (RV's) are calculatedfrom the supportvectos.

By consideringthe RV's sequentiallyandif at any pointa

faceis deemedoo unlikely to ceasethe sequentiakvalua-

tion, obviatingtheneedto evaluatetheremainingRV's. The
ideabeingthatweonly needto applya subsebftheRV'sto

eliminatethingsthatare obviouslynota face(thusreducing
the computation).Thekey thenis to explore theRV's in the

right order anda methodfor thisis proposed.

1 Intr oduction

In this paperwe considerthe problem of face detection
within a large collection of images,suchas a large pho-
tographicdatabaseimagesbandiedaboutin emailsor dis-

playedon the internet. We considerthe mostgeneralprob-
lem with no constrainton the positionof the face,further

morewe allow theimagesto be monochromeor colour so
that colourinformationalonecannotbe usedto reducethe
search(leaving the explorationof colourcuesto others).

This is a well researchegroblemandtherehave been
alarge numberof differentapproachego it. The mostsuc-
cessfuhaveincludedthoseof OsunaandGirosi[3] whoap-
plied supportvectors(SV's) to the problem, thatof Rowley
etal [5] who useda neuralnetwork, andthatof Schneider
man and Kanade[6] who pursueda maximumlik elihood
approachbasedon histogramsf featureoutputs. The one
commonthingto all thesemethodss thatthey areall based
onrunninga20 20 pixel obsenationwindow acrosshe
imageatall possibldocations scalesandorientations.This
involvesa high degreeof computatioras(a)theobsenration
window is a400dimensionalrectorthathasto beclassi ed
in a very non-linearspace(b) thereare hundredsof thou-
sandf positionsto search.

Within this paperwe follow the supportvectormachine
approaclof OsunaandGirosi[3], our new contritution be-
ing thesequentiaapplicationof thesupporivectorso speed
up the algorithm, and an algorithm to determinethe or-
derof this evaluation. NonlinearSupportVectorMachines
areknown to leadto excellentclassi cation accuraciesn
awide rangeof tasks[7, 10], including facedetection[3].
They utilize a setof supportvectorsto de ne a boundary
betweentwo classesthis boundarydependingon a ker-
nel function that de nes a distancebetweentwo vectors.
They are, hawever, usually slower classi ers than neural
networks. Thereasorfor thisis thattheirrun-timecomple-
ity is proportionalto the numberof SVs,i.e. to thenumber
of training examplesthatthe SVM algorithmutilizesin the
expansionof the decisionfunction. Whilst it is possibleto
constructlassi cationproblemsgvenin high-dimensional
spaceswherethe decisionsurfacecanbedescribedy two
SVsonly, it is normally the casethatthe setof SVsforms
a substantiakubsetof the whole training set. This is the
casefor facedetectionwhereseveral hundredsupportvec-
torscanbeneeded.

Therehasbeenafair amountof researclton methodgor
reducingthe run-time compleity of SVMs [2,/8]. In the



presentarticle, we employ oneof thesemethodsandadapt
it to the casewherethe reducedexpansionis not evaluated
at once, but ratherin a sequentialay, suchthatin most
cases verysmallnumberof SVsareapplied.

The paperis organisedasfollows: In Section2 thegen-
eraltheoryof supportvectormachiness reviewedwith em-
phasison non-linearsupportvectormachinesin Section3
it is explainedhow to computea setof reducedsupportvec-
torsandhow to deducea suitableorderfor their evaluation.
Thetrainingis explainedin Section4 andthe face nding
algorithmin Section5, Resultsaregivenin Sectiorlé and
conclusionplus avenuesfor future work suggestedh Sec-
tion[7.

2 Non-linear Support Vector Ma-
chines

Support Vector classiers implicity map the data
f 1g (in our case,X is
the20 20 obsenationwindow beinga 400 dimensional
integer valued vector) into a dot product spaceF via a
(usuallynonlinear)map : X ! F; x 7! ( X):Fis
oftenreferredto asthe featue space AlthoughF canbe
high-dimensionaljt is usually not necessaryo explicitly
work in that space[l1]. There exists a classof kernels
k(x;x% which canbe shovn to computethe dot products
in associatedeaturespacesi.e. k(x;x% = (( x) ( x9):
The SV algorithmcomputesa hyperplanewhich separates
the datain F by a large magin. Oncethis geometrical
problemis castin termsof dot products,the kerneltrick
is usedandthusall computationsn F arereducedto the
evaluationof thekernel. It canbe shavn thatthe resulting
training problemconsistsof computing(for somepositive
valueof the parameteC determininghetrade-of between
maigin maximizationandtrainingerrorminimization)

X 1 X
max 5 ipyiyik(xisx) (D)
i=1 ij =1
X
subjectto 0 i Cri=Ln iVi=0;
i=1
&)
andthatthe solutionhasanexpansion
|
N !
f(x) = sgn iyik(x;xi)+ b 3)

i=1

Thosetrainingexamplesx; with

\ectors.
Kernelscommonlyusedincludepolynomialsk(x; x9 =

(x x99, which canbe shavn to mapinto a featurespace

i > OarecalledSupport

spanneddy all orderd productsof input features,andthe
GaussiarRBF kernel

k x x%2

k(x;x% = exp 52

4)

Performance-wisethey have beenfound to do similarly

well; in the presenpaper we focuson thelatterof thetwo.

This meansthat supportvectorsact astemplatedor faces
andanti-facesthusrelatingnon-linearSV'sto vectorquan-
tization.

3 ReducedSetVectors

Assumewe aregivena vector
of inputpatternsx; 2 X,

x
= i (Xi); (%)

i=1

2 F, expandedn images

with ; 2 R;x; 2 X. To reducethe complity of evalu-
atingit, onecanapproximatét by areducedsetexpansion
[2]
0 R
= i (zi); (6)
i=1
with N, Ny, i 2 R, andreducedsetvectosz; 2 X.
To thisend,onecanminimize[2]

7?
g%
1

i K(Xixp) +
i =1
Kx Ko
2 i jk(Xi;zp):
i=1 j=1

i ik(ziszy) (7)

Thekey pointof thatmethodis thatalthough is notgiven
explicitly, (7) canbe computedandminimized)in termsof
thekernel.

Thesequentiabpproactusedhererequiresanextension
of thereducedsetmethod to computea whole sequencef
reducedsetapproximations

o X
= mi (z); (8)

i=1
for m = 1;:::;N,. The reducedset vectorsz; and
the coefcients ,; are computedby iterative optimiza-
tion [§]. For the rst vector we needto approximate
= Nt i (xi)by °= ( 2). Minimizing thedis-
tancek %2 between and © with respectoz; ,to
give the rst reducedsetvectorz; andits coefcient .1,

usingthe methodsetoutin theappendix.

Recallthatthe aim of thereducedsetalgorithmis to ap-
proximateavector asin equation(5) by anexpansionof



the type (6) with N, > 1. The requiredhigherorderre-
ducedsetvectorsz;; i > 1 andtheir coefcients ;, are
obtainedn recursve fashionby de ning aresidualvector
14 1
m = m i ((Z); 9)
i=1
where is the original feature-spacgectorde ned in (5).
Thenthe procedureor obtainingthe rst reducedsetvec-

torz; isrepeatednow with , in placeof toobtainz,,.
However, the optimal from this stepis not used,instead
optimal ;i = 1;:::;m arejointly computed8]. Fig-

ureremonstratemeeffectsonthecla55| cationboundary
of sequentiateducedsetvectorevaluation. Notethatthere
is alaw of diminishingreturns,the rst few RV'syielding
thegreatestncreasean discrimination.

: S
Figurel: Theresultof the sequentiabpplicationof RV's (stars)
to a classi cation problem,showingthe resultof using1,2,3,4,9

and13 RV's Darker regionsindicatestrong supportfor theclassi-
cation.

Thresholds. For ary N, the obtainedexpansioncanbe
plug%ednto the SVM decisionfunction(3) to yield f (x) =

sgn jk(x;zj) + b :Itis, however, notoptimalto
simply re-usethe offset b stemmingfrom the original SV
machine Reducedetapproximation®f decisionfunctions
canbeimprovedby recomputinghethresholddy basedn
thetraining setor som%validationset[S], to ge{

X
fn, (x) = sgn@

j=1

ik(x;z) + by, A (10)

Thisis especiallytruein thepresensetting,aswill become
clearin thefollowing.

4 Training

Initially the SVM was trained on 3600 frontal face and
25000non-faceexamplesusingPlatt's SequentiaMinimal

Optimisation[4]. The kernel usedwas Gaussian(Equa-
tion 4) with a standarddeviation of 3.5. The trade-of
betweermagin maximizationandtrainingerrorminimiza-
tion, wassetto 1. The non-facepatcheswere taken ran-
domly on a setof 1000imagescontainingno faces. The
SVM selectedl742supportvectors.

To improve the performanceof the classi er a second
bout of training wasinitiated: To decrease¢he numberof
falsepositivesthefacedetectomwasappliedon a new setof
100 imageswhich did not containary faces. This gener
ated110000falsepositive patchesvhich werethenadded
to thetraining. To decreas¢he numberof falseneggatives,
virtual faceswere generatedand addedto the training set.
Thesevirtual faceswere computedby modifying the con-
trastor by addinganillumination planeto the facesof the
original training set. This alleviatesthe needof computing
apre-processingtdetectiortime andincreasegherun-time
performancef ouralgorithm.The SVM wasthenretrained
usingthis new training setwhichyielded8291supportvec-
tors. Theseweresubsequentlgecreasetb 100reducedset
vectors. Note that a retrainingusingthe misclassi cations
of a previous training hasbeenshavn in [5] to producea
greatlyimprovedclassi er.

g
Mo

Figure2: First 10 reducedsetvectos. Notethat all vectos can
beinterpretedaseitherfaces(e.g. the r stone)or anti-facesg(e.g.
thesecondne)
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5 FaceDetectionby SequentialEval-
uation

At detectiontime, eadt pixel of aninput imageis a po-
tential face (a large number). To detectfacesat different
scalesanimagepyramidis constructedIf w andh arethe
width andthe heightof the inputimageandL ands the
numberof sub-samplindevels andthe sub-samplingate,
respec,t_.yely, the total numberof patchedo be evaluatedis
Np = |z, whs?!' D Evaluatingthe full SVM or even
the whole set of reducedvectorson all patcheswould be
slow. A large portionof the patchesanbeeasilyclassi ed
usingonly afew reducedsetvectors.Hencewe proposehe
following SequentiaEvaluationalgorithm,to beappliedto



eachoverlappingpatchx of aninputimage.
1. Setthehierarcly leveltom = 1.

P
2. Evaluateym = sgn %, mj Kj + b whereK;

k(x;z):
3. if ym < 0, X is classi ed asa hon-faceandthe
algorithmstops.
if Ym 0, m is incremented.If m = N, the

algorithm stops,otherwiseevaluationcontinues
at step2.

4.ify; Oandj = Ny, thefull SVM is appliedonthe
patchx, usingequation3. If the evaluationis positive
thepatchis classi edasaface.

The main featureof this approachs thaton averagerela-
tively few kernelsK; have to beevaluatedatary givenim-
agelocation— i.e., for mostpatchesthe algorithmabove
stopsatalevel N;. This speedsip thealgorithmrela-
tiveto thefull reducedset(by morethananorderof magni-
tudein thefaceclassi cationexperimentseportedbelon).
Notethatin the caseof gaussiarkernelsthe applicationof
onereducedsetvectoramountgo a simpletemplatematch-
ing operation.

Setting offsets. The offsetsh,, are x edto obtaina de-
siredpointontheR.O.C.for the overall sequentiascheme.
Supposean overall falseneggative rate is required,then,
givena“decayrate” , weexpress asageometricseries
by settingfalsenegativerates , for themth levelin thehi-
erarclyto j = j 1 where 1= (1 ):Now eachby
is x edto achieve thedesired , overavalidationset.The
free parameter cannow be setto maximizethe overall
true positive rateover thevalidationset.

6 Results

Within this sectionthe new sequentiabvaluationalgorithm
is testedfor speecandaccurag.

SpeedIimpr ovement. At detectiontime, dueto the se-
quentialevaluationof thepatchesyeryfew reducedsetvec-
torsareapplied. Figure 3 shavs the numberof reducedset
vectorsevaluatedper patchedor differentmethodg(SVM,

RSMandSRSM(SequentiaReducedsetMachine)),when
the algorithm s appliedto the photoin Fig[4. The Full

SVM andthe RSM evaluateall their supportor reducedset
vectorson all the patcheswhile the SRSMuseson average
only 2.8 reducedsetvectorsper patch. Figure4/shavs the
patchesf aninputimagewhich remainafter1, 10,20 and
30 sequentiateducedsetevaluationson animagewith one

Full SVM

10°F

Number of Support Vector Evaluations (Nz)

Mean of Hierarchical RS

10°
Number of Patches (Np)

Figure 3: Numberof reducedsetvectos usedper patd for the
full SVM(8291supportvectos), ReducedetSVMandSequential
Reduce®etSVM(bothat 100reducedsetvector)

an

-

Figure4: From left to right: inputimage, followedby portions
of theimage which containun-rejectpatchesafter the sequential
evaluationof 1 (13.3%patchesemaining) 10 (2.6%) 20 (0.01%)
and 30 (0.002%)supportvectos. Note that in theseimages, a

pixel is displayedif it is part of any remainingun-rejectedpatc

at any scale orientation or position This explains the appaent
discrepancybetweertheabove percentagesandthevisualimpres-
sion.

,’ﬂ'; 5 [+%. B

s . .

face, gure [5 shaws the resultson animagewith multiple
faces.

Figurel7 shavs the numberof reducedsetvectorsused
to classify eachpatchof animage. The intensitiesvalues
of thepixelsof therightimageareproportionato thenum-
berof reducedsetvectorsusedo classifythecorresponding
spotin theleft image(notethattheintensitiesaredisplayed
at the centerof the correspondingatchesonly). The uni-
form partsof theinputimageareeasilyrejectedusingasin-
glereducedsetvector whereagheclutteredbackgrounde-
quiresmorereducedsetvectors.Notethatvery few patches
neededll thereducedsetvectors(only thepatchesontain-
ing thefacesusedall thereducedsetvectors).

Accuracy. Figurel6 shavs a comparisorof the accurayg
of the differentmethods.TheseR.O.C.werecomputedon
atestsetcontaining800facesand5000non-faces.Theac-
curagy of the SRSM(100reducedsetvectors)is very sim-
ilar to theaccurag of thefull SVM (8291 supportvectors)
andtheRS(100reducedsetvectorswhich performequally
well.
To compareour systemwith others,we usedthe Row-



Figure5: Inputimage, followed by patcheswhich remainafter
the evaluation of 1 (19.8% patchesremaining) 10 (0.74%) 20
(0.06%)and30(0.01%): : : 70(0.007%}supportvectos. Notethe
commentn the captionof Fig 4.

L
Figure6: Left: R.O.C.for the SVMusing8291supportvectos
(dottedline), the RSusing 100 reducedsetvectos (dashedine)
and SRSMusingalso 100 reducedsetvectos (solid line). Note
thatthe SVMand RScurvesare so closethat they are not distin-
guishable Right: R.O.C.for an SRSMusing1 (dashedine), 2
(dash-dotine), 3 (dottedline) and 4 (solid line) reducedsetvec-
tors.

ley et al. [5] test set (which also includesthe Sung et
al. [9] andthe Osunaet al. [3] testimages). This setcon-
sistsof 130imagescontaining507 faces. We useda sub-
samplingratio of s = 0:7 andthe input imageswere sub-
sampledaslong astheir width and heightwaslarger than
20 (i.e.thenumberof levelsin the sub-samplingyramidis

. log(20=w) . log (20=h)
min oor = 5= 00r SicaT wherew andh

are,respectiely, thewidth andthe héightof theinputim-
age). We obtaineda detectionrate of 80.7% with a false
detectiorrateof 0.001%.Thesenumbersareslightly worse

than Rowley's, Sungs and Osunas results,althoughthey
are hardto comparedue to the fact that they pre-process
the patchesbefore feedingthem into their classi er (his-
togramequalisationpackgroundoixel removal andillumi-
nation gradientcompensation). Our main objective was
speed,henceno pre-processingvas made. Secondly we
useda differenttraining setastheir training setwas partly
proprietary Speed gures are also hardto compare,but
from the information given, we conjecturethat the Osuna
etal. RSsystemis comparablén speedo our RS system,
whichin turnis 30 timesslower thanour sequentiakvalu-
ationsystem(32 s for the sequentiakvaluation,1.2msfor
the reducedsetevaluationand 26msfor the full SVM per
patchona500MHzPentium).

Figure7: Top left: Theintensityvaluesof the pixelsof the left
image are proportionalto the numberof reducedsetvectos used
to classifytheir associatedpatches of the middle image. Light
grey correspondgo the useof a single reducedsetvector black
to the useof all the vectos. Top middle: 153 263 middleim-
age contains76108patchesandwasdetectedn 2:58s. Top right:
A 601 444image containing518801patchesdetectedn 27.9s.
Bottom Left: 1280 1024 contains2562592patces and was
detectedn 80:1s. Bottom right: A 320 240image containing
147289patchesdetectedn 10.4s(Notethefalsepositives).

7 Conclusionand Futur e Work

Patterndetectiorsystemaisuallyhave to scanlargeimages.
Thereforethegreatesthallengen engineeringystemsor
real-world applicationsis that of reducingcomputational
compleity. Within this paperwe have demonstratedom-
putationalsaringsin classi cationby theuseof asequential



reducedsupportvector evaluation. There are several av-

enuedor future research.(a) We have exploredthe useof

the Gaussiarkernelasadistancemetric,howeverit maybe
possibleto tailor the kernelto somethingnuchmoresuited
to facialdetection.(b) It maybethatthe criteriafor choos-
ing thereducedsetof supportvectorscanbeimproved. At

presenthereducedsetof supportvectorsis choserto min-

imize (7), which affectsclassi cationerroronly indirectly.

However, it might be advantageouso chooseareducedset
thatminimizesclassi cationerrordirectly. (c) It would be
interestingto adaptthe thresholdshasedon contextual in-

formation: for instancejf afaceis detectedn the image,
this placesstrongpriors on the scaleandorientationof ary

otherfaceswe expectto see. This could further speedup
the detection. Finally, althoughthe methodhasbeenim-

plementedor thetaskof facedetection|t couldbereadily
appliedto awide classof otherdetectionandclassi cations
problems.
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A Computing the rst reduced set

vector.

Now the algorithmfor minimizing the distancek %?
in sectionis presented. First, we minimize the distance

between andthe orthogonalprojectionof  onto span
(( 2),
( (2) 2_ 2 (27
(2 (n'? K 2 (o)
(11)
i.e. maximize ( ( 2)2
(2 () (12)

which can be expressedn termsof the kernel. Oncethe
maximumis found, it is extendedo the minimumof k
%2 by setting(cf. (1)) =( (2)=(( 2) ( 2)).
For kernelswhich satisfyk(z;z) = 1forallz 2 X (e.g.
Gaussiarkernels),(12) reducego

( (2% (13)

For the extremum, we have 0 = r 4( (2)?% =
2( (2)r ( ( 2)). To evaluatethe gradientin
terms19f k, we substitute(5) to getthe sufcient condition
0= ir g k(xi;z). Fork(xi;z) = k(kx; zk?)
(e.g.GaussiansorP(kxi zk> + 1) forc= 1, 1=2),
we obtain0 = 2% kYkx;  zK®)(x; 2z), lead-

P N x 0, 2
: Nx L kO(kxi ZK2)X; ,
ing to z = —pst KX ZKIXi . pop the Gaussiarker

N KO(kx;  zK?)
nelk(x;;z) = exp(k x; zk?=(2 ?)) we thusarrive at

_ o iexp(k xi zk?=(2 2)xi . . . .
z= .Nli (K X 2K=@ 2)) ; anddeviseaniteration
PN, 2 2
_ gz iexp(k xi  zak=2 “))x;

Zn+1 = P Ny > 2 . (14)
o1 iexp(k xi zhk*=(2 2))

The denominatorequals( ( zn)) andthusis nonzero
in aneighbourhooaf the extremumof (13), unlessthe ex-
tremumitselfis zero. Thelatteronly occursf theprojection
of onthelinearspanof ( X) is zero,in which caseit is



pointlessto try to approximate . Numericalinstabilities
relatedto(  ( z)) beingsmallcanthusbeapproachety
restartingheiterationwith differentstartingvalues.

Without further detail, we note that (14) can be inter
pretedasatypeof clusteringwhich takesinto accountoth
positive andnegative data[8].

B Computing higher order reduced
setvectors.

Higher order reducedset vectorsz,; m > 1 arere-
quiredandeachz,, is computedrom , (de ned above)
as follows. Equation (14) is appliedto  (in place
of ) by expressing  in its repregzntatiorin terms
Bf mapped input images: ., = iz1 i (Xi)

m Y i (z); ie weneedto setN, = "+ m

(X15:iniXN, ) = (X3 000X 5203000 Zm 1)-
ang m+1 hasnotyet reachedzero,thenK ? will bein-
vertible).

Proposition1 ([8]) The optimal coefci@ts =

( Ll m) for approximating = iz1 i (%)
by i"ll i (z) (for linearly  independent
( z1);:::; ( zw)) inthe2-normare givenby

= (K?) *K** (15)

Here, K = (( z) ( z))andK{* = (( z) ( x)).

Thesolutionvectortakestheform (6).
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