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Abstract

We presenta techniquefor facial featue localizationus-
ing a two-level hierarchical wavelethetwork.The r stlevel
waveletnetworkis usedfor face matding, and yieldsan
afne transformationusedfor a rough approximation of
feature locations. Secondevel waveletnetworksfor eat
featue arethenusedto ne-tunethefeaturelocations.

Constructionof a training databasecontaininghierar-
chical waveletnetworksof manyfacesallowsfeaturesto be
detectedn mostfaces.Experimentshowthatfacial featuie
localizationbene tssigni cantly fromthe hierarchical ap-
proadh. Resultssompae favorably with existingtedhniques
for feature localization.

1. Intr oduction

Automatedinitialization of featurelocationis a require-
ment of mary tracking algorithmsthat take advantageof
temporalcontinuity of thetarget. In this paperwe describe
an approachto automaticinitialization using hierarchical
wavelet networks. Our applicationis facial featurelocal-
izationfor the purposeof initializing facialfeaturetracking,
but the approachs applicableto othertamgettypes.

Tracking algorithmsthat are basedon tracking setsof
compactvisualfeaturessuchasedgecornersor smallim-
age patches,are especiallydif cult to initialize because
eachfeaturein itself is rarely unique— brute-forceraster
scansearchef suchsmall featureswill resultin mary
possiblecandidatespf which only a small handfulmay be
desirablematchegFigurel).

This suggestshatfeatureswith largersupportshouldbe
used,but featureswith larger supportarealsolikely to be
lessprecisein their localization,asimagefeaturesar awvay
from the featurein questionbiaslocalization. For exam-
ple, mary frontal facedetectorq14, 15, 17] couldtrivially
be convertedto frontal eye detectorshy assuminghateyes
arelocatedat certainrelative coordinateswith respecto a
detectedace,andin fact,somefacedetectoroverlaymark-
ersonthe eyes,asevidenceof a detectedace[14, 15]. At
a given resolution,whole facescontainmore information
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thanthe eyes alone,and so the larger supportof the face
providesgreaterconstraintdn the searchfor eyes. On the
otherhand,the larger supportalsomeanghateye localiza-
tion is imprecisebecausehe face-ge relationshipvaries
from imageto image. Variationsin facial geometryalone
male it impossibleto pinpoint pupils or eye cornersusing
suchatechnique.

We presentanalgorithmwhich solvesthis problemvia a
hierarchicalsearchusingGaborwaveletnetworks (GWNs,
[8]). This approachallows effective objectrepresentation
usinga constellatiorof 2D Gaborwaveletsthatarespeci -
cally choserto re ect theobjectproperties.

For applicationto facial featuredetection,we construct
atraining databasef faceimagesandtheir 2-level GWN
representationsThe rst level GWN, representinghe en-
tire face,is usedto nd afacein thedatabasé¢hatis similar
to the target, andto determinean af ne transformatiorto
describeary differencein the orientationof the faces.The
secondevel GWNs, representingeachfeature,areinitial-
izedin positionsaccordingo theaf ne transformatiorfrom
the rst level GWN. They arethenallowedto moveslightly
to minimize their differencefrom the new face. This fa-
cilitatesadjustments$o accounffor slight differencesn the
geometryof the databaséaceandthetarget. The nal po-
sition of the child-wavelet networks is the estimateof the
featurepositions.

The remainderof the paperis organizedasfollows. In



Section2, we explain Gaborwaveletnetworks, which form
the basisfor our approach,and introduce hierarchiesof
GWNs, aswell. Section3 discusseghe algorithmic de-
tails of ourfeature-localizatiosystemandshavs resultson
a hand-annotatedatabasef facesandfacial features.Fi-
nally, Section4 reviews relatedwork.

2. Wavelet Networks

A wavelet network consistsof a setof waveletsandas-
sociatedveights,whereits geometricaton gurationis de-
ned with respecto a singlecoordinatesystem. It canbe
furthertransformedy a parametrizedamily of continuous
geometrigransformationsWaveletNetworks[20] havere-
cently beenadaptedor imagerepresentatiorfi8] andsuc-
cessfullyappliedto facetracking,recognition,andposees-
timation[3, 8]. Here,we applythemto the problemof fea-

turelocalization.

The constituentsof a wavelet network are single
waveletsandtheir associatedoefcients. We will consider
theodd-Gaboifunctionasmotherwavelet. It is well known
that Gabor lters arerecognizedasgoodfeaturedetectors
andprovidethebesttrade-of betweerspatialandfrequeny
resolution10]. Consideringhe2D imagecasegachsingle
odd Gaborwaveletcanbe expressedisfollows:
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where X representsimage coordinates and n
areparametersvhich composdheterms

S , and

allow scaling,orientation,andtranslation. The parameters
arede ned with respecto a coordinatesystemthatis held
x ed for all waveletsthat a single wavelet representation
comprises. A Gaborwavelet network for a given image
consistsn asetof suchwavelets p andasetof asso-
ciatedweights , speci cally chosenso thatthe GWN
representation:

, that
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bestapproximateshetargetimage.

Assumingwe have a single training image, | , thatis

truncatedto the region that the target object occupieswe
learnGWN representatioparameterasfollows:
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1. Randomly drop  wavelets of assortedposition,
scale,and orientation,within the boundsof the tar-
getobject.

2. Perform gradient descent(e.g. via Levenbeg-
Marquardtoptimization[12]) overthesetof parame-
ters n ,to minimizethedifferencebetweerthe
GWN representatioandthetrainingimage:

| n X 3)

3. Save the geometricparametersn , andthe weights,
, for all  wavelets. Letv de-
notethe concatenatedectorof weights.

Step2 minimizesthe differencebetweerthe GWN rep-
resentatiorof the trainingimageandthe trainingimageit-
self. A reasonablehoiceof resultsin a representation
that is an effective encodingof the training image. One
adwantageof the GWN approachis that one cantrade-of
computationakffort with representationadccurag, by in-
creasingr decreasing (seeFig. 2).

We noteherethatif theparameterfor awavelet, n x,
are x ed, thenits coefcient, , onanimage,l, canbe
computeceasilyfrom theimageby takingtheinnerproduct
of thewavelet'sdual, n x ,withI: I n . Here,

n X n X (se€[3, 8] for moredetails).

GWNs may be further transformedby a bijective geo-
metric transformation,T , parametrizedoy , suchthat
the GWN representation x is mappedto T X
Localization of an object representecdby  can then be
seenas nding the optimal parameters, , of T thatallow

T x tobestreconstrucaportionof theimage.Given
a hypothesizedetof parameters, , oneway to determine
whetherit performsa good reconstructions to compute

T x andthencomputethe -normbetweent and
theimage(within 'ssupportregion).

If thetransformatior is linearit canbetreatedasbeing
“pushedback”totheindividualwavelets, n x ,thatmake
up the GWN representationln this case,we do not have
to laboriouslyreconstructmagesto computethe  -norm.



Instead givena hypothesizedetof parameters, , we can

now transformthe constituentwaveletsaccordingly com-

putetheirweights, , ontheimage,l, anddirectlycompute
-normasfollows:

I T X vV W

n n (4)

where IXx n T x .
Theterms pn n areindependentf uptoascalar
factor thusfurtherfacilitating on-line computations.

Hierarchicalwavelet networks are bestervisionedasa
treeof waveletnetworks. Eachnodeof thetreerepresents
singlewaveletnetwork togethemith its coordinatesystem.
Eachchild nodeis associatedvith a x edlocal coordinate
systemthatis positioned scaled,andorientedwith respect
to its parent. Child nodesrepresentavelet networks in
themseles. Relationshipbetweerthe waveletparameters
in aparentodeandachild nodearenot x eda priori. That
is, thishierarchicaktructureonly imposedirectconstraints
on the relative positioningof coordinatesystemsbetween
nodesnotonthewaveletsthemseles.

Structuredin this way, wavelet networks occurring
higher (toward the root) in the tree constraintheir child-
nodewaveletnetworksin suchaway asto avoid signi cant
geometricdeviationswhile offering enough e xibility that
local distortionscanstill bemodeled.

3. Implementation

Our testsystemwas developedto provide initialization
for a3D facialposetracker. Thetrackingsystem(described
in [4, 16]) usesinetrackedfeaturesonasubjectsface—in-
nerandoutercornersof botheyes,threepointsonthenose,
andtwo mouthcorners Eachfeatureis trackedby acombi-
nationof low-resolution,sum-of-absolute-diérence tem-
platematchinganditerative sub-pixel trackingof smallim-
agepatcheg6, 9]. Bothfeature-trackinglgorithmsrequire
accuratenitial localizationof the ninefeaturespersubject,
in orderto track. Previously, thesepointswereinitialized
manuallyfor eachsubject;by implementingthe algorithms
describedabove, we wereableto automatethis procesgor
arangeof subjects.In theremainingsequencedacial fea-
tureswill referto eightof thesefeaturegnotincludingthe
nosetip —thisis estimatedsthemidpointbetweemostrils,
becausdocal imageinformationis insufcient for accurate
localization).

Our training databasencludesthe following for each
face:

theoriginalimage,
aboundingbox for eachfacialfeature,
aboundingbox for thewholeface,

a GWN representatiomf the region inside the face
boundingbox, and

aGWN representationf theregioninsideeachfacial
featureboundingbox.

Facesarewell-representeavith a GWN of 52 wavelets,as
shavnin Figure2 (Cf. theGaborjet approachwhichwould
requiremary morewavelets). Eachfacial featureis repre-
sentedby a GWN comprisingnine wavelets.

Assumewe are given an imageknown to have a face
presenttogetherwith the approximatedocationof the face
(e.g., via facedetection[14, 15, 17]). The rst stepin fea-
ture localizationwe call face matding. Thetaskisto nd
the“bestmatch”facefrom our databasef facesusingthe
rst level of the GWN hierarchyanda nearest-neighbaal-
gorithm.

For eachcandidateface, we begin by determiningan
afne transformationof the level-one GWN that registers
the candidatewith the targetimage, as explainedin Sec-
tion 2.3. Levenbeg-Marquard optimizationwas usedto
nd the bestafne parameters. The residual scorein
waveletsubspacéEquationd) is thenminimizedover can-
didatesto suggesthe best-matcHacefrom our database.
Intuitively, this scoregivesanindicationof how gooda can-
didateis, for the purposef initialization of Level Two,
below.

Note that at this point, we cangenerataeasonablédy-
pothesedor featurepositionsalready simply by applying
the afne transformationto the relative positionsof the
featureswith respectto the whole face,as markedin our
databaseThe successateof theserst-le vel hypothesess
givenin Tablel.

In the next subsectionwe shov how theseestimatesre
furtherre ned by level-two analysis.



Level One gives us an initial starting point for ner
searchThere nementprocesss identicalin theabstracto
how we computedthe af ne transformationin Level One.
Thedetailsareslightly different:

We do not allow arbitraryaf ne transformationdor fa-
cial features becausdocal featurestendto have far fewer
imageconstraints.A problemakin to the “apertureeffect”
comesinto play, andthis is aggraratedby searchingover
too mary degreesof freedom. Sincewe alreadyknow the
facial orientation, scaling and expectedaspectratio from
Level One,we restrictour searchto translationalparame-
ters,only.

For eachfeature we performabrute-forcesearchwithin
a limited window for a position that minimizesthe score
in wavelet subspacéetweena candidatdevel-two feature
GWN, andthetargetimage.

Note that candidatefeatureGWNs may be drawvn from
anyof thefacesn our databasenot justthe GWNsthatare
associatedvith the best-matctacefrom Level One. This
giveseven a relatively small databasehe power to match
a considerablesggmentof the population,by mixing and
matchingfeaturesrom differentfaces.

Experimentalvalidation of our approachwas obtained
by constructinga databaseof 100 faces,drawvn from the
Yale and FERET FaceDatabase$l, 11]. To test,we per
formedaleave-one-ouserienf 100experimentswherefor
eachface,we applyfeaturelocalizationusingtheremaining
databasef 99 faces.For eachsetof automatedeaturelo-
calizationswe comparewith the hand-markdlocationsof
eachfeature.

Feature 1-level 2-level

detectrate | detectrate
Left Eye OutsideCorner 0.81 0.95
Left EyelnsideCorner 0.90 0.94
RightEyelnsideCorner 0.93 0.94
Right Eye OutsideCorner 0.78 0.96
Left Nostril 0.86 0.95
Right Nostril 0.88 0.94
Left Lipcorner 0.65 0.87
RightLipcorner 0.65 0.88

Figure4 plotsthesumof featurepositiondifferencever-
susfacescorefor a singleface,with all otherfacesin the
databasescoredagainstit. This gure demonstrateshat
a good scorealways correspondgo a small position dif-
ference. To shaw thatthereis considerableadwantageto
additionallayersin the hierarchy we comparefeaturelo-
calizationresultsusingonly onelevel to usingbothlevels.
Table 1 comparedeaturelocalizationratesfor both 1- and
2-level systemsAn “accurate’localizationis characterized
asonein which the featurewaslocalizedto within 3 pix-
els( -distance)of the hand-markd position. Note that
featuresare localized consistenlymore accuratelyfor all
featureswith two levels ratherthanone. Figure5 shavs
this sametrendbroken down differently. The solid line in-
dicatesthe total SAD in featureposition between2-level
localizationand hand-annotationthe dashedine is for 1-
level localization. Exceptin atwo or threerareinstances,
the 2-level localizationis far superior

Finally, we offer randomexamplesout of the 100 exper
imentsfor visual examination. Figure 6 shovs a clearim-
provementn featurelocalizationwith two levels. Notethat



justaboutevery featureis accuratelylocalizedby two-level
matching.

Figures7 and8illustratefurthercasesf accuratandin-
accurataletectioncaseasingthetwo-level hierarchy Fig-
ure 8 shavs examplesof somerarefailure cases.Among
failures,theseexamplesaretypical — eyebrowns or shadevs
underthe eyesare sometimesnistalen for the eyesthem-
seles, and specularre ection from glassesanobfuscate
eyecorners.

4. Related Work

Otherfacialfeaturedetectionapproachesxist. Oneap-
proachdetectsfeaturepointsusinghand-craftedyeometric
modelsof featureq19]. The goalof this work, however, is
in detectiorof facesy looking for groupsof facialfeatures,
so featurelocalizationaccurag is low. Otherwork trains
separatéaceandfacialfeaturedetectorsywherefeaturesare
trainedfor maximumdiscriminability from amonga train-
ing set[2]. Thiswork s presenteavithoutquantitatvemea-
suresof featurelocalization.Steerablelters andgeometri-
cal modelshave alsobeenusedto nd facial featureswith
high accurag[7]. A coarse-to- neimagepyramid is em-
ployed to localize the features but the techniquerequires
high-resolutionimageryin which sub-featuresuchasthe
whites of the eye are clearly visible as such. Color sey-
mentationcanalsobe usedto estimateapproximatdeature
locations[5]. Theseestimatesreportedio have a precision
ofupto  pixels,canbefurtherre ned via grayscaléem-
platesto sub-pixel accurag. For eachindividual andeach
facefeaturenine pixel templatesaregiven, but no
generalizatiorio unknown facess discussedFinally, neu-

ral networks have beenusedto detecteyesandeye corners
[13]. Resultsapproach correctlydetecteceye corners
while allowing avarianceof two pixels,but theseresultsare
for eyesonly, which arelessdeformableghanmouths.
Lastly, GWNs invite the closestcomparisonwith the
well-known Gabor jet representation®f facial features
[18]. The adwantageof GWNSs s thatthey offer a sparser
representationf imagedata: Wherejets canrequireup to
40 complex Gabor lters to approximatethe local image
structurearounda singlefeaturepoint, GWNscanmake do
with nine, asin our implementation.This is a direct con-
sequencef allowing waveletsin a GWN to roam contin-
uouslyin their parametespaceduring training. Edgefea-
tures,which arebuilding blocksof morecomple features,
arethusef ciently capturedatvariousscalesby GWNSs.

5 Conclusion

We have presentedh hierarchicalwavelet network ap-
proachto featuredetection. Our methodtakes a coarse-
to- ne approacho localizesmallfeaturesusingcascading
setsof GWN features.

We testedour resultson the task of facialfeaturelocal-
ization, usingone-andtwo-level hierarchies.For the one-
levelimplementationGWNsaretrainedfor thewholeface;
for two levels,the second-lgel GWNs aretrainedfor each
of eightfacialfeatures Experimentshow thatthetwo-level
systemoutperformsthe one-level systemeasily verifying
theusefulnes®f a hierarchyof GWNsfor featurelocaliza-
tion. Resultscomparefavorably with otheralgorithmson
this task.

Someremainingissuesincludethe following: How can
we determingheminimumnumberof waveletsrequiredfor
eachGWN?Canasubsebf waveletsin agivennetwork be
sufcient for goodmatchingat a particularlevel? Finally,
how canwe minimize the numberof GWNs necessarat
eachlevel to capturethe broadrangeof the setof realtar
gets?We hopeto examinethesequestionsasfuture work.
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