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Abstract. Thispaperdescribesanewapproachfor trackingrigid andarticulated
objectsusinga view-basedrepresentation.The approachbuildson andextends
workoneigenspacerepresentations,robustestimationtechniques,andparameter-
izedoptical¯ow estimation.First,wenotethattheleast-squaresimagereconstruc-
tionof standardeigenspacetechniqueshasanumberof problemsandwereformu-
late thereconstructionproblemasoneof robustestimation.Secondwe de®nea
ªsubspaceconstancyassumptionºthatallowsusto exploit techniquesfor param-
eterizedoptical¯ow estimationto simultaneouslysolvefor theview of anobject
andtheaf®netransformationbetweentheeigenspaceandtheimage.To account
for largeaf®netransformationsbetweentheeigenspaceandtheimagewede®ne
anEigenPyramidrepresentationanda coarse-to-®nematchingstrategy. Finally,
weusethesetechniquesto trackobjectsoverlong imagesequencesin which the
objectssimultaneouslyundergo bothaf®neimagemotionsandchangesof view.
In particularwe usethis ªEigenTrackingº techniqueto track andrecognizethe
gesturesof amovinghand.

1 Intr oduction

View-basedobjectrepresentationshavefoundanumberof expressionsin thecomputer
visionliterature,in particularin thework oneigenspacerepresentations[10,13]. Eigen-
spacerepresentationsprovideacompactapproximateencodingof a largesetof training
imagesin termsof asmallnumberof orthogonalbasisimages.Thesebasisimagesspan
a subspaceof the trainingsetcalledtheeigenspaceanda linearcombinationof these
imagescanbeusedto approximatelyreconstructanyof the trainingimages.Previous
work on eigenspacerepresentationshasfocusedon the problemof objectrecognition
andhasonlyperipherallyaddressedtheproblemof trackingobjectsovertime.Addition-
ally, theseeigenspacereconstructionmethodsarenotinvariantto imagetransformations
suchastranslation,scaling,androtation.Previousapproacheshavetypically assumed
thattheobjectof interestcanbelocatedin thescene,segmented,andtransformedintoa
canonicalform for matchingwith theeigenspace.In thispaperwewill presenta robust
statisticalframeworkfor reconstructionusingtheeigenspacethatwill generalizeandex-
tendthepreviouswork in theareatoamelioratesomeof theseproblems.Theworkcom-
bineslinesof researchfromobjectrecognitionusingeigenspaces,parameterizedoptical
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¯ow models,androbustestimationtechniquesinto anovelmethodfor trackingobjects
usinga view-basedrepresentation.

Therearetwoprimaryobservationsunderlyingthiswork.First,standardeigenspace
techniquesrely onaleast-squares®tbetweenanimageandtheeigenspace[10] andthis
canleadto poorresultswhenthereis structurednoisein theinput image.We reformu-
latetheeigenspacematchingproblemasoneof robustestimationandshowhowit over-
comestheproblemsof theleast-squaresapproach.Second,weobservethatratherthan
try to representall possibleviewsof anobjectfrom all possibleviewingpositions,it is
morepracticalto representa smallersetof canonicalviewsandallow a parameterized
transformation(eg.af®ne)betweenan input imageandthe eigenspace.This allows a
multiple-viewsplustransformation[12] modelof objectrecognition.Whatthis implies
is thatmatchingusinganeigenspacerepresentationinvolvesbothestimatingtheviewas
well asthetransformationthattakesthisview into theimage.Weformulatethisproblem
in a robustestimationframeworkandsimultaneouslysolvefor theview andthetrans-
formation.Foraparticularviewof anobjectwede®neasubspaceconstancyassumption
betweentheeigenspaceandtheimage.This is analogousto theªbrightnessconstancy
assumptionºusedin optical ¯ow estimationandit allowsus to exploit parameterized
optical ¯ow techniquesto recoverthe transformationbetweenthe eigenspaceandthe
image.Recoveringtheview andtransformationrequiressolvinganon-linearoptimiza-
tion problemwhichweminimizeusinggradientdescentwith acontinuationmethod.To
accountfor largetransformationsbetweenmodelandimagewede®neanEigenPyramid
representationandacoarse-to-®nematchingscheme.Thismethodenablesthetracking
of previouslyviewedobjectsundergoinggeneralmotionwith respecttothecamera.This
approach,whichwecall EigenTracking, canbeappliedto bothrigid andarticulatedob-
jectsandcanbeusedfor objectandgesturerecognitionin videosequences.

2 RelatedWork

While eigenspacesareonepromisingcandidatefor aview-basedobjectrepresentation,
therearestill a numberof technicalproblemsthatneedto besolvedbeforethesetech-
niquescanbewidely applied.First, theobjectmustbelocatedin theimage.It is either
assumedthat theobjectcanbedetectedby a simpleprocess[9, 10] or throughglobal
search[9, 13]. Second,theobjectmustbesegmentedfrom thebackgroundsothat the
reconstructionandrecognitionisbasedontheobjectandnottheappearanceof theback-
ground. Third, theinput imagemustbebetransformed(for exampleby translation,ro-
tation,andscaling)into somecanonicalform for matching.Therobustformulationand
continuousoptimizationframeworkpresentedhereprovidea local searchmethodthat
is robusttobackgroundvariationandsimultaneouslymatchestheeigenspaceandimage
while solvingfor translation,rotation,andscale.

To recognizeobjectsin novelviews,traditionaleigenspacemethodsbuild aneigen-
spacefrom a densesamplingof views[6, 7, 10]. Theeigenspacecoef®cientsof these
viewsareusedtode®neasurfacein thespaceof coef®cientswhichinterpolatesbetween
views.Thecoef®cientsof novelviewswill hopefullylie onthissurface.In ourapproach
werepresentviewsfrom only afew orientationsandrecognizeobjectsin otherorienta-
tionsby recoveringaparameterizedtransformation(orwarp)betweentheimageandthe
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eigenspace.This is consistentwith a modelof humanobjectrecognitionthatsuggests
thatobjectsarerepresentedby asetof viewscorrespondingto familiar orientationsand
thatnewviewsaretransformedto oneof thesestoredviewsfor recognition[12].

To trackobjectsovertime,currentapproachesassumethatsimplemotiondetection
andtrackingapproachescanbeusedto locateobjectsandthentheeigenspacematching
veri®estheobjectidentity [10, 13]. Whatthesepreviousapproacheshavefailed to ex-
ploit is thattheeigenspaceitself providesa representation(i.e. animage)of theobject
thatcanbeusedfor tracking.We exploitour robustparameterizedmatchingschemeto
performtrackingof objectsundergoingaf®neimagedistortionsandchangesof view.

Thisdiffersfromtraditionalimage-basedmotionandtrackingtechniqueswhichtyp-
ically fail in situationsin which theviewpointof theobjectchangesover time. It also
differs from trackingschemesusing3D modelswhich work well for trackingsimple
rigid objects. TheEigenTrackingapproachencodestheappearanceof theobjectfrom
multipleviewsratherthanits structure.

Image-basedtrackingschemesthatemphasizelearningof viewsor motionhavefo-
cusedon regioncontours[1, 5]. In particular, Baumberg andHogg[1] trackarticulated
objectsby®ttingasplinetothesilhouetteof anobject.Theylearnaview-basedrepresen-
tationof peoplewalking by computinganeigenspacerepresentationof theknot points
of thesplineovermanytrainingimages.Ourwork differsin thatweusethebrightness
valueswithin animageregionratherthantheregionoutlineandweallowparameterized
transformationsof theinputdatain placeof thestandardpreprocessingnormalization.

3 EigenspaceAppr oaches

Givenasetof images,eigenspaceapproachesconstructasmallsetof basisimagesthat
characterizethemajorityof thevariationin thetrainingsetandcanbeusedto approx-
imateanyof the trainingimages.For each ����� imagein a trainingsetof � images
we constructa 1D columnvectorby scanningthe imagein thestandardlexicographic
order. Eachof these1D vectorsbecomesa columnin a ������� matrix 	 . We assume
thatthenumberof trainingimages,� , is lessthanthenumberof pixels, ��� andweuse
SingularValueDecomposition(SVD)
 to decomposethematrix 	 as

	���
����

���

(1)


 is anorthogonalmatrix of thesamesizeas 	 representingtheprinciplecomponent
directionsin thetrainingset. � is adiagonalmatrixwith singularvalues�
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�
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�

���

sortedin decreasingorderalongthediagonal.The ����� orthogonalmatrix �

�

encodes
thecoef®cientsto beusedin expandingeachcolumnof 	 in termsof theprinciplecom-
ponentdirections.

If thesingularvalues��� , for �! #" for some" , aresmallthen,sincethecolumnsof

 areorthonormal,wecanapproximatesomenewcolumne as
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Otherapproacheshavebeendescribedin theliterature(cf. [10]).
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Sampleimagesfrom thetrainingset:

First few principlecomponents:

Fig.1. Examplethatwill beusedto illustrateideasthroughoutthepaper.

wherethe
)

'

arescalarvaluesthatcanbecomputedby takingthedot productof e and
the column 


'

. This amountsto a projectionof the input image, � , onto thesubspace
de®nedby the " basisvectors.

For illustrationweconstructedaneigenspacerepresentationfor sodacans.Figure1
(toprow) showssomeexamplesodacanimagesin thetrainingsetwhichcontained200
imagesof Cokeand7UPcansviewedfromtheside.Theeigenspacewasconstructedas
describedaboveandthe®rstfew principlecomponentsareshownin thebottomrow of
Figure1.

�

For theexperimentsin theremainderof thepaper, 50 principlecomponents
wereusedfor reconstruction.While fewercomponentscouldbeusedfor recognition,
EigenTrackingwill requirea moreaccuratereconstruction.

4 RobustMatching

Theapproximationof an imageregionby a linearcombinationof basisvectorscanbe
thoughtof asªmatchingºbetweentheeigenspaceandtheimage.Thissectiondescribes
howthis matchingprocesscanbemaderobust.

Let ebeaninput imageregion,writtenasa ��� �

�

vector, thatwewishto matchto
theeigenspace.Forthestandardapproximatione

$

of ein Equation(2),thecoef®cients
)

'

arecomputedbytakingthedotproductof ewith the 


'

. Thisapproximationcorresponds
to theleast-squaresestimateof the

)

'

[10]. In otherwords,the
)

'

arethosethatgive a
reconstructedimagethatminimizesthesquarederror ��� c� betweene ande

$

summed
�

In thisexamplewedid notsubtractthemeanimagefrom thetrainingimagesbeforecomputing
theeigenspace.Themeanimagecorrespondsto the®rstprinciplecomponentresultingin one
extraeigenimage.
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a b c d

Fig.2. A simpleexample.(a, b): Trainingimages.(c, d): Eigenspacebasisimages.

a b c d

Fig.3. Reconstruction.(a): Newtestimage.(b): Least-squaresreconstruction.(c): Ro-
bustreconstruction.(d): Outliers(shownasblackpixels).

overtheentireimage:
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This least-squaresapproximationworkswell whenthe input imageshaveclearlyseg-
mentedobjectsthatlook roughlylike thoseusedto build theeigenspace.But it is com-
monly knownthat least-squaresis sensitiveto grosserrors,or ªoutliersº [8], andit is
easyto constructsituationsin whichthestandardeigenspacereconstructionis apoorap-
proximationto theinputdata.In particular, if theinput imagecontainsstructurednoise
(eg.from thebackground)thatcanberepresentedby theeigenspacethentheremaybe
multiplepossiblematchesbetweentheimageandtheeigenspaceandtheleast-squares
solutionwill returnsomecombinationof theseviews.

For exampleconsiderthevery simpletrainingsetin Figure2 (a andb). Thebasis
vectorsin the eigenspaceareshownin Figure2 (c, d). � Now, considerthe testimage
in Figure3a which doesnot look thesameaseitherof the trainingimages.The least-
squaresreconstructionshownin Figure3b attemptsto accountfor all thedatabut this
cannotbedoneusinga linearcombinationof thebasisimages.Therobustformulation
describedbelowrecoversthedominantfeaturewhichis theverticalbar(Figure3c) and
to doso,treatsthedatato theright asoutliers(blackregionin Figure3d).

�

We subtractedthemeanfrom eachof Figure2 a andb andincludedtheconstantimagein the
expansionbasis.
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Fig.4. Robusterrornorm( � ) andits derivative( 
 ).

To robustlyestimatethecoef®cientsc wereplacethequadraticerrornormin Equa-
tion (3) with a robusterrornorm, � , andminimize
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where� is a scaleparameter. For theexperimentsin thispaperwe take � to be

�
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which is a robusterror norm that hasbeenusedextensivelyfor optical ¯ow estima-
tion [3, 4]. The shapeof the function,asshownin Figure4, is suchthat it ªrejectsº,
or downweights,largeresidualerrors.Thefunction 
 �	�

�

� � , alsoshownin Figure4, is
thederivativeof � andcharacterizesthein¯uenceof theresiduals.As themagnitudesof
residuals� e� � e

$

�

� growbeyondapointtheirin¯uenceonthesolutionbeginstodecrease
andthevalueof �

��� � approachesa constant.
Thevalue � is ascaleparameterthataffectsthepointatwhichthein¯uenceof out-

liersbeginstodecrease.By examiningthe 
 -functionweseethatthisªoutlier rejectionº
beginswherethesecondderivativeof � is zero.Fortheerrornormusedhere,thismeans
thatthoseresidualswhere � � e��� e

$

�

����� ����� � canbeviewedasoutliers.
Thecomputationof the coef®cientsc involvesthe minimizationof the non-linear

functionin Equation(4).Weperformthisminimizationusingasimplegradientdescent
schemewith a continuationmethodthat beginswith a high valuefor � andlowersit
during theminimization(see[2, 3, 4] for details).The effect of this procedureis that
initially nodataarerejectedasoutliersthengraduallythein¯uenceof outliersis reduced.
In ourexperimentswehaveobservedthattherobustestimatescantolerateroughly ���

�

�

��� of thedatabeingoutliers.

4.1 Outliers and Multiple Matches

As we sawin Figure3 it is possiblefor an input imageto containa brightnesspattern
thatis notwell representedby anysingleªviewº. Givenarobustmatchthatrecoversthe
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Image LeastSquares Robust1 Outliers1 Robust2 Outliers2

Fig.5. Robustmatchingwith structurednoise.

ªdominantºstructurein theinput image,wecandetectthosepointsthatweretreatedas
outliers.We de®neanoutliervector, or ªmaskº,m as

�

�

�

���

� � e��� e
$

�

����� ����� �

�

otherwise.

If a robustmatchresultsin asigni®cantnumberof outliers,thenadditionalmatches
canbefoundby minimizing

� � c� �
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(6)

4.2 RobustMatching Examples

An examplewill helpillustratetheproblemswith theleast-squaressolutionandtheef-
fectof robustestimation.Figure5showsanarti®cialimageconstructedfromtwoimages
thatwerepresentin thetrainingdata(theimageis

�

��� Cokecanand
�

��� 7UPcan).It is
impossibleto reconstructtheentireinput imageaccuratelywith theeigenspacedespite
thefactthatbothpartsof theimagecanberepresentedindependently. Theleast-squares
solutionrecoversa singleview thatcontainselementsof bothpossibleviews.Thero-
bustestimationof thelinearcoef®cientsresultsin amuchmoreaccuratereconstruction
of thedominantview (Figure5, Robust1). Moreover, wecandetectthosepointsin the
imagethatdid notmatchthereconstructionverywell andweretreatedasoutliers(black
pointsin Figure5, Outliers1) Equation(6) canbeusedto recovertheview correspond-
ing to theoutliers(Figure5, Robust2) andevenwith very little data,thereconstructed
imagereasonablyapproximatestheview of the7UPcan.

5 EigenSpacesand Parametric Transformations

Theprevioussectionshowedhow robustestimationcanimprovethereconstructionof
animagethatis alreadyalignedwith theeigenspace.In thissectionweconsiderhowto
achievethisalignmentin the®rstplace. It is impracticalto representall possibleviews
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of anobjectat all possiblescalesandall orientations.Onemustbeableto recognizea
familiarobjectin apreviouslyunseenposeandhencewewouldlike to representasmall
setof viewsandrecovera transformationthatmapsanimageinto theeigenspace.In the
previoussectionwe formulatedthematchingproblemasanexplicit non-linearparam-
eterestimationproblem.In thissectionwewill simplyextendthisproblemformulation
with theadditionof afew moreparametersrepresentingthetransformationbetweenthe
imageandtheeigenspace.

To extendeigenspacemethodsto allow matchingundersomeparametrictransfor-
mationweto formalizea notionof ªbrightnessconstancyºbetweentheeigenspaceand
theimage.This is a generalizationof thenotionof brightnessconstancyusedin optical
¯ow whichstatesthatthebrightnessof apixel remainsconstantbetweenframesbutthat
its locationmaychange.Foreigenspaceswewishtosaythatthereis aviewof theobject,
asrepresentedby somelinearcombinationof thebasisvectors,


'

, suchthatpixels in
thereconstructionarethesamebrightnessaspixelsin theimagegiventheappropriate
transformation.Wecall this thesubspaceconstancyassumption.

Let 
���� 
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where 
 c is theapproximatedimagefor aparticularsetof coef®cients,c. While 
 c is a
�����

�

vectorwecanindexinto it asthoughit werean � ��� image.Wede®ne� 
 c� � x �

to bethevalueof 
 c at thepositionassociatedwith pixel locationx � �	�

���

� .
Thentherobustmatchingproblemfrom theprevioussectioncanbewrittenas

��� c� �

&

x

�

��� � x �

�

� 
 c� � x �

�

� �

� (8)

where� is an ����� sub-imageof somelargerimage.Pentlandetal. [11] call theresid-
ual error �

�


 c thedistance-from-feature-space(DFFS)andnotethatthis errorcould
beusedfor localizationanddetectionby performingaglobalsearchin animagefor the
bestmatchingsub-image.MoghaddamandPentlandextendthis to searchoverscaleby
constructingmultiple input imagesat variousscalesandsearchingoverall of themsi-
multaneously[9]. Wetakeadifferentapproachin thespiritof parameterizedoptical¯ow
estimation.Firstwede®nethesubspaceconstancyassumptionbyparameterizingthein-
put imageasfollows

� � x � u � x � a� � � � 
 c� � x �

�
	 x � (9)

whereu � x � a��� ��� � x � a�

�
�

� x � a� � representsan imagetransformation(or motion), �

and � representthehorizontalandverticaldisplacementsat apixel, andtheparameters
a areto beestimated.Forexamplewemaytakeu to betheaf®netransformation

� � x � a� ����� ���

�

� ���

���

�

� x � a� ���




���

�

� ���

�

�

where� and � arede®nedwith respectto theimagecenter. Equation(9) statesthatthere
shouldbesometransformation,u � x � a� , that,whenappliedto imageregion � , makes�
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look like someimagereconstructedusingthe eigenspace.This transformationcanbe
thoughtof aswarpingtheinput imageinto thecoordinateframeof thetrainingdata.

Ourgoalis thento simultaneously®ndthec anda thatminimize

��� c � a� �

&

x

�

� � � x � u � x � a� �

�

� 
 c� � x �

�

� �

�

(10)

Asopposedto theexhaustivesearchtechniquesusedbypreviousapproaches[9, 13],we
deriveandsolvea continuousoptimizationproblem.

First we rewrite the left handsideof Equation(9) usinga ®rstorderTaylor series
expansion

� � x �����

�

� x � � � x � a��� ��� � x �

�

� x � a� � � 
 c� � x �

where�

� and� � arepartialderivativesof theimagein the � and� directionsrespectively.
Reorganizingtermsgives

�

�

� x � � � x � a� � �
�

� x �

�

� x � a��� ��� � x �

�

� 
 c� � x � � �

�

�

(11)

This is very similar to thestandardoptical ¯ow constraintequationwherethe 
 c has
replaced� � x �

"

�

�

� and ���

�


 c� takestheplaceof theªtemporalderivativeº.
To recoverthe coef®cientsof the reconstructionaswell asthe transformationwe

combinetheconstraintsovertheentireimageregionandminimize

� � c � a� �

&

x
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���

�

� x � � � x � a��� ��� � x �

�

� x � a� � ��� � x �

�

� 
 c� � x � �

�

� � (12)

with respectto c anda. As in theprevioussection,this minimizationis performedus-
ing asimplegradientdescentschemewith a continuationmethodthatgraduallylowers

� . As betterestimatesof a areavailable,theinput imageis warpedby thetransforma-
tionu � x � a� andthiswarpedimageis usedin theoptimization.As thiswarpingregisters
theimageandtheeigenspace,theapproximation
 c getsbetterandbetter. This mini-
mizationandwarpingcontinuesuntil convergence.Theentirenon-linearoptimization
schemeis describedin greaterdetail in [2].

Notethatthisoptimizationschemewill notperformaglobalsearchto ª®ndºtheim-
ageregionthatmatchesthestoredrepresentation.Rather,givenaninitial guess,it will re-
®netheposeandreconstruction.While theinitial guesscanbefairly coarseasdescribed
below, the approachdescribedheredoesnot obviatethe needfor global searchtech-
niquesbutrathercomplimentsthem.In particular, themethodwill beusefulfor tracking
anobjectwherea reasonableinitial guessis typically available.

EigenPyramids. As in thecaseof optical¯ow, theconstraintequation(11) is onlyvalid
for smalltransformations.Therecoveryof transformationsthatresultin largepixel dif-
ferencesnecessitatesa coarse-to-®nestrategy. For everyimagein the trainingsetwe
constructa pyramidof imagesby spatial®lteringandsub-sampling(Figure6). Theim-
agesat eachlevel in the pyramidform distinct trainingsetsandat eachlevel SVD is
usedto constructaneigenspacedescriptionof thatlevel.

Theinput imageis similarly smoothedandsubsampled.Thecoarse-levelinput im-
ageis thenmatchedagainstthe coarse-leveleigenspaceandthevaluesof c anda are
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a b

Fig.6. Exampleof EigenPyramids.a: Sampleimagesfrom thetrainingset.b: Firstfew
principlecomponentsin theEigenPyramid.

estimatedat this level.Thenewvaluesof a arethenprojectedto thenext level (in the
caseof theaf®netransformationthevaluesof �

� and �




aremultipliedby 2). This a is
thenusedto warptheinputimagetowardstheeigenspaceandthevalueof c is estimated
andthe �

'

arere®ned.Theprocesscontinuesto the®nestlevel.

6 EigenTracking

The robustparameterizedmatchingschemedescribedin the previoussectioncanbe
usedto trackobjectsundergoingchangesin viewpointor changesin structure.As an
objectmovesandtheview of theobjectchanges,we recoverboth thecurrentview of
theobjectandthetransformationbetweenthecurrentviewandtheimage.It is important
to notethatno ªimagemotionº is beingusedto ªtrackº theobjectsin this section.The
trackingisachievedentirelyby theparameterizedmatchingbetweentheeigenspaceand
theimage.Wecall thisEigenTrackingto emphasizethata view-basedrepresentationis
beingusedto trackanobjectovertime.

Fortheexperimentshereathree-levelpyramidwasusedandthevalueof � startedat
�

�

�

� andwasloweredto aminimumof
�

�

�

� by a factorof
�

���

� ateachof 15stages.
Thevaluesof c anda wereupdatedusing15 iterationsof thedescentschemeat each
stage,andeachpyramidlevel.Theminimizationwasterminatedif a convergencecri-
terion wasmet. The algorithmwas given a roughinitial guessof the transformation
betweenthe®rstimageandtheeigenspace.Fromthenon thealgorithmautomatically
trackedtheobjectby estimatingc anda for eachframe.Nopredictionschemewasused
andthemotionrangedfrom 0 to about4 pixelsper frame. For theseexperimentswe
restrictedthetransformationto translation,rotation,andscale.

6.1 Pickup Sequence

Firstweconsiderasimpleexamplein whichahandpicksupasodacan.Thecanunder-
goestranslationandrotationin theimageplane(Figure7).Theregioncorrespondingto
theeigenspaceis displayedaswhitebox in theimage.Thisboxis generatedby project-
ing theregioncorrespondingto theeigenspaceontotheimageusingtheinverseof the
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064 084

104 124

Fig.7.PickupSequence.EigenTrackingwith translationandrotationin theimageplane.
Every20 framesin the75 framesequenceareshown.

estimatedtransformationbetweentheimageandtheeigenspace.Thisprojectionserves
to illustratetheaccuracyof therecoveredtransformation.Besideeachimageis shown
therobustreconstructionof theimageregionwithin thebox.

6.2 Tracking a Rotating Object

Figure8 showsthetrackingof a sodacanthattranslatesleft andright while movingin
depthover 200frames.While the canis changingpositionrelativeto thecamerait is
alsoundergoing rotationsaboutits majoraxis.What this meansis that the traditional
brightnessconstancyassumptionof optical ¯ow will not tracktheªcanº but ratherthe
ªtextureºonthecan.Thesubspaceconstancyassumption,ontheotherhand,meansthat
wewill recoverthetransformationbetweenoureigenspacerepresentationof thecanand
theimage.Hence,it is theªcanº thatis trackedratherthanªtextureº.

More detailsareprovidedto theright of the images.On theleft of eachbox is the
ªstabilizedºimagewhichshowshowtheoriginalimageis ªwarpedºinto thecoordinate
frameof theeigenspace.Noticethatthebackgrounddiffersovertimeasdoestheview
of thecan,but thatthecanitself is in thesamepositionandatthesamescale.Themid-
dle imagein eachbox is therobustreconstructionof the imageregionbeingtracked.
Ontheright of eachbox(in black)aretheªoutliersºwheretheobservedimageandthe
reconstructiondifferedby morethan ���

�

� .

6.3 Articulated Motion and Gesture Recognition

A ®nalexampleconsiderstheproblemof recognizinghandgesturesin videosequences
in which thehandis moving.Wede®nea simplesetof four handgesturesillustratedin
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Fig.8. EigenTrackingwith translationanddivergenceover 200 frames.The sodacan
rotatesaboutits majoraxiswhile movingrelativeto thecamera.

Figure9.A 100imagetrainingsetwascollectedby ®xingthewrist positionandrecord-
ing ahandalternatingbetweenthesefour gestures.Theeigenspacewasconstructedand
25 basisvectorswereusedfor reconstruction.In ourpreliminaryexperimentswehave
foundbrightnessimagestoprovidesuf®cientinformationfor bothrecognitionandtrack-
ing of handgestures(cf. [9]).

Figure10showsthetrackingalgorithmappliedtoa100imagetestsequencein which
a movinghandexecutedthe four gestures.Themotion in this sequencewaslarge (as
muchas15 pixelsperframe)andthehandmovedwhile changinggestures.The®gure
showsthebackprojectedbox correspondingto theeigenspacemodeland,to theright,
on top, thereconstructedimage.Below thereconstructedimageis theªclosestºimage
in theoriginal trainingset(takento bethesmallestEuclideandistancein thespaceof
coef®cients).While morework mustbedone,this exampleillustrateshoweigenspace
approachesmightprovideaview-basedrepresentationof articulatedobjects.By allow-
ing parameterizedtransformationswecanusethisrepresentationto trackandrecognize
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Fig.9. Examplesof thefour handgesturesusedto constructtheeigenspace.

humangestures.

7 Conclusions

This paperhasdescribedrobusteigenspacematching,the recoveryof parameterized
transformationsbetweenanimageregionandaneigenspacerepresentation,andtheap-
plicationof theseideasto EigenTrackingandgesturerecognition.Theseideasextend
theusefulapplicationsof eigenspaceapproachesandprovideanewform of trackingfor
previouslyviewedobjects.In particular, therobustformulationof thesubspacematch-
ing problemextendseigenspacemethodsto situationsinvolving occlusion,background
clutter, noise,etc.Currentlytheseproblemsposeseriouslimitationsto theusefulnessof
theeigenspaceapproach.Furthermore,therecoveryof parameterizedtransformations
in a continuousoptimizationframeworkprovidesanimplementationof aviews+trans-
formationmodelfor objectrecognition.In thismodelasmallnumberof viewsarerep-
resentedandthe transformationbetweenthe imageandthenearestview is recovered.
Finally, the experimentsin the paperhavedemonstratedhow a view-basedrepresen-
tationcanbeusedto trackobjects,suchashumanhands,undergoingbothchangesin
viewpointandandchangesin pose.
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