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Abstract

In this article we presenta new methodfor visual face
tracking that is carried out in waveletsubspace. Firstly,
a waveletrepresentationfor the face templateis created,
which spansa low-dimensionalsubspaceof the image
space. Thevideosequenceframeswhere thefaceis tracked
are thenorthogonally projectedinto this low-dimensional
subspace. This can be done ef�ciently through a small
numberof applicationsof the wavelet�lter s. All further
computationsare performedin waveletsubspace, which is
isomorphicto the image subspacespannedby the setsof
waveletsin therepresentation.Robustnessw.r.t. facial ex-
pressionand af�ne deformations,as well as the ef�ciency
of our method,aredemonstratedin variousexperiments.

1. Intr oduction

This paperaddressesthe issueof af�ne real-timeface
tracking. Real-time (RT, 25/30 Hz) is a major requi-
sitefor many human-computer-interface(HCI) andsurveil-
lanceapplications,aswell asfor tele-conferencingandtele-
teachingtasks.For gesture,gazeandposeestimationappli-
cations,trackinghasto be not only fast,but alsoprecise.
A variety of tracking approachesalreadyexists [5, 2, 1].
In this work, we will useGaborWaveletNetworks(GWN)
[6, 4] in orderto representthefaceto betracked.It is worth
sayingthatwe have alreadydiscusseda GWN-basedreal-
time trackingmethodin [5]. Themethoddiscussedin the
presentpaperdiffersfrom thatapproachin thesensethatit
is performedin a low-dimensionalwavelet subspace,pos-
ing a considerableenhancementin termsof ef�ciency.

GaborWavelet Networks (GWN) combinethe advan-
tages of RBF networks with the advantagesof Gabor
wavelets. Objectsarerepresentedthrougha linear combi-
nationof Gaborwaveletswherethe parametersof eachof
theGaborfunctions(suchasorientation,positionandscale)
areoptimizedto re�ect theparticularlocal imagestructure.

Theuseof GaborWaveletNetworkshasseveraladvantages,
namely:

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

2. Gabor�lters aregoodfeaturedetectors[8, 9] andthe
optimizedparametersof eachGaborwaveletre�ect the
underlyingimagestructure,

3. TheGaborwaveletweightsaredirectly relatedto the
Gabor�lter responsesandthusalsore�ect theunder-
lying local imagestructure,

4. The precisionof the representationcan be varied to
any desireddegree ranging from a coarseto an al-
mostphoto-realisticrepresentationby simply varying
thenumberof usedwavelets.Dependingon theavail-
ablecomputerpowerandthenecessarytrackingpreci-
sion, thenumberof waveletscanbedynamicallyvar-
ied.

Properties2-4 allow us to de�ne a subspaceof the image
space. Its basisis given by the selectively chosenGabor
wavelets. Property4 allows an easyprojectionof any im-
ageinto the subspace,while property3 assuresthe great
sparsenessof the wavelet representation.We will discuss
eachsingle point in section2. In section3, we will in-
troduceoursubspacetrackingapproach,discussthedetails
andconcludethe paperwith the experimentsin section4
andconcludingremarks.

2. Intr oduction to Gabor WaveletNetworks

Thebasicideaof thewaveletnetworkswas�rst statedin
[11], andtheuseof Gaborfunctionsis inspiredby thefact
thatthey arerecognizedto begoodfeaturedetectors[8, 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
��
����������

�

�! #"%$'&)(

*,+.-	/�010

�

&32

/�4#5!6
7�8

&

0

�

&92!:

4#71;=<>8
4@?BA

C

+
-

:

0�0

�

&92

/
4#71;=<�8

C

0

�

&92
:

4#5!6
7#8�4
?

A�D

E

71;F<HGI-J/K010

�

&92

/�4�5!6�7�8

&

0

�

&92!:

4#71;F<�8�4�L

�

(1)

with MN�

0

2

/

�

2�:

�

8

�

-J/

�

-

:

4PO

. Here, 2

/

, 2�: denotethetrans-
lation of theGaborwavelet,

-Q/

,
-

: denotethedilation and
8

denotesthe orientation. The choice of � is arbitrary
andrelatedto thedegreeof desiredrepresentationprecision
of the network. In order to �nd the GWN for a function
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In otherwords, consideringa discreteimageI1, a Ga-

bor wavelet network is de�ned througha � -dimensional
vectorof weights
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1We usethe notation oQpWqQpPr1rPr to generallyrefer to continuousfunc-
tions,whileweusesIputJp�r�rPr whenweexplicitly referto discretegrayvalue
images.

Clearly, thequality of the imagerepresentationandrecon-
structiondependson thenumber� of waveletsandcanbe
variedto reachalmostany desiredprecision.An exampleof
reconstructioncanbeseenin �g. 1. In thisexample,a fam-
ily of
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waveletshasbeendistributedover theinnerface
region of the very right image l by minimizing equation
(2). Differentreconstructions

m

l obtainedby theapplication
of equation(3) for differentvaluesof � areshown.

2.1. Dir ectCalculation of Weights
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of a GWN aredirectly relatedto thelo-
cal �lter responsesof theGabor�lters
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asfollows: givenaset � of optimalwaveletsof aGWN,the
operator
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representsanorthogonalprojectionof a func-
tion † ontotheclosedlinearspanof � (seeeq. (3) and�g.
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3. FaceTracking in WaveletSubspace

Thewaveletrepresentationdescribedin theprevioussec-
tion maybeeffectively usedfor af�ne facetracking. Basi-
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Figure 2. A function †
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cally, this taskis achievedby af�nely deformingaGWN so
that it matchesthefaceimagein eachframeof a videose-
quence.Theaf�ne deformationof aGWN is carriedoutby
consideringtheentirewaveletnetwork asa singlewavelet,
which is also called superwavelet[5]. Let
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is de�ned asa
linearcombinationof thewavelets
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2 de�nes the
dilation matrix

¯

, the rotation matrix
°

and the transla-
tion vector ± , respectively. Theaf�ne facetrackingis then
achievedby deformingthesuperwavelet �




in eachframe
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, sothatits parametersM areoptimizedwith respectto the
energy functionalE (seeeq.(2)):
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Clearly, this methodperformsa typical pixel-wisepat-
tern matchingin imagespace,wherethe templatecorre-
spondsto thewaveletrepresentation,which is af�nely dis-
torted to match the face in eachframe. It is interesting
to notethat the wavelet weights

c

_

(seeeq. (5)) arecon-
stantunderthedeformationof thetemplate.Therefore,the
af�ne deformationis capturedonly by the deformationof
thewavelets,while theweightvectorremainsinvariant.

Wethusclaimthatthetrackingin imagespacedescribed
above may alsobe achieved in the low-dimensionalspace

V

k

, which is isomorphicto theimagesubspace”
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illustratedby �g. 2. As it canbeseenthere,bothspacesare
relatedthroughthematrices� and

w
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As the �rst step,considera GWN
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that is opti-
mizedfor a certainfaceimage. As previously mentioned,

2To includetheshearin theparametersetof thewavelets,see[5].

the optimal weight vector
µ

is obtainedby an orthogonal
projectionof thefacialimageinto theclosedlinearspanof

� . Hence,we saythat the facetemplatewasmappedinto
theweights

µ
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V
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, whichwewill call referenceweights.
We mentionedbefore that the wavelet templategets

af�nely deformedfor tracking in image space. Analo-
gously, the tracking in wavelet subspaceis performedby
af�nely deformingthe subspace”
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, until the weight
vector g
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, obtainedby theorthogonalmappingof the
currentframeinto this subspace,is closestto thereference
weight vector

µ

. In fact, this procedureperformsroughly
the samepatternmatchingasbefore,but this is doneef�-
ciently in thelow-dimensionalspace
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Themappingof imagesinto
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is carriedout with low
computationalcost through a small numberof local �l-
trationswith the wavelets. Recall from section2.1 that
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Thus,theoptimalweights
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arederivedfrom alinearcom-
bination of wavelet �ltrations, where the coef�cients are
given by the inverseof matrix �
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tor, invariantwith respectto af�ne transformationsof the
waveletnetwork. It canthereforebecomputedoff-line and
beforehand.Hence,theweights
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be an af�ne parameter
vectorwhichcon�guresaparameterizationfor thesubspace
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. As we describedbefore,trackingin waveletsub-
spaceis achieved by graduallychangingtheseparameters
until the projectionof the currentframe
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. In otherwords,we
mustoptimizetheparametersM with respectto theenergy
functional:
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where
¯

is the dilation matrix,
°

is the rotation matrix
and ± is the translationvector, all de�ned throughthevec-
tor
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. During tracking, this optimiza-
tion is done for eachsuccessive frame. As there is not
much differencebetweenadjacentframes, the optimiza-
tion is fast. To minimize the energy functional (8), the
Levenberg-Marquardt algorithmwasused.

In equation(8) we usedthe notation
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fer to a distancebetweenvectors
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and g of thesubspace
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sureshouldbecalculated.OnecouldusetheEuclideandis-
tancebetweentwo vectors,asdonein [10]. However, that
distancemeasuremissesany interpretationin this context
andall waveletsaretreatedasequal,eventhoughthey might
beof differentscales.

Therefore we proposea different distancemeasure,
which is basedon theEuclideandistancebetweenthe two
correspondingpointsin thewaveletsubspace”
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thesamematrix astheonein section2.1andeq. (7). Note
that if the wavelets
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wereorthogonal,then � would
be the unity matrix andeq. (11) would describethe same
distancemeasureasproposedin [10].

Comparedto trackingin imagespace,the methodpre-
sentedhereposesa considerableenhancementin termsof
ef�ciency, asit providesa greatdatareduction,considering
thattrackingisperformedin alow dimensionalwaveletsub-
space.Moreover, it sparesoutthecomputationallydemand-
ing templatereconstructionandpixel-wisesum-of-squared-
differencecomputationrequiredin the image-basedtrack-
ing.

4. Experiments

Theproposedapproachfor af�ne facetrackingwassuc-
cessfullytestedon variousimagesequences.All test se-
quencesshoweda personin motion,moreor lessfrontal to
thecamera,sothatthefacialfeaturesarealwaysvisible.

Our experimentsdemonstratethe ability of our method
to tracka faceasit undergoeschangesin poseandexpres-
sion. Althoughwe have representedthe faceasa rigid ob-
ject undergoing limited motion, we realizedthat different
faceexpressionsand small depthvariationsexhibited by
facial featuresareenoughto be well-approximatedby the
af�ne wavelet model. Furthermore,sinceGaborwavelets
areDC free,our approachalsoshowedrobustnesswith re-
spectto homogeneousilluminationvariations.

Concerningtracking precision,we have evaluatedthe
proposedmethodwith respectto the numberof wavelets
usedin therepresentation.As the �rst step,we recordeda
video sequencethat shows a personunderdifferentposes
andfacialexpressions3. Onthefaceof thatperson,aGWN
with 116 Gaborwaveletswasoptimizedandusedto esti-
matethe “ground truth” af�ne parametersin eachframe.
Figure3 illustratessomeframesof oursubspacetrackingre-
sults,usingthiswaveletrepresentation.Notethatthetrack-
ing methodis robustto facialexpressionsvariationsaswell
asaf�ne deformationsof thefaceimage.

Now, wewantto analyzethedecreaseof precisionwhen
usinga smallernumberof waveletsin the representation.
For that,from thelargeGWN above,GWNsthatcontained
only the largest51, 22 and9 wavelets,sortedaccordingto
decreasingnormalizedweights,wereusedfor tracking.The
graphsin �gure 4 depicttheestimationof thefaceparame-
tersx-position,y-positionandangle

8

aswell astheground-
truth in eachframe.

In the graphswe canseethat the trackingprecisionin-
creaseswith anincreasingnumberof appliedwavelets.On
the other hand, the tracking speedis improved when the
numberof waveletsis small.Clearly, thenumberof applied
waveletsis taskdependentandcanbedynamicallychanged.

The resolutionof the image framesshowed 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
Levenberg-Marquardt cycle was 15mson a 1GHz Linux-
Athlon. Higher performanceis achieved for smallerface
regions,or fewer parameters(e.g. just translationandro-
tation). It is worth sayingthat the numberof cycles for
eachframedependson the distanceof the initial parame-
ters from the local minimum, which is directly relatedto
objectspeed.Increasingthenumberof waveletsin therep-
resentationleadsto a moreprecisebut slower tracking.For
instance,using51 wavelets,a computingtime of 85msper
cyclewasrequiredin eachframe.

Ourmethodis closelyrelatedto theonepresentedin [5].
In comparisonto that methodwe observed in our experi-
mentsa speedupof a factortwo for eachsingleLevenberg-
Marquardtcycle, but with a slight increasein the number
of neededcycles. However, we do believe that the useof
otheralgorithms,suchasthe Condensationmethod[3] or
theSequentialImportanceSampling(SIS)method[7], will
evenleadto betterresultsin termsof ef�ciency.

5. Conclusions

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

3seehttp://www.ime.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 that they leave the refer-
encevectorof a templatefaceconstant.Furthermore,the
directrelationshipbetweenthewaveletcoef�cients andthe
wavelet �lter responses,which is widely usedfor multi-
resolutionanalysisandfor motionestimation,allowstomap
animageinto thelow-dimensionalspace

V

k

, whereall sub-
sequentcomputationscanbecarriedout. Furthermore,the
careful selectionof the waveletsfor de�ning a GWN en-
suresthatalmostall visualinformationis preserved(see�g.
1 and[4]).

Themethodhasthefurtheradvantage,that its precision
andcomputationtimecanbeadaptedto theneedsof agiven
task. Whenfastandonly approximatetrackingis needed,
a smallnumberof �ltrations is usuallysuf�cient to realize
tracking.Whenhighprecisiontrackingis needed,thenum-
berof waveletscanbegraduallyincreased.This implieson
theonehandmore�ltrations, but ensureson theotherhand
a higherprecision,aswe have shown in the experimental
section.

Sofar, theoptimizationof thewaveletnetworkshasbeen
donewith aLevenberg-Marquardt algorithm.We think that
the applicationof Condensationor SequentialImportance
Sampling(SIS) insteadwould lead to a further speed-up.
Thiswill beevaluatedin futurework.
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Figure 4. Estimation of the face parameter s x­position, y­position and angle
8

in each frame , using
GWNS with 9, 22 and 51 wavelets. The ground­truth is depicted to illustrate the decrease of precision
when considering few wavelets.


