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Abstract

This paperaddressesthe problemof applyingpowerful
patternrecognition algorithmsbasedon kernelsto ef�cient
visual tracking. RecentlyAvidan[1] hasshownthat object
recognizers usingkernel-SVMscanbeelegantlyadaptedto
localizationby meansof spatial perturbationof the SVM,
using optic �ow. WhereasAvidan's SVM appliesto each
frameof a videoindependentlyof otherframes,thebene�ts
of temporal fusionof dataarewell known.Thisissueis ad-
dressedhere by usinga fully probabilistic `RelevanceVec-
tor Machine' (RVM) to generate observationswith Gaus-
sian distributionsthat can be fusedover time. To improve
performancefurther, ratherthanadaptinga recognizer, we
build a localizer directly using the regressionform of the
RVM. A classi�cation SVM is usedin tandem,for object
veri�cation, and this providesthe capability of automatic
initialization andrecovery.

Theapproach is demonstratedin real-timefaceandve-
hicle tracking systems.The`sparsity' of the RVMs means
that only a fraction of CPU time is required to track at
framerate. Tracker output is demonstrated in a camera
managementtaskin which zoomandpanare controlled in
responseto speaker/vehiclepositionand orientation,over
an extendedperiod. Theadvantagesof temporal fusionin
thissystemaredemonstrated.

1. Intr oduction

Systemsfor tracking moving objectsmay be feature-
basedor model-based.Feature-basedtrackingcanrely on
persistenceof imagecurves [10, 4] or imageappearance
[8]. Likewise model-basedtrackingcanusecurves,either
in 3D [12] or in 2D [20], or appearance[2]. Furthermore,
statistically-basedobject recognizersusing supportvector
machines(SVMs) [13, 15] andboosting[18] have now be-
comefastenoughto runataroundvideorate,despitehaving
to searcheachvideo frame. Most recently, the distinction
betweenlocalizationand tracking hasbeenbroken down

still furtherby theintroductionof `supportvectortracking'
[1], andit is thisparadigmthatweseekto extendhere.

1.1 The support vector tracker

The SVM is a powerful algorithmfor binary classi�ca-
tion [5], in which theclassof a testimage-patchq is deter-
minedaccordingto thesignof aclassi�cationfunction

f (q) =
NX

i =1

yi � i k(q; x i ) + b (1)

in which x i , i 2 [1; N ] are vectorsfrom a training set
with labelsyi 2 f� 1; +1g, � i andb arereal-valuedcoef-
�cients which mustbedeterminedby a learningalgorithm,
andk(�; �) is a `kernel' function which computesa gener-
alisedinner product. A greatattractionof the SVM is the
`sparsity' conferredby the SVM training algorithmwhich
typically setsmostof the � i to zero,leaving just a few ac-
tive termsin thesum(1), involving asubsetof thex i which
areknown as`supportvectors'.

A classi�er trainedto recognizea particularclassof ob-
ject, can be usedfor trackingsuchan objectby applying
the classi�er on eachneighbourhoodin a tessellationover
somecon�guration spacesuchas the Euclideansimilari-
ties (imagetranslation,rotationandzoom). Sucha search
is labourintensive andAvidan's [1] supportvectortracker
seeksto mitigatethis (in the spaceof translations)by per-
turbing the classi�cation function f in (1) with respectto
imagetranslation. Given an objectq, perturbationanaly-
sis allows the translationTu , by a vector u, to be found
suchthat thevaluef (Tu q) of theclassi�cationfunctionis
maximized. The perturbedclassi�cation function, Avidan
shows, is expressedin termsof imagegradientas

f (Tu q) = f (q + u � r q): (2)

Using (2) to computeapproximatelythe displacementu
thatmaximizestheclassi�cationfunction f cansave com-
putationby reducingthedensityof tessellationrequiredto
achieve a given degreeof trackingprecision. In principle



thisperturbationcanbeextendedbeyondthespaceof trans-
lations,for exampleto Euclideansimilaritiesor af�ne trans-
formations,in which casethegradientoperatorr in (2) is
extendedto thefull setof af�ne �o w operators.
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Figure 1. Classi�cation function of an SVM
trained for recognition. A maximumis presentat
the true position,thoughthesignal is noisy, produc-
ing additionallocal maxima.

1.2 Probabilistic support vector tracking

Avidan's supportvectortracker appliesto eachframeof
a videoindependentlyof otherframes.However, thebene-
�ts of temporalfusion[7] of datain visualtrackingarewell
known [4]: improvedef�ciency andenhancedability todeal
with clutter in thebackground.Temporalfusioncanbeac-
complishedin an effective andprincipledway in a proba-
bilistic setting. Thereforewe seekto placea probabilistic
constructionon classi�er output. Oneapproachis to inter-
pret SVM classi�er output in probabilisticterms[11, 14].
On theotherhandthe`RelevanceVectorMachine' (RVM)
[17] is asparseclassi�er thatis directlyprobabilistic.More-
over, it canbeusedfor regression,asopposedto classi�ca-
tion. That�ts exactly theproblemaddressedhere,in which
regressionontothedisplacementu is required.This means
that insteadof training a machineto recognizeknown ob-
jects versesnon-objects,a machineis trainedto estimate
thedisplacementof known objectsalone.(Regressionwith
SVMsis possiblebut relatively awkward,andnotknown to
be susceptibleto a probabilisticinterpretation.)Therefore
the systemdevelopedand demonstratedin this paperhas
thefollowing distinctiveproperties.

� Fully probabilisticregressionfor displacement,using
RVMs

� Displacementis modelledas a Euclideansimilarity
transformation

� Observations of displacementare fused temporally
with motionprediction

� Initializationandrecovery arehandledby anSVM for
objectrecognitionrunningin tandem

� Trackingis ef�cient — betterthanreal-time(i.e. leav-
ing processorcycles free for otherprocesses)— and
this is demonstratedwith a real time cameramanage-
mentsystemfor teleconferencing.

2. Motion classi�cation

Supportvectortracking[1] usesanSVM optimizedfor
recognitionbut for tracking it is motion, ratherthanclas-
si�cation, that is of primary interest. The SVM, with its
goodgeneralizingability, would give moresatisfactoryre-
sults if it were trainedto discriminatemotion ratherthan
object/non-objectand,asa possiblyeasiergeneralization,
the resultingmachineswould have fewer supportvectors,
makingthemmoreef�cient.

2.1.Inferring state

Thetracker followsa2D imageregioncontaininganob-
ject. Intensity changeswithin this region are assumedto
bedueto motiononly. Therefore,a four-dimensionalstate
vectoris useddescribingaEuclideansimilarity transforma-
tion:

X = [u; v; s; � ] 2 GE(2) (3)

An observed imageat time t, I t , is a vectorizedpixel ar-
ray that is someunknown function of the presentstate:
I t = H (X t ). However, treatingthe stateas the depen-
dentvariable,X t = H � 1(I t ) , it shouldbepossibleto �nd
a regressioninferring a stateestimate,~X from a given im-
age.SeveralSVM arenow requiredto cover all degreesof
freedomof allowed motion. The obvious con�guration is
for oneSVM to beassignedto eachstatespacedimension.
For example,for x translation,the training set includesa
negative subset:imagesof theobjecttranslatedright by 20
pixels,anda positive subset:imagestranslatedleft 20 pix-
els.Whenavectoris tested,ascoreof +1/-1would indicate
that our test region shouldmove 20 pixels right/left to re-
align with the true location. Translationof magnitudeless
than20 pixels shouldyield a scorebetween� 1, asFigure
2 shows. The sameholdsfor vertical translation,rotation
andzoom. 20 pixels waschosenasa compromise:more
than this gives the tracker a larger capturerange,but the
marginal responseis lessconsistent;lessthanthis givesa
smallcapturerangeleadingto a lessrobusttracker.
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Figure 2. Advantages of an SVM trained for
displacement. (top) Avidan's displacementesti-
mation: the derivative, with respectto translation,
of the classi�cation function for the SVM of �gur e
1, shownfor several test examples. (bottom)Clas-
si�cation functionfor anSVMtrainedspeci�cally for
objectdisplacement(asopposedto objectidenti�ca-
tion). Note the superior linearity of responsein the
displacement-trainedcase.

2.2.Linear Regression

Givenavectorof SVM scores,wewantto infer thestate
changesthat createdthem. As the marginal responsebe-
tweenthetrainingsetsis almostlinear, it seemsreasonable
to �t astraightline to thisdata.Stateestimatesaretherefore
madein two stages.Thetestregion is passedto theSVMs
which give a vectorof scores,this is theninterpretedvia a
multi-regressive function to yield the estimatedchangein
state,� X :

� X = Af (I ) + b (4)

b 2 R4 A 2 R4� 4

wheref (I ) is a vectorof SVM scoreslike (1) andI is the
vectorizedimagepatchgivenby thepresentestimate.

2.3.Tracking with motion SVMs

Four SVMs are trainedto classify the sign of eachof
the four dimensionsof Euclideansimilarity space. Each
SVM requirestrainingdatawith wide variationsin thecor-
respondingdimension.In addition,theremustalsobesome
variationin theotherthreedimensionsin orderto learnthe
desiredinvarianceto thosedimensions.

Residualcross-talkbetweenSVMs is attenuatedby the
A matrixwhichis learned,togetherwith b, by conventional
regression,aftertheSVMshavebeen�x ed.For this,afresh
trainingsetis used,chosenuniformly at randomfrom ahy-
percubicdomainin the4-dimensionalstate-space.In addi-
tion, the regressiondeliversa covariancematrix on � X so
that� X canberegardedasarandomvariable– observations
capableof statisticalfusion.

Objectlocalizationexperimentswereperformedwith the
four SVMs, using the � X measure.Detailsof resultsare
omittedhere,but ourmainconclusionsaregivenasmotiva-
tion for developingamorepowerful approachlater. Frame-
to-framelocalizationwas frail with the 4-SVM approach
andthereasonsseemto beasfollows. EachSVM is trained
on datalying at thepositive andnegative extremesof vari-
ation of the relevant statespacedimension. Probability
distributionsobtainedfrom regressionunderestimateuncer-
tainty: they re�ect only the deviation from linearity of the
SVM, ratherthan the variability found over a fully repre-
sentative setof trainingexamples.

3. Sparseprobabilistic learning

Thetwo-stageinferenceof SVM classi�cationfollowed
by linear regressionis effective only up to a point, and is
inelegant. It seemsthatsomeformof singlestageregression
might be more powerful, both for dealingwith the range
of variationof testexamples,and for correctlymodelling
statisticalvariability.

A single-stage,probabilistic, learning paradigmis re-
quiredfor regression. It is possibleto performregression
with an SVM; however, an approximationmust be made
(� -SVM [16]) in order to retain a sparsesolution and, as
mentionedabove (sec.1.2), therehave beensomeattempts
at making this probabilistic. There is however a clear
Bayesianformulationaddressingall theseissues.

3.1.The relevancevector machine

Tipping [17] proposedthe relevancevectormachine or
RVM to recastthemain ideasbehindSVMs in a Bayesian



context, and using mechanismssimilar to Gaussianpro-
cesses[19]. Theresultshave beenshown to beasaccurate
andsparseasSVMsyet�t naturallyinto aregressionframe-
work andyield full probabilitydistributionsastheiroutput.
A brief review of Tipping'spaperis presentedherefor those
unfamiliarwith thework.

An RVM is trainedwith a training set consistingof a
vectorof dependentvariables,Y 2 RN andtheassociated
independentvariablevectorsx i i = 1: : : N . Assumingthat
themeasureddependentvariablesin thetrainingset,Y are
corruptedby Gaussiannoisewith variance� 2 thePDFcan
bewritten:

p(Y j� ; x i ; � 2) = (2� � ) � N
2 exp

�
�

kY � K � k2

2� 2

�
: (5)

Like the SVM, the RVM is a kernel methodand as such
replacesinstancesof dot productsbetweeninput vectors
with thevalueof a kernelfunction[6]. K is a `designma-
trix' containingthe inter-trainingsetkernelvalues,K ij =
k(x i ; x j ).

Treating� asarandomvariable,(5) is a likelihoodfunc-
tionwhichcouldbemaximizedto �nd � . However, in order
to emulatethesparsitypropertiesof SVMs,someof the� i

canbesetto zero,allowing correspondingtrainingvectors
to bediscarded.This is expressedin aBayesiancontext via
aGaussianprior over � , pulling it towardszero:

� � N (0; � � ) (6)

with hyperparameters� i suchthat � � = diag(� 1; : : : ; � N )
Now theposteriorPDFfor � is:

p(� jY ; x i ; � 2; � � ) / N (�̂ ; �̂ ) (7)

where

�̂ =
1

� 2 �̂ K TY and �̂ � 1 = � � 1
� +

1
� 2 K TK

andthemaximuma posterioriestimate,̂� canbeexpressed
asa function of noisevariance,� 2 andthe variancesover
theprior, � i whichareunknown.

The best values for thesehyperparametersare deter-
minedfrom theevidence,

p(Y j� 2; � � ) =
Z

RN
exp

n
� 1

2 (� � �̂ )T �̂ � 1(� � �̂ )
o

d�

= (2� ) � N =2jSj � 1=2 exp
�

� 1
2 Y TS� 1Y

	
(8)

where S = � 2I + K � � K T

by optimizationwith respectto � i and � 2 (type-II maxi-
mumlikelihood).As optimizationproceeds,it is foundthat
someof the � i and corresponding� i tend to zero. This
is an indicationthat the associatedtrainingvectorsarenot

`relevant' (analogousto a non-supportvector)andcanbe
`pruned'from thesolution.

Commonchoicesfor thekernelfunctionarethepolyno-
mial kernelk(x i ; x j ) = (xT

i x j + 1)d andtheGaussianRBF,
usedhere

k(x i ; x j ) = exp
�

�
kx i � x j k2

2� 2
k

�
wherekxk2 �

1
N

NX

j =1

x2
j :

Being smoothand �e xible it is a versatilekernelandhas
proved empirically to be a goodchoice. Note that thereis
now a further parameterto worry about: � k . If it is too
large it may not be possibleto �t closelyto thedependent
variablesleadingto a long training time andpoor output.
Conversely, if � k is too smallover �tting will occuraround
eachtrainingexampleleadingto anon-sparsesolutionwith
equally poor characteristics. � k is chosenby handwith
� k = 0:15beingusedthroughouttheexperimentsdescribed
in sec.5.

3.2.Inferring statewith RVMs

The aim hereis to obtainan RVM which, given a sub-
imageexcisedfrom theinput imageframeaccordingto the
currentstateestimate,will outputan estimateof the error
in thatestimate.To createa regressionbetweenerroneous
imagesandtheerrorsthatgeneratedthemdemandsa train-
ing setof (� X i ; I i ) pairs(i 2 [1; N ]). Thesearecreatedby
randomlyperturbingseveral different imagesof the same
object (althoughfor an object with rich featuresjust one
imagecansuf�ce). In facetracking,it is usefulto include
sometraining imageswith out-of-planerotations,to make
the resultingtracker tolerantto suchvariations. Figure 3
showssometypical trainingexamples.

This methodnormally provides good coverageof the
statespacebut with a smallertraining set it may be pos-
sible that a quadrantof the 4D hypercubegetsneglected.
Small training setsare desirableas they typically contain
fewer relevancevectorsmaking evaluation fasterat run-
time, however this cancauseproblemsif themotionenters
aneglectedpartof statespace.To reinforcesmallertraining
sets,extra examplesareadded,forcedto lie in eachquad-
rant(of which thereare16 in 4-space).Similar to theSVM

Figure 3. Training examples. Sometypical ex-
amplesusedto train the relevancevector machines
onchangesin translation,rotationandzoom.



trackerdescribedearlier, avectorof RVMs is requiredin or-
derto obtaina vectorestimateasoutput.Eachelementhas
oneof thefour statespacedimensionsasits dependentvari-
ablebut now they all usethesametrainingset:acontinuous
functionis beingestimatedandthereis noneedto partition
examplesinto positive andnegative. This still meansthat
the machineinferring x-translation,say, hasbeentrained
on imagesperturbedin theotherthreedimensionstoo and
is insensitive to these.

An interestingquestionis: `what is specialaboutthose
training examplesthat are kept as “relevant”?' Figure 4
shows a plot of the training examplesusedfor a tracker
which, for clarity, follows x; y translationonly. It canbe
seenthat thosechosenasrelevant areprototypicalof x or
y translationsbeingthemostextremeexamples.This is in
contrastto SVMs wherethe supportvectorsrepresentthe
leastprototypical— mostmarginal — examplesin a train-
ing set.
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Figure 4. The relevance vector s span the state
space . As a tutorial example, this �gur e shows
thepositionsof examplesusedto train a tracker in a
spaceof 2D translations.Relevancevectors are indi-
catedfor horizontal(x) translations(circles),vertical
(y) ones(squares).

4. Probabilistic stateinference

To securebene�ts of temporalfusion of data,observa-
tionsmustbeobtainedin aprobabilisticsetting.This is one
of theprincipaladvantagesof RVMs over SVMs: anRVM
givesnot only anestimateof changein state,but alsogen-
eratesanoutputprobabilitydistribution.

4.1.Kalman �ltering

For eachstatespacedimension,an estimateis made
which is expressedin vectorform as:

� ~X i = � Tk (9)

wherek is avectorde�nedsothatk0 = 1, to allow for bias,
andeach

kj = k(x j ; I ( ~X )) for j > 0: (10)

is akernelfunctionbetweenthej th relevancevectorandthe
currentimagevector. From(7) � is Gaussiandistributedas
N (�̂ ; �̂ ), making� ~X i alsoGaussian,with mean�̂ Tk and
variance

v = kT �̂ k : (11)

This probabilisticoutputcanbe treatedasan observation,
z, andincorporatedinto aKalman-Bucy �lter [9, 7].

For eachiterationof thetrackerwesetupstateequations
for theevolutionof thestateandtheobservation.TheRVM
actuallygeneratesanestimateof thechange in thecurrent
state,and is hencean innovation, � k = zk � X k , with
Gaussiandistributed observation noise,v k � N (0; Rk ).
HereRk is a diagonalcovariancematrix, whosetermsare
thescalarvariances(11)v from eachof the4 RVMs for the
4 statespacedimensions.

The dynamicalprocessis modelledas a secondorder
auto-regressive process(ARP) [3], augmentingthe state
equationsto takeaccountof thetwopreviousobservations.

p(X 0
k+1 jX 0

k ) =

exp
�

� 1
2 (X 0

k+1 � � X 0
k )TQ� 1

k (X 0
k+1 � � X 0

k )
	

;
(12)

whereX 0 is the augmentedform of X for a secondorder
process.Dynamicalcoef�cients � andQ arelearnedusing
maximumlikelihoodfrom asequenceof parameterscaptur-
ing typicalmotionsof theobjectin question[4].

4.2 Initialization and validation

For ef�cient operation,the RVM tracker exploits tem-
poral coherencefully. However, a robust trackingsystem
capableof operatingfor an inde�nite periodalso needsa
recognitionsystem,runningin tandem,for initializationand
recovery. Herethis takesthe form of an SVM recognizer,
asin �gure 1, operatingin two distinctmodes.Duringcon-
tinuoustrackingit is appliedat thecurrentlyestimatedstate
to verify thestateandtheidentityof thetrackedobject.For
ef�ciency, this test is madeonly every M frames(in ex-
perimentshereM = 4 hasbeensuccessful).Absenceof
veri�cation triggersa searchin which the SVM is applied
overatessellationof neighbourhoodsin theEuclideansimi-
larity space,andthiscontinuesuntil veri�cation is obtained,



afterwhich RVM trackingresumes.Thesamemechanism
is usedto initialize from the�rst frame.

It is observed, from �gure 1, that as estimatedobject
statestraysfrom the true state,the SVM scoredegrades
progressively, andeventuallychangessign, indicatingthat
the observation of the RVMs is invalid. Furthermore,if
the object changesin ways that are not modelledwithin
thestatespace(e.g.out of planerotation),observationsbe-
comeinvalid. For initialization,theprogressivedegradation
of SVM scorewith displacementhasa furthersigni�cance:
therecoverysearchdoesnotneedto cover thestatespacein
excessivedetail.Thewidth of thepeakin �gure 1 indicates
thedensityof therequiredtessellationof SVM locations.

5. Results

Theexperimentsconductedhereall useonly oneinitial
imageregion which was perturbed45 times to createthe
RVM trainingsetsasdescribedin section3.2.

Figure 5 shows the estimatesmadeby the RVM con-
cernedwith x-translation.An image(not in thetrainingset)
wasdisplacedby aknown numberof pixels,andtheRVMs'
posteriorestimateof thatchangeis plotted.
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Figure 5. RVM as a statistical obser ver of
state . An RVM trained for regressiononto hor-
izontal translation delivers a linear mean-response
as shown, together with observationvariance (up-
per and lower dotted curves: � 3 standard devia-
tions). Crossesindicate the training examples,with
relevancevectors markedwith circles.

Figure6 showshow advantageousit is to useprobabilis-
tic inference. The sequencebeing tracked is one that be-
comesprogressively more rapid, andwithout �ltering the
errorsgrow to thepoint wherelock is lost, andthe tracker
requiresreinitialization. With a Kalman�lter in placethe

error1 is an orderof magnitudelower. Probabilisticinfer-
encehasgreatlyincreasedboththestability andtherobust-
nessof tracking.As temporalfusionhasreinforcedtheout-
put, we canpermit the RVMs to be moresparseby using
smallertrainingsets:the quality of the RVM posteriores-
timatesis correlatedwith thenumberof relevancevectors.
This in turn leadsto fasterrun-timeevaluationof theRVMs
anda lowercomputationalcostperframe.
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Figure 6. Probabilistic inf erence impr oves
perf ormance . This �gur e showsthe error perfor-
manceof theRVM tracker with KalmanFilter (solid),
comparedwith raw, un�lteredRVM output(dashed).

Trackingmightbeconsideredredundantif it werepossi-
ble to performraw detectionat framerate.This is apopular
approach[13, 15, 18] but Figure 7 con�rms the substan-
tial ef�ciency saving availableby trackingover time. RVM
trackingconsumesonly 15msof CPU time per frame,but
when brute-forceSVM searchis running consumptionof
CPU time risesby a factor of about70 to 1 secondper
frame. (This datawas gatheredfrom codewith no opti-
mizationsusingdouble-precision�oating point arithmetic
throughout: it is anticipatedthis can be improved upon
greatly.)

Figure 8 containssnapshotsof the tracking of a talk-
ing headand this leadsnaturally to an important video-
conferencingapplication,in whichaclose-upof thetalkeris
broadcastwhenaddressingthecamera,recedingto a wide-
angleshotwhenthetalker turnsto a third party, or departs
altogether. The camerausedto createtheseresultsis a
cheap,standardwebcamwith aplasticlens.Imagepatches
(I elsewherein this document)aresub-sampledsuchthat
N = 704pixelsareexaminedateachiterationandit is only
theintensitythatis tested:nocolouris employed.A movie-

1Theground-truthpositionwasfoundby allowing thistrackerto iterate
to convergenceon eachframe treatedas a still. The resultswere then
inspectedby hand.



t = 0s t = 1.8s t = 18.8s t = 33.2s

t = 49.8s t = 80.7s t = 99.7s t = 110.4s

Figure 8. Long­term trac king behaviour . This �gur e showsthat tracking continuesrobustly over an extended
period—2 minutesin thisexample, but hasrun for several hours in experimentaluse.
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clip is available2 showing a teleconferencingapplicationin
which thereal-timetrackingoutputis usedto controlzoom
andpan. This wascapturedusinga hand-heldDV camera.
This tracker is also capableof following a generalobject
undergoing 2D deformation,suchasthe car anda license
platein �gure 9.

2ftp://mi.eng.cam.ac.uk/pub/data/pancake.mpg

6. Discussionand conclusions

We have demonstrateda trackerusingsparseprobabilis-
tic regressionby RVMs, with temporalfusion for high ef-
�ciency androbustness.Furtherrobustnessis obtainedby
running,in tandem,anobject-veri�cation SVM whichsim-
ply servesto validateobservationsduring normalrunning,
but alsofor intensive objectsearchduringinitializationand
recovery. Training, both of the SVM and RVM, is per-
formedfrom a singleobjectinstanceperturbedto generate
a trainingset,andrequiresonly a few minutes.The result
is a reliablereal-timetrackerwhich imposesamodestcom-
putationalloadand,thanksto its recoverymechanism,runs
continuously. We have demonstratedreal time operation
with a face-trackingcamera-managementsystemfor tele-
conferencing.This is a generalmethodfor trackingand,to
illustratethis, trackingof carshasalsobeenshown.

The probabilisticframework would also permit the re-
placementof the Kalman �lter with a particle �lter [4].
Particle �lters are also popularfor their robustnessin the
presenceof clutter, however the object speci�city of an
SVM/RVM is alreadya powerful �lter for clutter, so there
is somedoubtwhetheraparticle�lter wouldaddsigni�cant
power in practice.

Futurework will addressanumberof issues:

� greaterinvarianceto illuminationchangescouldbeob-
tainedby pre-processingof imageintensitiesbeyond
thesimpleintensitynormalizationusedhere;

� adaptive re-trainingin parallelwith tracking;

� greatervariationof view andarticulation.



Figure 9. Tracking cars Digital videorecordingsof a passingvehicleanda licenseplate. Thetracker wastrained
froma singleframeandsuccessfullyfollowstheregionsdespiteclutterandanunsteadycamera.
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