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Abstract. ThispaperdescribesnewapproacHor trackingrigid andarticulated
objectsusinga view-basedepresentatioriThe approachbuilds on andextends
work oneigenspaceepresentationspbustestimatiortechniquesandparameter
izedoptical ow estimationFirst,wenotethattheleast-squaremagereconstruc-
tion of standaratigenspactechniguesiasanumberof problemsandwe reformu-
late the reconstructiorproblemasone of robustestimation. Secondve de®nea
asubspaceonstancyassumptionthatallowsusto exploittechniquegor param-
eterizedoptical ow estimatiorto simultaneouslygolvefor theview of anobject
andthe af®netransformatiorbetweerthe eigenspacandtheimage.To account
for large af®netransformationdetweerthe eigenspacandtheimagewe de®ne
an EigenPyramidepresentatioanda coarse-to-®nmatchingstrategy Finally,
we usethesetechniqueso track objectsoverlongimagesequences which the
objectssimultaneouslyundego bothaf®neimagemotionsandchange®f view.
In particularwe usethis 2EigenTracking®techniqueto track andrecognizethe
gesture®f amovinghand.

1 Intr oduction

View-basedbjectrepresentationisavefoundanumberof expressions thecomputer
visionliteraturejn particularin thework oneigenspacespresentationd 0, 13]. Eigen-
spaceaepresentationgrovideacompaciapproximatencodingf alargesetof training
imagedn termsof asmallnumberof orthogonabasismagesThesebasismagesspan
a subspacef the training setcalledthe eigenspacanda linear combinationof these
imagescanbe usedto approximatelyreconstructiny of thetrainingimages.Previous
work on eigenspaceepresentationsasfocusedon the problemof objectrecognition
andhasonly peripherallyaddressetheproblemof trackingobjectsovertime. Addition-
ally, theseeigenspaceeconstructiomethodsrenotinvariantto imagetransformations
suchastranslation scaling,androtation.Previousapproachebavetypically assumed
thattheobjectof interesttanbelocatedn thescenesegmentedandtransformednto a
canonicaform for matchingwith theeigenspacdn this papemwe will presenarobust
statisticaframeworkfor reconstructiomisingtheeigenspacthatwill generalizendex-
tendthepreviouswork in theareato amelioratesomeof theseproblemsThework com-
bineslinesof researclirom objectrecognitionusingeigenspaceparameterizedptical
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“ow modelsandrobustestimationtechniquesnto anovelmethodfor trackingobjects
usingaview-basedepresentation.

Therearetwo primaryobservationsinderlyingthiswork. First,standareigenspace
techniguesely onaleast-square®tbetweeranimageandtheeigenspac§l0] andthis
canleadto poorresultswhenthereis structurechoisein theinputimage.We reformu-
latetheeigenspacenatchingproblemasoneof robustestimatiorandshowhowit over
comesthe problemsof theleast-squareapproachSecondwe observehatratherthan
try to represenall possibleviewsof anobjectfrom all possibleviewing positionsit is
morepracticalto represena smallersetof canonicalviewsandallow a parameterized
transformationeg. af®ne)betweenan input imageandthe eigenspaceThis allows a
multiple-viewlustransformatior12] modelof objectrecognition Whatthisimplies
is thatmatchingusinganeigenspaceepresentatiomvolvesbothestimatingheview as
well asthetransformationthattakeghisviewinto theimage Weformulatethisproblem
in arobustestimationframeworkandsimultaneoushgolvefor the view andthetrans-
formation.Foraparticulaview of anobjectwe de®nea subspaceonstancyssumption
betweerthe eigenspacandtheimage.This is analogoudo the 2brightnessconstancy
assumption@sedin optical ow estimationandit allows usto exploit parameterized
optical ow techniquego recoverthe transformatiorbetweerthe eigenspacandthe
image.Recoveringheview andtransformationmequiressolvinganon-linearoptimiza-
tion problemwhichwe minimizeusinggradientdescentith a continuatiormethod.To
accounfor largetransformationbetweemodelandimagewe de®n@anEigenPyramid
representatioanda coarse-to-®nmatchingschemeThis methodenableghetracking
of previouslyiewedobjectsundegoinggeneramotionwith respectothecameraThis
approachwhichwe call EigenTacking canbeappliedto bothrigid andarticulatecbb-
jectsandcanbe usedfor objectandgestureecognitionin videosequences.

2 RelatedWork

While eigenspaceareonepromisingcandidatdor aview-basedbjectrepresentation,
therearestill anumberof technicalproblemsthatneedto be solvedbeforethesetech-
niguescanbewidely applied.First, the objectmustbelocatedin theimage.lt is either
assumedhatthe objectcanbe detectedby a simpleprocesq9, 10] or throughglobal
search9, 13]. Secondtheobjectmustbe segmentedrom the backgroundsothatthe
reconstructiomndrecognitioris basedntheobjectandnottheappearancef theback-
ground. Third, theinputimagemustbebetransformedfor exampleby translationyo-
tation,andscaling)into somecanonicaform for matching. Therobustformulationand
continuousoptimizationframeworkpresentedereprovidea local searchmethodthat
is robustto backgroundrariationandsimultaneouslynatchesheeigenspacandimage
while solvingfor translationyotation,andscale.

To recognizenbjectsin novelviews,traditionaleigenspaceethodsuild aneigen-
spacefrom a densesamplingof views[6, 7, 10]. The eigenspaceoef®cientsof these
viewsareusedo de®nasurfacan thespacef coefdcientavhichinterpolatebetween
views.Thecoef®cientof novelviewswill hopefullylie onthissurface.ln ourapproach
we representiewsfrom only afew orientationsandrecognizeobjectsin otherorienta-
tionsby recoveringaparameterizettansformatiorfor warp)betweertheimageandthe
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eigenspacerhisis consistentvith a modelof humanobjectrecognitionthatsuggests
thatobjectsarerepresentebly a setof viewscorrespondingo familiar orientationsand
thatnewviewsaretransformedo oneof thesestoredviewsfor recognition12].

To trackobjectsovertime, currentapproacheassumehatsimplemotiondetection
andtrackingapproachesanbeusedto locateobjectsandthentheeigenspaceatching
veri®egheobjectidentity[10, 13]. Whatthesepreviousapproachebavefailedto ex-
ploit is thatthe eigenspacéself providesa representatiofi.e. animage)of the object
thatcanbe usedfor tracking.We exploit our robustparameterizedchatchingschemeo
performtrackingof objectsundegoingaf®neimagedistortionsandchange®f view.

Thisdiffersfromtraditionalimage-basethotionandtrackingtechniquesvhichtyp-
ically fail in situationsin which the viewpoint of the objectchangevertime. It also
differs from trackingschemeasising 3D modelswhich work well for trackingsimple
rigid objects. The EigenTrackingapproactencodeshe appearancef the objectfrom
multiple viewsratherthanits structure.

Image-basetrackingschemeshatemphasizéearningof viewsor motionhavefo-
cusedonregioncontourdl, 5]. In particular Baumbeg andHogg[1] trackarticulated
objectdy ®ttingasplinetothesilhouetteof anobject.Theylearnaview-basedepresen-
tationof peoplewalking by computingan eigenspaceepresentationf theknot points
of thesplineovermanytrainingimagesOurwork differsin thatwe usethe brightness
valueswithin animageregionratherthantheregionoutlineandwe allow parameterized
transformationsf theinputdatain placeof the standargreprocessingormalization.

3 EigenspaceApproaches

Givenasetof imageseigenspacapproachesonstructa smallsetof basisimageshat
characteriz¢he majority of the variationin thetrainingsetandcanbe usedto approx-
imateany of thetrainingimages.For each imagein atrainingsetof images
we constructa 1D columnvectorby scanningheimagein the standardexicographic
order Eachof theselD vectorsbhecomes columnin a matrix . Weassume
thatthe numberof trainingimages, , is lessthanthenumberof pixels,  andweuse
SingularValueDecompositio(SVD) to decompos¢hematrix as

1)

is anorthogonaimatrix of thesamesizeas representinghe principlecomponent
directiondn thetrainingset. isadiagonalmatrixwith singularvalues
sortedn decreasing@rderalongthediagonal The orthogonamatrix ~ encodes
thecoef®cientgo beusedn expandingeachcolumnof  in termsof theprinciplecom-
ponentdirections.
If thesingularvalues , for for some , aresmallthen,sincethe columnsof
areorthonormalwe canapproximatesomenewcolumne as

e 2)

Otherapproachebavebeendescribedn theliterature(cf. [10]).
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Samplemagesfrom thetrainingset:

Firstfew princip
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Fig. 1. Examplethatwill beusedto illustrateideasthroughouthe paper

wherethe arescalarvaluesthatcanbe computedoy takingthe dot productof e and
thecolumn . Thisamountso a projectionof the inputimage, , ontothe subspace
de®nedy the basisvectors.

Forillustrationwe constructe@neigenspacespresentatiofor sodacans Figurel
(toprow) showssomeexamplesodacanimagesn thetrainingsetwhichcontained200
imagesf Cokeand7UPcansviewedfromtheside.Theeigenspacevasconstructeds
describedhboveandthe ®rstfew principlecomponentareshownin the bottomrow of
Figurel. Fortheexperimentsn theremaindeiof thepaper50 principlecomponents
wereusedfor reconstructionWhile fewer componentgould be usedfor recognition,
EigenTrackingwill requirea moreaccurateeconstruction.

4 RobustMatching

Theapproximatiorof animageregionby alinearcombinatiorof basisvectorscanbe
thoughtof as®matching®betweertheeigenspacandtheimage. This sectiondescribes
how this matchingprocessanbe maderobust.
Letebeaninputimageregion,writtenasa vector thatwe wishto matchto
theeigenspacd-orthestandardpproximatiore of ein Equation(2),thecoef®cients
arecomputedytakingthedotproductof ewiththe . Thisapproximatiortorresponds
to theleast-squaresstimateof the [10]. In otherwords,the arethosethatgive a
reconstructedmagethatminimizesthesquarederror ¢ betweere ande summed

In thisexamplewedid notsubtracthemeanimagefrom thetrainingimagesheforecomputing
theeigenspacel he meanimagecorrespondso the®rstprinciple componentesultingin one
extraeigenimage.
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Fig. 2. A simpleexample(a, b): Trainingimages(c, d): Eigenspacéasisimages.

[:I]I] -
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d

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

overtheentireimage:
c e e e 3)

This least-squareapproximatiorworks well whenthe inputimageshaveclearly seg-
mentedobjectsthatlook roughlylike thoseusedto build the eigenspaceBut it is com-
monly knownthat least-squareis sensitiveto grosserrors,or 2outliers® [8], andit is
easyto construcsituationsn whichthestandaraigenspaceeconstructiofis apoorap-
proximationto theinput data.ln particular if theinputimagecontainsstructurechoise
(eg.from the backgroundjhatcanberepresentety the eigenspacéhentheremaybe
multiple possiblematchedetweertheimageandthe eigenspacandtheleast-squares
solutionwill returnsomecombinationof theseviews.

For exampleconsiderthe very simpletraining setin Figure2 (a andb). The basis
vectorsin the eigenspacare shownin Figure2 (c, d). Now, considerthe testimage
in Figure3a which doesnot look the sameaseitherof the trainingimages.The least-
squaresgeconstructiorshownin Figure3b attemptgo accounfor all the databut this
cannotbedoneusingalinearcombinatiorof thebasismages. Therobustformulation
describedelowrecovergdhedominantfeaturewhichis theverticalbar(Figure3c) and
to do so, treatsthedatato theright asoutliers(blackregionin Figure3d).

We subtractedhe meanfrom eachof Figure2 a andb andincludedthe constanimagein the
expansiorbasis.
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Fig. 4. Robusterrornorm( ) andits derivative( ).

To robustlyestimatehe coef®cients we replacethe quadraticerrornormin Equa-
tion (3) with arobusterrornorm, , andminimize

c e 4)
where is ascaleparameterorthe experimentsn this papemwe take tobe

— - e ©)

which is a robusterror norm that hasbeenusedextensivelyfor optical ow estima-
tion [3, 4]. The shapeof the function,asshownin Figure4, is suchthatit 2rejects®,
or downweights|argeresidualerrors.The function , alsoshownin Figure4, is
thederivativeof andcharacterizethein uenceof theresidualsAs themagnitudesf
residualse e growbeyondapointtheirin uenceonthesolutionbegingo decrease
andthevalueof approachea constant.

Thevalue is ascaleparametethataffectsthe pointatwhichthein uenceof out-
liersbegingo decreaseBy examininghe -functionwe seethatthis@outlier rejection®
beginswherethesecondlerivativeof iszero.Fortheerrornormusedhere thismeans
thatthoseresidualsvhere e e ~ canbeviewedasoutliers.

The computationof the coefdcientsc involvesthe minimizationof the non-linear
functionin Equation(4). We performthis minimizationusingasimplegradientdescent
schemeawith a continuationmethodthat beginswith a high valuefor andlowersit
during the minimization (see[2, 3, 4] for details).The effect of this procedures that
initially nodataarerejectedasoutliersthengraduallythein uenceof outliersis reduced.
In ourexperimentsve haveobservedhattherobustestimategantolerateroughly

of thedatabeingoutliers.

4.1 Outliers and Multiple Matches

As we sawin Figure3 it is possiblefor aninputimageto containa brightnesgattern
thatis notwell representelly anysingledview®. Givenarobustmatchthatrecoverghe
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Image LeastSquares Robustl Outliers1 Robust2 Outliers2

Fig. 5. Robustmatchingwith structurechoise.

adominant®structurein theinputimage we candetectthosepointsthatweretreatedas
outliers.We de®neanoutlier vector or 2mask®, m as

e e
otherwise.

If arobustmatchresultsin a signi®canhumberof outliers,thenadditionalmatches
canbefoundby minimizing

c e (6)

4.2 RobustMatching Examples

An examplewill helpillustratethe problemsawith theleast-squaresolutionandthe ef-
fectof robustestimationFigure5 showsanarti®ciaimageconstructedromtwoimages
thatwerepresentn thetrainingdata(theimageis Cokecanand  7UPcan).ltis
impossibleto reconstructhe entireinputimageaccuratelywith theeigenspaceespite
thefactthatbothpartsof theimagecanberepresentethdependentlyTheleast-squares
solutionrecoversa singleview thatcontainselementf bothpossibleviews. Thero-
bustestimatiorof thelinearcoef®cientgesultsin amuchmoreaccurateeconstruction
of thedominantview (Figure5, Robustl). Moreover we candetectthosepointsin the
imagethatdid notmatchthereconstructiowerywell andweretreatedasoutliers(black
pointsin Figure5, Outliers1) Equation(6) canbeusedto recovertheview correspond-
ing to the outliers(Figure5, Robust?) andevenwith very little data,thereconstructed
imagereasonablyapproximatesheview of the7UPcan.

5 EigenSpacesnd Parametric Transformations

The previoussectionshowedhow robustestimationcanimprovethereconstructiorof
animagethatis alreadyalignedwith theeigenspacdn this sectionwe considethowto
achievethisalignmentin the®rstplace. It isimpracticalto represenall possibleviews
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of anobjectatall possiblescalesandall orientationsOnemustbeableto recognizea
familiar objectin apreviouslyunseerposeandhencenve wouldlike to represenasmall
setof viewsandrecoveratransformatiorthatmapsanimageinto theeigenspacen the
previoussectionwe formulatedthe matchingproblemasanexplicit non-linearparam-
eterestimatiorproblem.In thissectiorwe will simply extendthis problemformulation
with theadditionof afew moreparametersepresentinghetransformatiorbetweerthe
imageandtheeigenspace.

To extendeigenspacenethodgo allow matchingundersomeparametridransfor
mationwe to formalizea notionof 2prightnessconstancybetweerthe eigenspacand
theimage.Thisis a generalizatiomf the notionof brightnesonstancysedin optical
“ow whichstateghatthebrightnes®f apixel remainsonstanbetweerframesbutthat
its locationmaychangeForeigenspacesewishto saythatthereis aview of theobject,
asrepresentetty somelinearcombinationof the basisvectors, , suchthatpixelsin
thereconstructiorarethe samebrightnessaspixelsin theimagegiventhe appropriate
transformationWe call thisthe subspac&onstancyassumption

Let ,C ,and

c (7)

where cistheapproximatedmagefor aparticularsetof coef®cientsc. While cisa
vectorwe canindexintoit asthoughit werean imageWede®ne c¢ x
to bethevalueof c atthepositionassociateavith pixel locationx .
Thentherobustmatchingproblemfrom the previoussectioncanbewritten as

c X Cc X (8)

X
where isan sub-imagef somelargerimage.Pentlancetal. [11] call theresid-
ual error c thedistance-from-feature-spa(leFFS)andnotethatthis errorcould

beusedfor localizationanddetectiorby performingaglobalsearchin animagefor the
bestmatchingsub-imageMoghaddanandPentlandextendthisto searctoverscaleby
constructingnultiple inputimagesat variousscalesandsearchingpverall of themsi-
multaneously9]. Wetakeadifferentapproactin thespiritof parameterizedptical ow
estimationFirstwe de®neghesubspaceonstancyassumptioby parameterizinghein-
putimageasfollows

X uxa Cc X X 9)

whereu x a X a X a representsinimagetransformatior(or motion),
and representhehorizontalandverticaldisplacementat a pixel, andthe parameters
a areto be estimatedFor examplewe maytakeu to betheaf®netransformation

X a
X a

where and arede®nedvith respecto theimagecenter Equation(9) stateghatthere
shouldbe sometransformationy x a , that,whenappliedto imageregion , makes
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look like someimagereconstructedisingthe eigenspacerThis transformatiorcanbe
thoughtof aswarpingtheinputimageinto the coordinatérameof thetrainingdata.
Ourgoalis thento simultaneously@ndthe c anda thatminimize

ca X Uuxa Cc X (10)
X

As opposedo theexhaustivesearcttechniquesisedby previousapproachef®, 13], we
deriveandsolvea continuouptimizationproblem.
First we rewrite the left handside of Equation(9) usinga ®rstorder Taylor series
expansion
X X Xxa X Xxa c X

where and arepartialderivativeftheimageinthe and directiongespectively
Reoganizingtermsgives

X Xa X Xa X Cc X (12)

This is very similar to the standardbptical ow constraintequationwherethe ¢ has
replaced x and ¢ takestheplaceof the2temporalderivative®.

To recoverthe coef®cientsof the reconstructioraswell asthe transformationwe
combinethe constraint®verthe entireimageregionandminimize

ca X Xxa X Xa X c X (12)
X

with respecto ¢ anda. As in the previoussection this minimizationis performedus-
ing asimplegradientdescenschemaewith a continuatiormethodthatgraduallylowers

. As betterestimate®f a areavailable theinputimageis warpedby thetransforma-
tionu x a andthiswarpedmageis usedn theoptimization As thiswarpingregisters
theimageandthe eigenspacehe approximation c getsbetterandbetter This mini-
mizationandwarpingcontinuesuntil convegence.The entirenon-linearoptimization
schemas describedn greateretailin [2].

Notethatthis optimizationschemaewill notperformaglobalsearcho 2®nd°theim-
ageregionthatmatcheshestoredepresentatiorRathergivenaninitial guessit will re-
®netheposeandreconstructionwWhile theinitial guesscanbefairly coarseasdescribed
below the approachdescribecheredoesnot obviatethe needfor global searchtech-
niguesbutrathercomplimentghem.In particularthemethodwill beusefulfor tracking
anobjectwhereareasonablnitial guesss typically available.

EigenPyramids. Asin thecaseof optical ow, theconstrainequation(11)is only valid
for smalltransformationsTherecoveryof transformationshatresultin large pixel dif-
ferencemecessitatea coarse-to-®nstrategy For everyimagein the training setwe
construci pyramidof imagedy spatial®lteringandsub-samplingFigure6). Theim-
agesat eachlevel in the pyramidform distincttraining setsandat eachlevel SVD is
usedto constructneigenspacdescriptiorof thatlevel.

Theinputimageis similarly smoothedandsubsampledThe coarse-leveinputim-
ageis thenmatchedagainstthe coarse-levekigenspacandthe valuesof ¢ anda are
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Fig. 6. Exampleof EigenPyramidsa: Sampleémagedrom thetrainingset.b: Firstfew
principlecomponentén the EigenPyramid.

estimatedht this level. The newvaluesof a arethenprojectedto the nextlevel (in the
caseof theaf®netransformatiorthevaluesof and aremultipliedby 2). Thisais
thenusedto warptheinputimagetowardstheeigenspacandthevalueof cis estimated
andthe arere®nedTheprocessontinuego the®nestevel.

6 EigenTracking

The robustparameterizednatchingschemedescribedn the previoussectioncanbe
usedto track objectsundegoing changesn viewpointor changesn structure As an
objectmovesandthe view of the objectchangesye recoverboththe currentview of
theobjectandthetransformatiometweerthecurrentview andtheimage.It isimportant
to notethatno 2imagemotion®is beingusedto 2track® the objectsin this section.The
trackingis achievedentirelyby theparameterizethatchingbetweertheeigenspacand
theimage.We call this EigenTackingto emphasiz¢hata view-basedepresentatiors
beingusedto trackanobjectovertime.

Fortheexperimentsiereathree-levepyramidwasusedandthevalueof startecht

~ andwasloweredto aminimumof ~ by afactorof ateachof 15 stages.
The valuesof ¢c anda wereupdatedusing15 iterationsof the descenschemeat each
stage andeachpyramidlevel. The minimizationwasterminatedf a convegencecri-
terion was met. The algorithmwas given a roughinitial guessof the transformation
betweerthe ®rstimageandthe eigenspace=romthenon the algorithmautomatically
trackedthe objectby estimatingc anda for eachframe.No predictionschemevasused
andthe motionrangedfrom 0 to about4 pixels perframe. For theseexperimentae
restrictecthe transformationo translationyotation,andscale.

6.1 Pickup Sequence

Firstwe considera simpleexamplen whichahandpicksupasodacan.Thecanunder
goestranslatiorandrotationin theimageplane(Figure7). Theregioncorrespondingo
theeigenspacs displayedaswhite boxin theimage.This boxis generatedby project-
ing theregioncorrespondingo the eigenspacentotheimageusingtheinverseof the
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064 084

Fig. 7. PickupSequenceEigenTrackingwith translatiorandrotationin theimageplane.
Every20framesin the 75 framesequencareshown.

estimatedransformatiorbetweertheimageandthe eigenspacel his projectionserves
to illustratethe accuracyof the recoveredransformationBesideeachimageis shown
therobustreconstructiorf theimageregionwithin thebox.

6.2 Tracking a Rotating Object

Figure8 showsthetrackingof a sodacanthattranslateseft andright while movingin
depthover 200 frames.While the canis changingpositionrelativeto the camerait is
alsoundegoing rotationsaboutits major axis. What this meanss thatthe traditional
brightnesonstancyassumptiorof optical ow will nottrackthe2can® but ratherthe
atexture®onthecan.Thesubspaceonstancyassumptionpntheotherhand meanghat
wewill recovetthetransformatiorbetweeroureigenspaceepresentatioof thecanand
theimage.Hence|t is the2can® thatis trackedratherthan3exture®.

More detailsare providedto the right of theimages On theleft of eachbox is the
astabilized®imagewhich showshowtheoriginalimageis 2warped®into thecoordinate
frameof the eigenspaceNoticethatthe backgroundliffersovertime asdoesthe view
of thecan,butthatthe canitselfis in the samepositionandatthe samescale. Themid-
dle imagein eachbox is the robustreconstructiorof the imageregionbeingtracked.
Ontheright of eachbox (in black)arethe®outliers®wherethe observedmageandthe
reconstructiorifferedby morethan B

6.3 Articulated Motion and Gesture Recognition

A ®nalexampleconsidergheproblemof recognizinghandgesturen videosequences
in whichthehandis moving.We de®ne simplesetof four handgesturedllustratedin
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Fig. 8. EigenTrackingwith translationand divergenceover 200 frames.The sodacan
rotatesaboutits majoraxiswhile movingrelativeto thecamera.

Figure9. A 100imagetrainingsetwascollectedoy ®xingthewrist positionandrecord-
ing ahandalternatingoetweernhesefour gesturesThe eigenspaceasconstructeénd
25 basisvectorswereusedfor reconstructionln our preliminaryexperimentsve have
foundbrightnesémagedo providesuf®cieninformationfor bothrecognitiorandtrack-
ing of handgesturegcf. [9]).

Figurel0showghetrackingalgorithmappliedto a100imagetestsequenca which
a moving handexecutedhe four gesturesThe motion in this sequencevaslarge (as
muchas15 pixelsperframe)andthe handmovedwhile changinggesturesThe®gure
showsthe backprojectedhox correspondindo the eigenspacenodeland,to the right,
ontop, thereconstructedmage.Below thereconstructe@mageis the@closest®image
in the original training set(takento be the smallestEuclideandistancen the spaceof
coef®cients).While morework mustbe done this exampléllustrateshow eigenspace
approachemightprovideaview-basedepresentatioof articulatedobjects By allow-
ing parameterizettansformationsve canusethisrepresentatioto trackandrecognize
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Fig. 9. Examplesof thefour handgesturesisedto constructheeigenspace.

humangestures.

7 Conclusions

This paperhasdescribedrobusteigenspacenatching,the recoveryof parameterized
transformationbetweeranimageregionandaneigenspaceepresentatiorgndthe ap-
plication of theseideasto EigenTrackingand gesturerecognition.Theseideasextend
theusefulapplication®f eigenspacapproacheandprovideanewform of trackingfor
previouslyviewedobjects.In particular therobustformulationof the subspacenatch-
ing problemextendsigenspaceethodgo situationgnvolving occlusion background
clutter, noise etc.Currentlytheseproblemsposeserioudimitationsto theusefulnessf
the eigenspacapproachFurthermorethe recoveryof parameterizetransformations
in a continuousoptimizationframeworkprovidesanimplementatiorof aviews+trans-
formationmodelfor objectrecognitionIn thismodelasmallnumberof viewsarerep-
resentecandthe transformatiorbetweertheimageandthe neareswiew is recovered.
Finally, the experimentsn the paperhavedemonstratetiow a view-basedepresen-
tation canbe usedto track objects,suchashumanhands,undegoing both changesn
viewpointandandchangesn pose.
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