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Abstract

In this article we presenta hew methodfor visual face
tracking that is carried out in waveletsubspace Firstly,
a waveletrepresentatiorfor the face templateis created,
which spansa low-dimensionalsubspaceof the image
space Thevideosequencérameswheke thefaceis tradked
are then orthogonally projectedinto this low-dimensional
subspace This can be done efciently through a small
numberof applicationsof the wavelet lter s. All further
computationsre performedin waveletsubspacegwhich is
isomorphicto the image subspacespannedby the setsof
waveletdn therepresentation.Rohustnessv.r.t. facial ex-
pressionand af ne deformationsas well as the efciency
of our method are demonstatedin variousexperiments.

1. Intr oduction

This paperaddresseshe issueof af ne real-timeface
tracking. Real-time (RT, 25/30 Hz) is a major requi-
sitefor mary human-computeinterface(HCI) andsunweil-
lanceapplicationsaswell asfor tele-conferencingndtele-
teachingasks.For gesturegazeandposeestimatiorappli-
cations,tracking hasto be not only fast, but also precise.
A variety of tracking approacheslreadyexists [5, 2, 1].
In this work, we will useGaborWaveletNetworks (GWN)
[6, 4] in orderto representhefaceto betracked. It is worth
sayingthatwe have alreadydiscusseca GWN-basedeal-
time trackingmethodin [5]. The methoddiscussedn the
presenpaperdiffersfrom thatapproachin the sensehatit
is performedin a low-dimensionalwavelet subspacepos-
ing a considerablenhancemernih termsof ef ciency.

GaborWavelet Networks (GWN) combinethe adwan-
tagesof RBF networks with the adwantagesof Gabor
wavelets. Objectsarerepresentedhrougha linear combi-
nationof Gaborwaveletswherethe parametersf eachof
theGaborfunctions(suchasorientation positionandscale)
areoptimizedto re ect the particularlocalimagestructure.
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Theuseof GabonWaveletNetworkshassereraladvantages,
namely:

1. By their very nature,Gaborwavelet networks arein-
variantto somedegreeto af ne deformationsandho-
mogeneoudlumination changes,

2. Gabor lters aregoodfeaturedetectord8, 9] andthe
optimizedparametersf eachGabomwaveletre ect the
underlyingimagestructure,

3. The Gaborwaveletweightsaredirectly relatedto the
Gabor lter responseandthusalsore ect the under
lying localimagestructure,

4. The precisionof the representatiortan be varied to
any desireddegree ranging from a coarseto an al-
mostphoto-realistiaepresentatioiy simply varying
thenumberof usedwavelets.Dependingon the avail-
ablecomputempowerandthenecessarijrackingpreci-
sion, the numberof waveletscanbe dynamicallyvar
ied.

Propertie2-4 allow usto de ne a subspacef the image
space. Its basisis given by the selectvely chosenGabor
wavelets. Property4 allows an easyprojectionof ary im-
ageinto the subspacewhile property3 assureghe great
sparsenessf the wavelet representationWe will discuss
eachsingle point in section2. In section3, we will in-
troduceour subspacerackingapproachdiscusghe details
and concludethe paperwith the experimentsin section4
andconcludingremarks.

2. Intr oduction to Gabor Wavelet Networks

Thebasicideaof thewaveletnetworkswas rst statedn
[11], andtheuseof Gaborfunctionsis inspiredby the fact
thatthey arerecognizedo begoodfeaturedetectorg8, 9].

To de ne a GWN, we startout, generallyspeaking by
taking a family of  odd Gaborwavelet functions
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Figure 1. Face images reconstructed with diff erent number of wavelets

of theform

(1)
with . Here, , denotethetrans-
lation of the Gaborwavelet, , denotethedilationand

denotesthe orientation. The choiceof is arbitrary

andrelatedto thedegreeof desiredrepresentatioprecision

of the network. In orderto nd the GWN for a function
( dc-freew.l.0.g.)theenepgy functional

@)

for all

is minimizedwith respecto theweights andthewavelet

parametevector . Thetwo vectors
and

de ne thenthe Gaborwaveletnetwork for function

In otherwords, consideringa discreteimagel!, a Ga-
bor wavelet network is de ned througha -dimensional
vectorof weights anda -dimensionalvector of Ga-
borwavelets , wheretheweights andthe parameter
vectors arechosersuchthatthe weightedsumof Gabor
wavelets  approximateshediscretegrayvalueimage
optimally.

Fromthe optimalwavelets andweights of the Ga-
borwaveletnetwork, thefunction canbe(closely)recon-
structedby alinearcombinatiorof theweightedwavelets:

1We usethe notation
tions,whileweuse
images.

to generallyrefer to continuousfunc-
whenwe explicitly referto discretegrayvalue

Clearly, the quality of the imagerepresentatioandrecon-
structiondepend®nthenumber of waveletsandcanbe
variedto reachalmostary desiredprecision.An exampleof
reconstructiortanbeseenin g. 1. In thisexample,afam-
ily of waveletshasbeendistributedovertheinnerface
region of the very right image by minimizing equation
(2). Differentreconstructions obtainedby the application
of equation(3) for differentvaluesof  areshawn.

2.1 DirectCalculation of Weights

Theweights  of a GWN aredirectly relatedto thelo-
cal Iter responsesf the Gabor lters . Gaborwavelet
functionsarenotorthogonalthusimplying that,for agiven
family  of Gaborwavelets,it is not possibleto calculate
aweight by a simple projectionof the Gaborwavelet

onto the image. In fact, a family of dual wavelets
hasto be consideredThewavelet

is thedualwaveletof thewavelet iff

With

In other words, given
, the optimal weightsfor

the enegy in eq. (2) aregiven by

be shovn that

, We canwrite

and a GWN
that minimize
. It can
, Where

Theabove equationsllow usto de ne the operator

®3)

asfollows: givenaset of optimalwaveletsof aGWN, the

operator  representsin orthogonalprojectionof a func-
tion ontotheclosedlinearspanof (seeeq.(3)and g.
2),i.e.

, with @)

3. FaceTracking in Wavelet Subspace

Thewaveletrepresentatiodescribedn theprevioussec-
tion may be effectively usedfor af ne facetracking. Basi-



Figure 2. A function

the linear mapping  into the vector .

The mapping of into is achieved with

the linear mapping . Both mappings consti-

tute an orthogonal projection of a function
into the subspace

is mapped by

cally, thistaskis achievedby af nely deforminga GWN so
thatit matcheghe faceimagein eachframeof a video se-
guenceTheafne deformatiorof a GWN is carriedoutby
consideringhe entirewaveletnetwork asa singlewavelet,
which is also called superwavele{5]. Let be a
Gaborwavelet network with and

. A supervavelet is de ned asa

linearcombinationof thewavelets suchthat
)
wherethe vector 2 de nes the

dilation matrix , the rotation matrix ~ andthe transla-
tion vector , respectiely. Theafne facetrackingis then
achieved by deformingthe supervavelet  in eachframe

, Sothatits parameters areoptimizedwith respecto the
enegy functionalE (seeeq. (2)):

(6)

Clearly, this methodperformsa typical pixel-wise pat-
tern matchingin image space,wherethe templatecorre-
spondgo the waveletrepresentationyhich is af nely dis-
torted to matchthe facein eachframe. It is interesting
to notethat the waveletweights  (seeeq. (5)) arecon-
stantunderthe deformationof thetemplate. Thereforethe
afne deformationis capturedonly by the deformationof
thewavelets,while theweightvectorremaingnvariant.

We thusclaimthatthetrackingin imagespacedescribed
abore may alsobe achieved in the low-dimensionakpace

, whichis isomorphicto theimagesubspace ,as
illustratedby g. 2. Asit canbeseernthere bothspacesre
relatedthroughthematrices and , respectely.

As the rst step,considera GWN thatis opti-
mizedfor a certainfaceimage. As previously mentioned,

2To includethe sheaiin the parametesetof thewavelets,se€[5].

the optimal weight vector is obtainedby an orthogonal
projectionof thefacialimageinto the closedlinear spanof

. Hence,we saythatthe facetemplatewas mappednto
theweights , whichwe will call refeenceweights

We mentionedbefore that the wavelet template gets
afnely deformedfor tracking in image space. Analo-
gously the tracking in wavelet subspaces performedby
afnely deformingthe subspace , until the weight
vector , obtainedby the orthogonamappingof the
currentframeinto this subspaces closesto thereference
weightvector . In fact, this procedureperformsroughly
the samepatternmatchingas before,but this is doneef -
cientlyin thelow-dimensionakpace

The mappingof imagesinto is carriedout with low
computationalcost througha small numberof local I-
trations with the wavelets. Recallfrom section2.1 that

, Where . Thisis

equalto thefollowing equation:

(7)

Thus,theoptimalweights  arederivedfrom alinearcom-
bination of wavelet Itrations, wherethe coefcients are
given by the inverseof matrix . It can
be shavn that the matrix is, exceptfor a scalarfac-
tor, invariantwith respectto af ne transformation®f the
waveletnetwork. It canthereforebe computedff-line and
beforehandHencetheweights arecomputedef ciently

with eq. (7) througha local application of eachof
the Gaborwavelets , followedby a matrix
multiplication.

Let be an afne parameter

vectorwhichcon guresaparameterizatiofor thesubspace
. As we describedbefore,trackingin waveletsub-

spaceis achieved by graduallychangingtheseparameters

until the projectionof the currentframe onto

is closestto the referenceweights . In otherwords, we

mustoptimizethe parameters with respecto the enegy

functional:

with 8)

— (9)

where is the dilation matrix, is the rotation matrix
and is thetranslationvector, all de ned throughthe vec-
tor . During tracking, this optimiza-
tion is donefor eachsuccessie frame. As thereis not
much differencebetweenadjacentframes, the optimiza-
tion is fast. To minimize the enepgy functional (8), the
Levenbeg-Marquardalgorithmwasused.
In equation(8) we usedthe notation
fer to a distancebetweenvectors and

to re-
of the subspace



. However, it is notyet clearhow this distancemea-
sureshouldbe calculated Onecouldusethe Euclideandis-
tancebetweentwo vectors,asdonein [10]. However, that
distancemeasuremissesary interpretationin this context
andall waveletsaretreatedasequal eventhoughthey might
beof differentscales.

Therefore we proposea different distance measure,
which is basedon the Euclideandistancebetweenthe two
correspondingpointsin the waveletsubspace . We
thusde ne the difference asthe Euclideandis-
tancebetweerthetwo respectieimages and :

(10)
Varioustransformationseadto

(11)
Thematrixof pairwisescalamproducts is

thesamematrix asthe onein section2.1andeq. (7). Note
thatif the wavelets wereorthogonalthen  would
be the unity matrix andeq. (11) would describethe same
distanceneasureasproposedn [10].

Comparedo trackingin imagespace the methodpre-
sentedhereposesa considerablenhancemerin termsof
efciency, asit providesa greatdatareductionconsidering
thattrackingis performedn alow dimensionalvaveletsub-
spaceMoreover, it sparesutthecomputationallyddemand-
ing templatereconstructiomndpixel-wisesum-of-squared-
differencecomputatiorrequiredin the image-basedrack-

ing.
4. Experiments

The proposedapproacHor af ne facetrackingwassuc-
cessfullytestedon variousimage sequencesAll testse-
guenceshaveda personin motion,moreor lessfrontal to
thecamerasothatthefacialfeaturesarealwaysvisible.

Our experimentsdemonstratehe ability of our method
to trackafaceasit undegoeschangesn poseandexpres-
sion. Althoughwe have representethe faceasarigid ob-
ject undegoing limited motion, we realizedthat different
face expressionsand small depth variationsexhibited by
facial featuresare enoughto be well-approximatedy the
afne waveletmodel. Furthermore since Gaborwavelets
areDC free,our approachalsoshavedrobustnesswith re-
spectto homogeneou#lumination variations.

Concerningtracking precision,we have evaluatedthe
proposedmethodwith respectto the numberof wavelets
usedin therepresentationAs the rst step,we recordeda
video sequencehat shavs a personunderdifferentposes
andfacialexpressions. Onthefaceof thatpersona GWN
with 116 Gaborwaveletswas optimizedand usedto esti-
matethe “ground truth” afne parameterén eachframe.
Figure3illustratessomeframesof our subspac&ackingre-
sults,usingthis waveletrepresentationNote thatthetrack-
ing methodis robustto facialexpressionvariationsaswell
asaf ne deformationof thefaceimage.

Now, we wantto analyzethedecreasef precisionwhen
using a smallernumberof waveletsin the representation.
For that,from thelarge GWN above, GWNsthatcontained
only the largest51, 22 and9 wavelets,sortedaccordingto
decreasingormalizedveights wereusedfor tracking. The
graphsin gure 4 depictthe estimatiorof thefaceparame-
tersx-position,y-positionandangle aswell astheground-
truthin eachframe.

In the graphswe canseethatthe tracking precisionin-
creasesvith anincreasinghumberof appliedwavelets.On
the other hand, the tracking speedis improved when the
numberof waveletsis small. Clearly thenumberof applied
waveletsis taskdependerandcanbedynamicallychanged.

The resolutionof the image framesshaved in gure
3 is 160x120 pixels and the size of the inner face re-
gion in which the GWN was optimized is 50x65 pix-
els. Using only 9 wavelets,the computingtime for each
Levenbeg-Marquard cycle was 15mson a 1GHz Linux-
Athlon. Higher performances achiesed for smallerface
regions, or fewer parameterge.g. just translationandro-
tation). It is worth sayingthat the numberof cycles for
eachframe dependson the distanceof the initial parame-
tersfrom the local minimum, which is directly relatedto
objectspeed.Increasinghe numberof waveletsin therep-
resentatioeadsto a moreprecisebut slowver tracking. For
instancepusing51 wavelets,a computingtime of 85msper
cyclewasrequiredin eachframe.

Ourmethods closelyrelatedto the onepresentedh [5].
In comparisorto that methodwe obsered in our experi-
mentsa speedumf afactortwo for eachsingleLevenbeg-
Marquardtcycle, but with a slight increasein the number
of neededcycles. However, we do believe that the useof
otheralgorithms,suchasthe Condensatiommethod[3] or
the SequentialmportanceSampling(SIS) method[7], will
evenleadto betterresultsin termsof ef ciency.

5. Conclusions

In this paperwe have presented trackingmethod,that
is basedon GaborWavelet Networks. The GWNs arein-

3seehttp://wwwime.usp.br/ rferis



Figure 3. Sample frames of our wavelet subspace tracking. Note that the tracking method is robust
to facial expressions variations as well as af ne deformations of the face image.

variantto af ne deformationsso thatthey leave the refer
encevectorof a templatefaceconstant. Furthermorethe
directrelationshipbetweerthe waveletcoefcients andthe
wavelet Iter responseswhich is widely usedfor multi-
resolutiomanalysisandfor motionestimationallowsto map
animageintothelow-dimensionaspace ,whereall sub-
sequentomputationganbe carriedout. Furthermorethe
careful selectionof the waveletsfor de ning a GWN en-
sureghatalmostall visualinformationis presered(see g.
1land[4]).

The methodhasthe furtheradwvantagethatits precision
andcomputatiortime canbeadaptedo theneedf agiven
task. Whenfastandonly approximaterackingis needed,
asmallnumberof Itrations is usuallysufcient to realize
tracking.Whenhigh precisiontrackingis neededthenum-
berof waveletscanbe graduallyincreasedThisimplieson
theonehandmore ltrations, but ensure®n the otherhand
a higherprecision,aswe have shavn in the experimental
section.

Sofar, theoptimizationof thewaveletnetworkshasbeen
donewith aLevenbeg-Marquardalgorithm.We think that
the applicationof Condensatioror Sequentialmportance

Sampling(SIS) insteadwould leadto a further speed-up.

Thiswill beevaluatedn futurework.
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Figure 4. Estimation of the face parameter s x-position, y-position and angle in each frame, using
GWNS with 9, 22 and 51 wavelets. The ground-truth is depicted to illustrate the decrease of precision
when considering few wavelets.



