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Abstract

Evaluationof tracking algorithmsin the absenceof groundtruth is a challengingproblem.There

exist a variety of approachesfor this problem, ranging from formal model validation techniquesto

heuristicsthat look for mismatchesbetweentrack propertiesand the observed data.However, few of

thesemethodsscaleup to the task of visual tracking where the modelsare usually non-linearand

complex, and typically lie in a high dimensionalspace.Further, scenariosthat causetrack failures

and/orpoor trackingperformancearealsoquite diversefor the visual trackingproblem.In this paper,

we proposean online performanceevaluation strategy for tracking systemsbasedon particle �lters

usinga time-reversedMarkov chain.Thekeu intuition of our proposedmethodologyrelieson the time-

reversiblenatureof physical motion exhibited by most objects,which in turn shouldbe possessedby

a good tracker. In the presenceof tracking failures due to occlusion,low SNR or modeling errors,

this reversiblenatureof the tracker is violated.We usethis propertyfor detectionof track failures.To

evaluatethe performanceof the tracker at time instantt, we usethe posteriorof the trackingalgorithm

to initialize a time-reversedMarkov chain. We computethe posteriordensity of track parametersat

the starting time t = 0 by �ltering back in time to the initial time instant.The distancebetweenthe

posteriordensityof thetime-reversedchain(at t = 0) andtheprior densityusedto initialize thetracking

algorithm forms the decisionstatisticfor evaluation.It is observed that when the datais generatedby

the underlyingmodels,the decisionstatistic takes a low value. We provide a thoroughexperimental

analysisof the evaluationmethodology. Speci�cally, we demonstratethe effectivenessof our approach

for tackling common challengessuch as occlusion,pose and illumination changesand provide the

Receiver OperatingCharacteristic(ROC) curves. Finally, we also show the applicability of the core

ideasof the paperto othertrackingalgorithmssuchasthe Kanade-Lucas-Tomasi(KLT) featuretracker

and the mean-shifttracker.

Index Terms

PerformanceEvaluation,Tracking,Particle Filters, Model Validation

I . INTRODUCTION

Visual tracking forms one of the most importantcomponentsin a wide rangeof application

domains.Robust tracking of featuresform the primary input to classicalvision problemssuch

as structurefrom motion and registration.In addition, tracking ®nds usein diverseapplication

areassuchassurveillance,markerlessmotioncaptureandmedicalimaging.The needfor robust

tracking algorithmsthat work over a broadspectrumof applicationdomainscannotbe under-
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stated.However, practical realities and the diversenatureof data dictatesthat even the most

sophisticatedalgorithmwill have failure modeswherethe trackingperformanceis poor andthe

algorithmlosestrack. In this paper, we addressthe problemof automaticevaluationof tracking

algorithms with the goal of detectingtrack failures and evaluation of tracking performance

without the needfor groundtruth.

Therearemultiple reasonswhy aself-evaluationframework is needed.Its moststraightforward

useis in onlinecharacterizationof trackingperformanceto enablea systemto sanitizethetracker

output in the event of failure. Further, in the context of distributed sensornetwork, evaluation

of the performanceof the tracking algorithm (associatedwith eachmodality) can be usedto

characterizeits reliability for thetasksof multi-modalfusion.Self-evaluationcanalsobeusedto

rank different trackingalgorithmsbasedon their performance.In this sense,self-evaluationcan

be usedto choosea trackingalgorithmwith betterperformanceat run time. It also potentially

allows for tracking algorithmsto tune their parametersto the speci®csof an individual video

(asopposedto a training set,which may or may not capturethe nuancesof a single instance).

While groundtruth allows the same,it is not self-containedto the trackingalgorithmandis not

extensibleeasily.

Thereexist many evaluationschemes[1] [2] [3] that useground-truthinformationto evaluate

trackingalgorithms,andmoreimportantlyrank-orderthemin termsof performance.ThePETS1

andCLEAR2 workshops,alongwith theETISEO[4] effort focusedmainly towardscharacterizing

algorithmsin termsof performancein thepresenceof groundtruth. TheCAVAIR3 andtheVACE4

effortsweregearedtowardsevaluationof objectdetectionandtracking[5], [6]. In additionto this,

therehasbeensomeresearchon distancemetricsin matchingthegroundtruth informationto the

tracker outputs,andin tuningtheparametersof thetrackingalgorithm[7]. However, collectionof

groundtruth is time consuming,andhasits own variabilities[8]. Further, performanceevaluation

usinggroundtruth is not possiblefor real time ®eld testingor on sequenceswhich areunlabeled.

This motivatesthe needfor online performancecharacterizationin the absenceof groundtruth.

Evaluationof trackingperformanceanddetectionof track failure is similar to the problemof

1http://petsmetrics.net

2http://isl.ira.uka.de/clear07

3http://homepages.inf.ed.ac.uk/rbf/CAVIAR/

4http://www.ic-arda.org/InfoExploit/vace/
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modelvalidation,especiallywhenthe underlyingformulationis in termsof dynamicalsystems.

Trackingperformanceis boundto deterioratewhenthe dataviolatesthe modelingassumptions

signi®cantly. Thereexist many ways to detectthe incompatibility betweenthe modelsand the

observed data.For stochasticnonlinearsystems,measurementsbasedon the innovation error

forms a commonchoiceas an evaluationmetric. The statisticsof the innovation error can be

cross-checkedwith thoseof themodel(suchaswhite Gaussiannoise),anda hypothesistestcan

be performedto determinemodel validity. Similar metricssuchas the tracking error (TE) and

observation likelihood(OL), andtheir correspondingcumulative summationsin time (CUSUM)

have beenusedfor changedetectionand model validation [9]. TE and OL detectonly sharp

changeswhich resultsin lossof track,anddo not registerslow changes.A statisticfor detection

of slow changescalledthenegative expectedlog likelihoodof state(ELL) andits generalization,

gELL areproposedin [9]. ELL is de®nedasa measureof inaccuracy betweenthe posteriorat

time t and the t-stepaheadpredictionof the prior statedistribution. Interestingly, as we point

out later, the evaluationmethodologyproposedin this papermirrors the ELL methodin spirit.

In [10] [11] [12], under the hypothesisthat the model is correct,a randomprocessin the

scalar observation spaceis shown to be a realization of independentidentically distributed

variablesuniformly distributedon interval [0; 1]. This result holds for any time seriesandmay

beusedin statisticalteststo determinetheadequacy of themodel.An extensionto vector-valued

measurementsis presentedin [13], wherea � 2-testfor multi-dimensionaluniform distribution is

usedto determineif thesystembehavesconsistently. However, whenit comesto visual tracking,

asthe observation could be in a very high-dimensionalimagespace,the computationof the test

statistics is infeasible. In [14], an entropy basedcriterion is used to evaluate the statistical

characteristicsof the tracked densityfunction. The de®nition of goodperformancefor tracking

a singleobject is that the posteriordistribution is unimodaland of low variance.In contrast,a

multi-modalanda high variancedistribution implies poor or lost tracking.In practice,tracking

in the presenceof multiple targetsandclutter doesleadto the presenceof multi-modality in the

target's posteriordensity. This, however, doesnot necessarilyimply poor tracking.

While modelvalidationandchangedetectionliteratureoffers formal andrigorousapproaches

to formulate the problem, in many cases,the underlying models for tracking are unable to

handlewide variationsthat occur in visual tracking.Further, given the complexity of the visual

information,it is virtually impossibleto accuratelymodelall theinformationin all its variabilities.
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Towards this end, there has beena body of researchthat exploits the inherentcharacteristics

of tracking output to automaticallycharacterizethe performance.In [15], Erdemet al. address

an on-line performanceevaluation method for contour tracking. Metrics basedon color and

motiondifferencesalongtheboundaryof theestimatedobjectareusedto localizeregionswhere

segmentationresultsareof similar quality, andcombinedto provide a quantitative evaluationof

boundarysegmentationand tracking.As an extension,[16] usesa feedbackloop to adjust the

weightsassignedto thefeaturesusedfor trackingandsegmentation.This methodof evaluationis

speci®cto contour-basedtrackingsystems.Wu andZhengpresenta methodfor self-evaluation

in [17]. This empirical methodevaluatesthe trajectory complexity, motion smoothness,scale

constancy, shapeand appearancesimilarity, combining eachevaluation result to form a total

scoreof the tracking quality. However, this heuristic methodcan only be applied to a static

camerasystem.

In this paper, we proposean online evaluation methodologythat can be applied to many

trackingalgorithmsto detecttrackingfailuresandto evaluatetrackingperformance.Theintuition

behindour algorithm lies in the reversibility of the physical motion exhibited by an object. In

many cases,this directly correspondsto time-reversibility of the modelsusedin the formulation

of the trackingproblem.When this trackingproblemis de®nedin termsof dynamicalsystems

exhibiting Markovian properties,we constructa time-reversedMarkov chainfor thesolepurpose

of evaluation.The posteriorprobability densityof the time-reversedchain is propagatedall the

way back to the initial time instantwhen the tracking algorithm is initialized. The prior used

to initialize the tracker is now comparedto the posteriorof the time-reversedchainto form the

evaluationstatistic.For a well behaved system,the two probability distributions are expected

to show proximity in some statistical sense,with signi®cant discrepanciesbetweenthem in

the presenceof tracking error. The proposedapproach®nds applicability in a host of tracking

algorithmsthat usea dynamicalsystemformulation. In this regard, the useof particle®ltering

for estimatinginferencesis very commongiven the non-linearityof mostmodelsand the non-

Gaussiannoisedistribution. Theproposedevaluationmethodinvolves®ltering backto the initial

time instant,andgetsslower with increasingtime. Hence,we alsoproposeanapproximationby

trackingbackandcomparingtheperformanceagainsta point in time whereby prior veri®cation

we are con®dentthat the performanceis good.We analyzethe performanceof the evaluation

methodologyby extensive experimentationover a wide variety of videos.It is shown that when
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groundtruth is available,the track failuresdetectedby our approachcorrelatesigni®cantlywith

thosevalidatedby thegroundtruth. We alsoshow theapplicabilityof thecoreideasfor tracking

algorithmswhich arenot modeledasdynamicalsystems.Examplesof suchalgorithmsinclude

the KLT featuretracker [18] [19] [20] andthe mean-shifttrackingalgorithm[21] [22]. Finally,

we show that the proposedevaluation algorithm can be used for ranking different tracking

algorithmsbasedon their performance.This paperis an expandedversionof [23].

Thepaperis organizedasfollows. We give a brief overview of particle®ltering andintroduce

the terminology used in the paper in Section II. The proposedevaluation methodologyand

its propertiesare discussedin Section III. In Section IV, we place the proposedalgorithm

in the context of previous work on model validation and illustrate connectionsto other related

topics.Finally, we discusstheexperimentalresultsthatvalidatetheperformanceof theproposed

algorithmin sectionV.

I I . V ISUAL TRACKING USING PARTICLE FILTERS

In this section,we summarizethe necessarybackgroundof Bayesian®ltering methodsused

in dynamicalsystems,in particular, the particle®ltering methodwhich is usedwidely in visual

trackingsystems[24].

In particle®ltering [25], we addresstheproblemof Bayesianinferencefor dynamicalsystems.

Let x t 2 Rd denotethestateat time t, andyt 2 Rp, thenoisyobservationat time t. We modelthe

statesequencef x tg as a Markovian randomprocess.Furtherwe assumethat the observations

f ytg to be conditionally independentgiven the statesequence.Under theseassumptions,the

modelsde®ningthe systemaregiven as follows: 1) p(xt jx t � 1): The statetransitionprobability

density function, describingthe evolution of the systemfrom time t � 1 to t; 2) p(yt jx t ): the

observation likelihood density, describingthe conditionallikelihood of observation given state;

and3) p(x0): the prior stateprobability at t = 0.

Givenstatisticaldescriptionsof themodelsandnoisyobservationstill timet; Yt = f y1; : : : ; ytg,

wewould like to estimatetheposteriordensityfunction� t = p(x t jY t ). UnderMarkovianassump-

tion on the statespacedynamicsand conditional independenceassumptionon the observation

model, the posteriorprobability is estimatedrecursively using the BayesTheorem

� t =
p(yt jx t )p(x t jy1:t � 1)

p(yt jy1:t � 1)
=

p(yt jx t )p(x t jy1:t � 1)R
p(yt jx t )p(x t jy1:t � 1)dxt � 1

(1)
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Computationof p(x t jy1:t � 1) is called the predictionstep,

p(x t jy1:t � 1) =
Z

p(x t jx t � 1)p(x t � 1jy1:t � 1)dxt � 1 (2)

Equation2 setsup the recursive stepfor estimationof the posteriorat time t, � t from that at

time t � 1, � t � 1.

� t =
p(yt jx t )

R
p(x t jx t � 1)� t � 1dxt � 1

p(yt jy1:t � 1)
(3)

Note that, there are no unknowns in (3) since all terms are either speci®edor computable

from theposteriorat theprevious time step.Theproblemis that this computationneednot have

an analyticalrepresentation.The particle®lter approximatesthe posterior� t with a discreteset

of particlesor samplesf x (i )
t gN

i=1 with associatedweightsf w(i )
t gN

i=1 that aresuitablynormalized.

The set St = f x(i )
t ; w(i )

t gN
i=1 is the weightedparticle set that representsthe posteriordensity

at time t, and is estimatedrecursively from St � 1. The initial particle set S0 is obtainedfrom

samplingthe prior density� 0 = p(x0).

A. Visual Tracking

In this subsection,we brie�y discusssomeof the commonstatespaceapproachesto visual

tracking focusingin particularon the kind of motion and appearancemodelscommonlyused.

For rigid objects,most tracking algorithmsformulatetracking over a statespacethat typically

comprisesof locationson the imageplane,the scaleand orientationof the target all of which

can be re-parametrizedas af®ne deformationsof somebasicshape.For non-rigid objects,the

af®ne deformationstatecould be extendedto include contourdeformationparameters(usually

encodedwith splinesor level sets).Finally, the statespacemay includecomponentsthat relate

to theappearanceof the target,soasto characterizeandtrack thechangesin target's appearance

with changingposeand illumination.

The statetransitionmodel for the dynamicalsystemis usually the motion model describing

the kinematicsof the target.Dependingon the requirementsof the application,thesecould vary

from a simpleBrownian motion modelor a constantvelocity model,to activity speci®cmotion

models[26] whentrackingcomplicatedbehaviors that have beenlearneda priori.

Finally, probablythemostimportantcomponentis theobservationmodel,typically acharacter-

izationof thetarget's appearanceencodedeitherasa gray-scaleor color template,or a histogram
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of suchfeatures.The key propertyof the observation model is that it providesdiscriminability

of target-speci®cfeaturesover backgroundand other sceneconstructs.Further, the modelsare

expectedto be fairly robust to outliers.Finally, there is the needfor robustnessto changesin

target poseandsceneillumination. This canbe achieved by explicitly modelingsuchposeand

illumination parametersin the statespaceof the system,or by having observation modelsthat

are invariant (partially or otherwise)to suchchanges.

In this context, it is important to discussthe role of online appearancemodels for visual

tracking. In many practicalsystems(especiallyin surveillance),most targetsare opportunistic,

with the tracking algorithm having no signi®cantprior characterizationof their appearance.In

such a scenario,the only identi®cation of target appearanceis in the initial frame provided

to the target, typically in the form of the prior density of the target. As the target moves in

the scene,online appearancemodels(OAMs) try to adaptto the changingappearanceof the

target.However, theOAM needsto beupdatedin orderto incorporatenew featuresexhibitedby

the target without introducingundesirablebackgroundartifactsthat could potentiallycausethe

trackingalgorithmto diverge. This resultsin two contradictingrequirementsfor the adaptation

rules usedto updatethe OAM. The needfor updatingthe appearancemodelsto accountfor

thechangingappearanceof the target is balancedby thepossibility thatundesirablebackground

artifacts might be introduced.Invariably, a strategy is chosenthat balancesthesetwo effects.

This leadsto scenariosin visual tracking,wheretheappearancemodelsmayno longerrepresent

the sameobject that was usedin initialization. Hence,this leadsto a casewhere the tracking

performanceis poor not becauseof incompatibilitybetweenthemodelsandthedata(thepremise

of modelvalidation) or becauseof lack of smoothnessand continuityof tracks (the premiseof

heuristicworks),but becausethe modelcharacterizingthe dynamicalsystemare fundamentally

�awed dueto undesirable updates.

In thenext section,we outlineour approachfor performanceevaluation,includingdetectionof

error suchasthe onedescribedabove. The key point that we like to retainfrom the discussions

given above is the overwhelmingrole of the prior densityin de®ningthe target identity.

I I I . TIME REVERSIBIL ITY FOR EVALUATION

It is insightful to understandthechallengesin visual tracking,andwheresomeof theexisting

trackingalgorithmsandevaluationschemesfail. We begin with a discussionof failuremodalities
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of trackingalgorithmsandthe challengesfor a self-evaluationscheme.

A. Failure modesof Tracking Algorithms

Visual trackingneedsto berobustagainsta wide varietyof operatingconditions,dealingwith

poor video resolution,occlusion,changesin poseand illumination, cameramotion and clutter.

Under such diverse operatingconditions,descriptionsof objects,such as appearance,color,

shapeand texture almostalways changeunpredictably. At the sametime, motion consistency

is a featurethat most algorithmsuse to reducethe searchspace,and it is one featurethat is

frequentlyviolatedwhenthe cameraitself is moving.

The rangeof failures is even more enhancedwhen the tracking algorithm usesan adaptive

and online observation (appearance,shape)model. Adaptive appearancemodels are crucial

for achieving robustnessto changingposeand illumination. However, there is almost always

the problemof incorporatingundesirablefeaturesinto the model,examplesof which could be

featuresthat correspondto the background.However, inspiteof the large variationsin operating

conditions,theidentity encodedby theappearanceandshapeinformationat theinitializing frame

provides a referencefor validation.This forms the basisfor the intuition behindthe algorithm

proposedin this paper.

B. Intuition

Our goal is to provide a general,online evaluationmethodfor visual trackingsystemsbased

on dynamicalsystems.We will refer the Markov chainassociatedwith the tracker algorithmas

the “forward” chain.The prior usedto initialize the forward chain is the referencedistribution

which we use to evaluatethe performanceof the tracking algorithm. In order to evaluatethe

trackingperformanceat a time instant(sayt = t0) we ®rst needto accountfor the differencein

time instantbetweentheprior (t = 0) andtheoutputof thetracker. To achieve this, we construct

a time-reversedMarkov chain with modelsthat are similar to the forward chain.The key idea

is to computethe posteriordistribution of this time reversedMarkov chain at the initialization

time (t = 0) andcompareit to the prior of the forward chain.For algorithmsemploying OAMs,

the identity of the target is de®nedin the initializing frame and the prior usedto initialize the

system.This prior informationencodesall the knowledgegiven to the tracking algorithm,and

arguably is most critical in determiningthe performanceof the algorithm. In this sense,the
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trackingperformancecanbe determinedby verifying the outputof the tracker at any particular

time instant(say t = t0) against the prior with suitabletime normalization.

From the point of view of information capturedin the tracking algorithms,the underlying

intuition is that if, at time t, the tracker containsenoughinformationaboutthe target, then the

ability to track well until time t along the forward Markov chain implies that it is very likely

to be able to track back to the endalonga time-reversedMarkov chainequallywell.

To get an intuitive understandingof the proposedalgorithm, considera video sequencein

which the ®rst frame and the last frame are identical (in cameraplacementas well as the

locationof every sceneandobjectpoint). Goodtrackingperformancewould requirea tracking

algorithm to localize the target in the last frame at the samelocation as the prior given in the

®rst frame. Suchan idea is exploited for detectingdrift in featurepoint tracking in [27]. Our

algorithmcanbe viewed asan extensionof that idea for performancecharacterization.

C. Formalizing the Concept

TheforwardMarkov chaindescribingthetrackingalgorithmis de®nedusingtheprior density

p(x0), the statemodel p(x t jx t � 1) and the observation modelsp(yt jx t ). At time T, given an

observation sequenceYT = f y1; : : : ; yT g, the posterior is � T = p(xT jYT ). To evaluate the

performanceof the system,we proposea backward time tracker that uses� T as its prior and

the observation sequenceYT in the time reversedorder. Using the notationq(�) for probability

densityfunctionsassociatedwith the time-reversedsystem,the reversetracker is formulatedas

follows. For evaluationat time T, the systemis initialized at time T + 1 and ®ltered through

the observationsYT .

� Prior at time T + 1:

q(xT +1 ) = p(xT +1 jYT )

=
R

p(xT +1 jxT )p(xT jYT )dxT

(4)

� State Transition Model: For t 2 (0; T),

q(x t jx t+1 ) =
p(x t+1 jx t )p(x t )

p(x t+1 )
(5)

This canbedirectly computedfrom themodelsfor mostsystemsusedto de®nethetracking

problem.
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� Observation Model: We retain the sameobservation modelusedin the forward model.

8t; q(yt jx t ) = p(yt jx t ) (6)

With this characterizationof the system,we can now ®lter the observation sequenceYb
T =

f yT ; : : : ; y1g in reversetime. The posteriordensityfunction of this ®lter is of great interestto

us. At time t, the posteriordensity� b
t = q(x t jY b

t ) = q(x t jyT ; yT � 1; : : : ; yt ).

We cannow estimatethe posteriordensityat time t = 0, � b
0 by recursion.From intuition, we

expectthis densityto beclosein somestatisticalsenseto theprior densityp(x0). To this extent,

we postulatethe following property.

Proposition: Supposethe reversetracker is initialized with the prior q(xT +1 ) = p(xT +1 ),

thenthe posteriordensityof the time-reversedsystemat time t = 0 andthe prior densityp(x0)

are closeto eachotheron distancemetricscomparingthe meansof the correspondingrandom

variables,provided the underlyingmodelcompletely®ts the data.

Supposewe initialize thereversedtime Markov chainusingthedensityp(xT +1 ) asopposedto

p(xT +1 jYT ). It is easyto verify that the ®nal posteriordistribution in the time-reversedprocess

is equal to the smoothingresult [28] at the beginning of the forward processusing all the

observationstill time T, i.e, � b
0 = p(x0jy1;:::;T ).

Now, � b
0 andthe p(x0) areclosein the sensethat

Z
x0p(x0)dx0 =

Z

Yt

Z

x0

x0� b
0dYtdx0 (7)

Supposewe compareE(x0) andEYt (x0), thenon an average(over the ensemblesetof possible

observations)the two meanswill be the same.

It shouldbenotedthattheabove resultis trueonly whenthereversedtime systemis initialized

with the prior p(xT +1 ). However, for most trackingmodels,it is the observation modelwith its

characterizationof object appearanceand/orshapethat allows for discriminationof the object

from the background.In this sense,the observation model allows for accuratelocalization

(or equivalently, low varianceestimation)of the target with the statemodel usedmainly to

regularize and smoothenthe result. Further, under the assumptionthat the data YT ®ts the

underlyingmodels,the densityp(xT +1 jYT ) is expectedto localizethe target better, in the sense

of the sharpnessof the densityaroundits expectedvalue.Hence,the systemde®nedwith prior

p(xT +1 jYT ) is over-trainedandprovidesa model that ®ts the databetter.
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D. EvaluationStatistic

Thereexist distancemetricsandmeasuresfor comparingdensityfunctionssuchastheKullback-

Leibler (KL) divergenceand the Bhattacharyadistance[29]. However, in our case,the distri-

butions are representedby particlesor samplesfrom the density function. In general,given

the differencesin the individual proposaldensitiesand randomnumbergenerators,the exact

locationsat which the densitiesare sampledwill be different. Computingthe KL divergence

or the Bhattacharyadistancefor suchnon-overlappingsamplesetswould requireinterpolation

(usingParzenwindows [29] ) or theuseof approximationssuchastheUnscentedTransformation

[30]. We circumvent this problemwith the useof the Mahalanobisdistancethat dependsonly

on the momentsof the distributions.

Denotingp as the prior distribution p(x0) and � as the posteriorof the time reversedchain

q(x0jYT ), the distanced(p;� ) betweenthe two distributionscanbe computedas:

d(p;� ) = (� p � � � )T � � 1
p (� p � � � )+

(� p � � � )T � � 1
� (� p � � � )

(8)

where� p and� p arethemeanandthecovariancematrix of thedistribution p and� � and� � are

thoseof the distribution � , all of which canbe easilycomputedor estimatedfrom the particles

or in somecases,analytically.

An outline of the proposedevaluationframework is in Table I.

Theproposedframework extendsgracefullyevento otherdynamicsystemswheretheinference

is not driven by particle®lters. For example,if the systemis linear Gaussian,thenthe posterior

can be computedusing a Kalman ®lter. The time-reversedsystemis also linear Gaussian,and

its posteriorcanalsobecomputedusinga Kalman®lter. In this case,the time-reversedposterior

andthe prior canbe comparedusing(8). Given the Gaussiannatureof both distributions,asan

alternative similarity score,one could analytically computetheir KL divergencestoo. It might

be possibleto provide theoreticalguaranteesfor the algorithm in this simple case.Finally, in

SectionIII-F, we show the applicability of the core ideafor other trackingframeworks suchas

the KLT andthe Mean-Shiftalgorithms.
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TABLE I

OUTLINE OF THE PROPOSED EVALUATION ALGORITHM .

To evaluatethe performanceof the tracker at time T , the density� T is representedby the samplesf x ( i )
t gN

i =1 ,

1) Propagate the particlesusingp(xT +1 jxT ) to get samplesfrom p(xT +1 jYT ),

~x ( i )
T +1 � p(xT +1 jx ( i )

T ); i = 1; : : : ; N (9)

2) Using the prior representedby the particleset f ~x ( i )
T +1 gN

i =1 , iteratethe steps3, 4 and5 for t 2 f T; T � 1; : : : ; 1g,

3) Proposition:At time t, proposea new particleset f ~x ( i )
t gN

i =1 using the statetransitionmodel,

~x ( i )
t � q(x t j ~x

( i )
t +1 ); i = 1; : : : ; N (10)

4) Weight Computation:Computethe weight w( i )
t associatedwith the particle ~x ( i )

t ,

w( i )
t = q(yt jx

( i )
t ) (11)

5) Normalizethe weightsandresamplethemto obtainan unweightedparticleset.

6) Using the particleset ~x ( i )
0 � q(~x0 jYT ), computemean�̂ � andcovariancematrix �̂ � usingsamplestatistics.

7) The evaluationstatisticis computedusing(8).

E. Fast Approximation

The proposedevaluationframework posesa requirementto process(or track) acrossall the

framesseenby the tracking algorithm.For suchan algorithm, the computationalrequirements

increaselinearly with the numberof frames(seeFigure 1). This makes it increasinglyharder

for the evaluationalgorithmto satisfy real time constraints.

However, a set of suf®cient (thoughnot necessary)conditionscan be designedto alleviate

this problem.We argue that if the performanceat time T is good,thennot only doesthe ®nal

posteriormatchwell with the prior density, but that the posteriordensitiesof the forward and

reverse tracker should match at all intermediatetime instants.A fast approximationis now

proposedusingthis observation.Supposeat time t0, the performanceof the systemis evaluated

to be good, then for an evaluation at a future time instant t0 > t0, the time t0 can be used

as a referencepoint in the placeof the t = 0 (seeFigure 2). Extendingthis concept,we can

recursively shift the referencepoint to keepa constantupperboundon the computationaltime
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Fig. 1. Schematicof the referencepoint usedin the proposedalgorithm.Evaluationof the performanceof the tracker requires

validationwith the prior densityusinga time reversedchain for suitabletime normalization.

Fig. 2. Schematicof the referencepoint used in the fasterapproximationto the proposedalgorithm. As opposedto the

implementationdescribedin Figure 1, the approximationshifts the referencepoint from t = 0 to createmultiple reference

points separatedby time interval of � t = � . This keepsthe overall computationalrequirementsfor the evaluation scheme

bounded.

for the evaluation.Let � t be the time interval betweensuccessive referencepoints,i.e, the time

instantst0 = 0; � t; 2� t; 3� ; : : : ; are usedas the referencepoints. For a time instant t0, the

referencepoint chosenis � tbt0=� tc. However, the suitability of the approximationdependson

the length� t. The trade-off hereis betweenthe computationtime, which is proportionalto � t

andthe ability to detectslow changesthat areof the order � t. A clever choiceof � t cango a

long way in reducingthe computationalrequirementsof the proposedalgorithm.

Finally, even with the approximationschemedescribedabove, it might be dif®cult to achieve

real-timeprocessingfor the evaluationat every time instant.However, online evaluationin real

time is possibleif we do not perform evaluation at every frame. For most practical systems,

evaluationneedsto beperformedat regulartime intervals.Choosinga fastapproximationscheme

with � t as the time differencebetweenreferencepoints as well as the time instantswhen
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evaluationis performedcangoa longway in reducingthecomputingrequirementsfor evaluation.

F. Extensionsbeyondparticle �ltering

1) Evaluationsof theKanade-Lucas-Tomasitracker: Thebasicideaof theproposedevaluation

methodologycanbeusedfor trackingalgorithmsthatdo not useparticle®ltering. Here,we show

how to apply theevaluationmethodfor featurepoint trackingusingthealgorithm[18] [19] [20].

KLT is amongthe most widely usedfeaturepoint trackers for many systemsand applications

andwe useit for showcasingour evaluationalgorithm.

The original KLT algorithm works under the assumptionof brightnessconstancy and small

motion (typically, translation),that is, I (t; p) = I (t + 1; p + �p ) whereI (t; p) is the intensity

at pixel coordinatep = (x; y) in the frameat time t. Under this assumptiona linear systemin

�p is solved to obtainthe translation.In practice,the assumptionsof brightnessconstancy and

smallmotionusedin thederivationof thesolutionarealmostalwaysviolatedeventually, leading

to drift in the tracking of the featurepoint. In vision problems,especiallythosepertainingto

geometry(suchasstructurefrom motionandestimationof epipolargeometry, homography), the

presenceof drift contributesto measurementerrorswhich couldsubsequentlybeexaggeratedby

the following estimationalgorithms.

Theproposedevaluationmethodologyprovidesanelegantway to evaluatethetrackingperfor-

mance.As in thecaseof theparticle®lter, we formulatea KLT tracker for trackingbackfrom the

currentframeto the initial frame.On the onehand,if the assumptionsof brightnessconstancy

andsmall motion are indeedsatis®edandthat the trackingremainsstableandfree of drift, the

KLT tracker is expectedto work well both forward and in reverse.Brightnessconsistency as

a constraintis inherentlytime reversibleand with suf®cient smoothnesson the function (I ; x)

andits derivatives,it canbe shown that the forward andtime reversedsystemsbehave similarly

undersmall motion assumptions.

On the other hand, in the presenceof drift due to model failure, when we do the reversed

tracking,the tracker doesnot go backto the initialization point dueto theunmodelederrorsthat

affect the tracking.Therefore,the strategy usedearlier for evaluationof particle®ltering-based

trackers along with the fast approximationtechniquesis also applicableto the KLT tracker.

Finally, the interestedreaderis referredto a featurepoint algorithmdescribedin [31] that uses

this conceptof time reversalfor achieving robust tracking.
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Finally, KLT as a tracking algorithm is a point tracker and doesnot estimateuncertaintyin

any speci®cform (suchas densityor covariances).We baseour evaluationstatisticon just the

Euclideandistancebetweenthe initial point provided to the tracker and the result of the time-

reversedKLT tracker. The Euclideandistancebetweenthe two pointsreplacesthe Mahalanobis

distanceusedfor the Particle ®ltering scenario.

2) Evaluationsof the Mean-Shifttracker: The proposedevaluation algorithm can also be

extendedto the mean-shifttracker [21] [22]. The mean-shifttracker containstwo major com-

ponents:target representationand localization. Histogrambasedappearancerepresentationis

adoptedfor the target.Target localizationis achieved througha mean-shiftoptimizationprocess.

In mean-shifttrackingalgorithm,thetargetmodelis usuallyconsideredascenteredat thespatial

location0 andrepresentedby its pdf q, which canbe approximatedby its m-bin histogramsas

below:

target model: q̂ = q̂u; u = 1:::m
mX

u=1

q̂u = 1 (12)

In practice,a target is usually representedby an ellipsoidalor rectangleregion in the image.

With somemanipulation,the probability of the featureu = 1:::m in the target model can be

denotedby someanalyticalfunction of its locationvariables.In the subsequentframe,a target

candidatede®nedat locationz is characterizedby the pdf p(z):

target candidate: ẑ(y) = p̂u(z)u=1 :::m

mX

u=1

p̂u = 1 (13)

Similarly, we cancomputethe probability of the featureu = 1:::m in the target candidate.In

[21] [22], Bhattacharyacoef®cient is adoptedto evaluatethe similarity likelihood betweenthe

target modelandcandidate:

�̂ (z) � � [p̂(z); q̂] =
mX

u=1

p
p̂u(z)q̂u (14)

And the distancebetweentarget modelandcandidatescanbe de®nedas:

d(z) =
p

1 � � [p̂(z); q̂] (15)

To ®nd the location of the target in the current frame is to minimize the distancemeasure

with respectto z. The Mean-shift tracker solves this minimization problemby the mean-shift

procedureafter linearizing the Bhattacharyacoef®cient using a Taylor seriesexpansionaround

the location ẑ0 of the target in the previous frame.Hence,this algorithmworks well when the
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target candidatep̂u(z)u=1 :::m doesnot changedrasticallyfrom the initial p̂u(ẑ0)u=1 :::m , which is

often valid betweenconsecutive frames.

The mean-shifttracker is populardue to its computationalef®ciency andeaseof implemen-

tation. However, there are two major limitations that usually causethe traditional mean-shift

tracker to fail [32]. The ®rst limitation is that the basicmean-shiftprocedureassumesthat the

scaleof the object remainsunchangedduring tracking, which may not be true in many real

cases.To handlescalechange,it will bring uncertaintyto the convergenceof the tracker. The

secondlimitation is that the traditionalmean-shifttracker usesradially symmetrickernelswhich

cannotadequatelyrepresentvariousobjectshapes.Therefore,like othertrackingalgorithms,the

traditionalmean-shifttracker mayalsooftenencounterdif®cultiesduring tracking,which makes

it necessaryto evaluateits performancein real time.

Basedon the sameidea we usedfor particle ®lter basedtrackers and the KLT tracker, we

evaluatethe mean-shifttracker using the distancebetweenthe forward and backward tracker.

Here,the statusof the trackingobjectcanbe characterizedby the location( assumingthe scale

remainsconstant).Hence,simpleEuclideandistancebetweenthe forward andbackward kernel

modeswhich are found by the mean-shiftmethodis usedfor evaluation.

IV. DISCUSSION

In this section,we discusssomeof the propertiesof the evaluationalgorithm. In particular

we highlight potentialsimilarities betweenour algorithmsand tools in existing literatures.For

example, ideassimilar to time-reversal have beenapplied to the image registration problem

whereit is desirablefor the forward and the backward mapsto be inversesof eachother [33]

[34].

A. Similarity to the ELL

Theproposedevaluationmethodologyis similar to theELL statistic[9] in spirit, bothinvolving

posteriorof the trackingalgorithmandthe prior at time t = 0. ELL propagatesthe prior density

to time t andcomputesthe inaccuracy betweenthe t-steppredictedprior andtheposterior� t . In

contrast,the proposedmethodologytime reversesthe posterior� t backto the initial time using

a time-reversedsystemandcomparesit against the prior at time t = 0. The main differencein
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our formulation is the t-stepreversepredictionis conditionedon the observed data,while the

t-steppredictionin ELL is unconditional.

B. Time-reversedMarkov chain

Themainideabehindtheevaluationmethodologyinvolvestime-reversedmodels.Theconcept,

at a ®rst glance,seemssimilar to time-reversibleMarkov chains[35]. Time-reversalis a concept

that is commonto both the evaluation methodologyas well as time-reversible chains.Time-

reversalproducesa Markov chainwhosestatetransitiondensityis given in (5). However, time-

reversibility of a Markov chainis a strongerstatementon thenatureof thestatetransitiondensity.

Speci®cally, the Markov chain is saidto be time reversiblewhenthe so calleddetailedbalance

propertyis satis®ed,that is, thereexists a probability densityps suchthat

p(x t = x1jx t � 1 = x2)ps(x2) = p(x t � 1 = x2jx t = x1)ps(x1) (16)

The proposedevaluation methodologydoesrequire a well conditionedmodel for the time

reversedMarkov chain.However, it doesnot needthepropertyof detailedbalanceto besatis®ed

for the particularmodel. In this sense,the conceptof time-reversible Markov chainsand the

evaluationmethodologyproposedin this paperarecompletelydifferent ideas.

C. Smoothing�lter

In Bayesiansmoothingalgorithms, the quantity of interest is p(x t jy1:T ), the posterior of

the stateconditionedon all observations y1:T , including those in the future. Computationof

thesesmoothingposteriorsinvolves runninga forward PF and a backward PF and fusing their

respective posteriorssystematically[36]. However, in thesmoothingalgorithm,thereareno new

constraintsthat areused,in the sense,that the dynamicalsystemmodel(prior + statetransition

+ observation models)is still the same.However, the proposedevaluationmethoddependson

this conceptof time-reversibility of the physical models,which is a propertythat is extraneous

to the basicde®nitionof the dynamicalsystems.In this regard, the conceptof smoothing®lters

andtheevaluationmethodologyaretwo disparateconcepts;it is possibleto apply theevaluation

methodologyto the smoothing®lter.
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D. Failure Modesof the ProposedAlgorithm

While theproposedevaluationalgorithmworkswell acrossawiderangeof trackingalgorithms

(seeSectionV), therearesomecaseswhenit fails. Suchfailuresvary with theselectedtracking

modelandthespeci®csof data.In particular, wediscusstwo caseswheretheevaluationalgorithm

canpotentially fail.

The ®rst scenariodealswith tracking algorithmsthat lock onto the initial position, thereby

losing track of a moving object. However, the time reversedtracker usedfor evaluation will

also remain locked at the initial position (of the forward tracker), and give low evaluation

scores,indicatinga goodtrackingperformance.This is clearly a failure modeof the evaluation

methodology, althoughfor anunreasonabletrackingalgorithm.However, it highlightsa potential
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Fig. 3. Performanceevaluationover occlusion.Target is completelyoccludedby framenumber100. (Top left to bottomright)

Trackingresultsat framenumbers1, 20, 40, 60, 80, 100,120,135 and150 (Bottom row) Evaluationresultsusingthe proposed

algorithm(� t = t) and its fastapproximations(� t = 5; 15; 30; 60).
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scenariowherethe evaluationmethodologymight fail.

A secondinstanceof failureinvolve trackersthatarecompletelyguidedby theirmotionmodel.

This could possibly happendue to observations being rejectedas outliers by the observation

model,or in caseswherea dataassociationstepassociatesa missingdatastatewith the tracker.

In sucha case,the time reversibility of the motion model(mostcommonlyusedmotion models

are time reversiblein the sensethat the samemodel with different parameterscan explain the

time reversedmotion) would naturallyguide the tracker back to its initial value.

A more realistic situation involves a combinationof the two above-mentionedscenarios.

Consideran example, where a tracking algorithm loses an object in the initial few frames

of a video. For the remaining frames of the video, the output of the tracking algorithm is

unpredictable.However, without suf®cient observationsto guidetheestimate,thestatetransition

modelbecomesthe pre-dominantmodel in governingthe evolution of the posteriordensity. For

tracking algorithmsthat usea Brownian motion model on the statetransition,the meanof the

posteriordoesnot change(andhence,remainscloseto the prior p(x0)). The evaluationscorein

this casecanpossiblybe of low value.

In short,theproposedmethodis very usefulfor many typesof trackingproblems;with certain

potential failure modesthat can be detectedusing simple heuristics.It is also noteworthy that

the proposedevaluationmight fail for a particular instanceof data-algorithmpair, it doesnot

have a consistentfailure mode(saysuchasocclusionor illumination).

V. EXPERIMENTS

In this section,we presentexperimentalresultsof theproposedperformanceevaluationmethod

with particle®ltering-basedvisual trackers,the Kanade-Lucas-Tomasi(KLT) andthe mean-shift

tracker. We ®rst show that the proposedevaluationalgorithmcandetectvariouscommonfailure

modesin visual tracking systemsusing particle ®lters. We usethe algorithm proposedin [37]

as the representative tracking algorithm for this set of experiments.This algorithm usesa six-

dimensionalstatespacefor capturingaf®ne deformations,with a Brownian motion model for

thestatedynamics.Theobservationmodelis a templatebasedOAM, which is a speci®cmixture

of Gaussianmodelproposedin [38].
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A. EvaluationundercommonTracking scenarios

Figure 3 shows results for a video where the target is completelyoccluded.We usedour

evaluationalgorithmonceevery 15 frames.The target undergoesocclusionaround100thframe.

The proposedstatisticand its fastapproximationsregisterpeaksor sharprisesin valuearound

this frame.It is noteworthy that evaluationusing� t = 5 doesnot seemlarge enoughto capture

thetrackingfailure.However, ahighervalueof � t registersthelossof track.Finally, asexpected,

inferenceusingfastapproximationsis not usefulaftera trackfailureis registered.This is because

that referencepoint againstwhich the algorithmis beingcomparedis corrupted.
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Fig. 4. Performanceevaluationover slow posechange.(Top threerows) Trackingresultsat framenumbers1, 40, 80, 120,160

and200(Bottomrows)Evaluationresultsusingtheproposedalgorithm(� t = t) andits fastapproximations(� t = 5; 15; 30; 60).

Figure 4 shows the resultsof evaluation for a sequencein which a target exhibits a small

changein pose,easilytrackedby the tracker. As expected,theproposedevaluationmethodology

generatesa teststatisticwhich takes low valuesindicatinga goodtrackingperformance.Figure

5 shows evaluationresultson an aerial sequencein which the tracker losestrack of the target

dueto the jerky motion of the camera.The teststatisticsregisterssharppeaksaroundthe point
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wherethe lossof track happens.
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Fig. 5. Performanceevaluation in an aerial sequence.The tracker losestrack of the object aroundframe 110 due to jerky

cameramotion. (Top threerows) Tracking resultsat frame numbers1, 20, 40, 60, 80, 100, 120, 140 and 160. The true target

locationis markedin redafter thealgorithmlosestrack.(Bottomrow) Evaluationresultsusingtheproposedalgorithm(� t = t),

its fastapproximationsandthe KL divergencebetweenprior densityandposteriorof time reversedchain.

Theproposedalgorithmwastestedon sequencesin thePETS-2001datasetandtheevaluation

is comparedwith the groundtruth. The comparisonwith the groundtruth is doneby computing

the distancebetweenthe centerof the target ashypothesizedby the tracker to the groundtruth.

Figures6 and 7 show the resultson two sequencesfrom the dataset.In Figure 6, the tracker

tracksthe object fairly well. Both the proposedstatisticandthe comparisonagainst the ground

truth take a low value.Figure 7 shows the evaluationresultsfor a scenarioinvolving tracking

failure. While all statisticsregister the failure of track, the proposedstatisticregistersthe track

failure beforethe groundtruth. This is becauseof the speci®cevaluationcriterion usedwith the

groundtruth, which involvescomparingonly the centersof the target, while the boundingbox
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is inaccuratebeforethe lossof track (frame60).

0 20 40 60 80 100 120 140 160 180 200
0

20

40

60

80
D t = 5
D t = 15
D t = 30
D t = 60

0 20 40 60 80 100 120 140 160 180 200
0

20

40 D t = t

0 20 40 60 80 100 120 140 160 180 200
0

20

40

Time (in frame numbers)

Distance from ground truth

Fig. 6. Performanceevaluationon a PETSsequenceincludinggroundtruth. (Top threerows) Trackingresultsat framenumbers

1, 30, 60, 90, 120 and 160. (bottom three rows) Evaluation resultsusing proposedstatisticsand its fast approximationsand

the groundtruth. Trackingperformanceremainsfairly constantasshown by both the groundtruth andthe proposedevaluation

strategy.

B. ReceiverOperating Characteristic

To furthergive a statisticalevaluationof theproposedevaluationmethod,we organizeda data

setcontaining40 sequencesobtainedfrom variousscenarios,like outdoor/indoor, vehicle/human,

optical/infrared,static/moving camera,ground/airborne,etc. Thesevideo sequenceswere each

obtainedfrom standardvideodatasetssuchasthePETS2001,2002dataset,theaerialsequences

from the VIVID dataset,the TSA datasetandothervideoscollectedat the University of Mary-

land. Eachsequencecomposesof 200 frames.The ®rst framesof eachsequenceare shown in

Figure8.

Groundtruth for eachvideo was obtainedmanually, and comprisesof a tight boundingbox

(parallelogram)aroundthe target at frames1; 20; 40; : : : ; 200. A detectionevent correspondsto
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Fig. 7. Performanceevaluationfor a PETSsequenceincludinggroundtruth. (Top threerows) Trackingresultsat framenumbers

1, 20, 40, 60, 80, 100,120,140 and160.The true target locationis marked in red after the algorithmlosestrack. (bottomthree

rows) Evaluationresultsusingproposedstatisticsand its fastapproximationsandthe groundtruth.

detectingthe failure of the tracking algorithm. The true stateof natureis obtainedby using

the spatialoverlapbetweenthe groundtruth and the region assignedas the target by the MAP

estimateof the tracking algorithm. A low overlap betweenthe two con®rmsthat the tracking

performanceis poor, and is denotedasa detectionof failure.

After obtainingthe evaluationstatisticvalues,we vary a thresholdto get different detection

andfalsealarmratesandplot the ROC curve. We plot operatingcurvesundervariousoperating

scenarios.

1) Length of the Video: We performedexperimentscharacterizingthe performanceof the

evaluationalgorithmasthe lengthof the video increases.This is to quantify the possiblesmall

degradationof performanceasthe lengthof thevideo increases.Figure9 shows theROC curves
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Fig. 8. The collecteddataset for obtainingROC curve of the proposedevaluationmethod.
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Fig. 9. We characterizethe performanceof evaluationas the length of the video (numberof frames)changes.The encircled

pointsare the (Bayesianoperatingpoints) for equi-prior, and0 � 1 coststructure.

for videosof length l = (20; 60; 100; 200) frames.Also marked are the Bayes' operatingpoint

for equi-prior and 0 � 1 cost structure.This allows us to get a quantitative assessmentof the
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Fig. 10. The ROC curvesof the proposedevaluationmethodwith OAM-basedparticle®ltering. The evaluationwasperformed

at the®nal frameof a 200 framelong video.Eachline correspondsto a fastapproximationschemewith differentapproximation

length.Note that performancedoesnot degrademuch betweenthe basicevaluationstrategy � t = 200 and an approximation

� t = 100.
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Fig. 11. Theperformancecomparisonsof theproposedevaluationmethodbetweenOAM-PF tracker andFAM-PF tracker. The

evaluationperformanceremainsfairly sameover two different tracking algorithmshinting at the robustnessof the evaluation

strategy over different trackingalgorithms.
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Fig. 12. The performancecomparisonsof the proposedevaluationmethodby usingMahalanobisdistanceandKL divergence

basedevaluationstatisticsrespectively. Evaluationperformanceseemsfairly similar undereithermetric.This couldpossiblyhint

at the unimodalityof the densitiesaroundthe prior time instantt = 0. The similarity in evaluationjusti®esthe useof the faster

Mahalanobisdistancein the placeof the KL divergencewhich is expensive to computefor point clouds.

Bayesrisk and its degradationas the lengthof the video increases.

Lengthof the Video 20 60 100 200

BayesRisk 0.12 0.1 0.18 0.21

TABLE II

THE BAYES RISK OF THE EVALUATION ALGORITHM .

This allows us to interpret the ROC curves better. For example, at l = 60 the detection

probability is PD = 0:94 at a falsealarmprobabilityPF = 0:13, which falls to PD = 0:73 when

l = 200 (samethe samefalsealarmratePF ).

2) Fast Approximation: We next show the differencesin performancebetweenthe basic

evaluationmethodandits fastapproximationsat various� t. Thecurvesin Figure10 show ROC

for evaluationat the last frameof the video (at t = 200) using the basicalgorithm(� t = 200)

and fastapproximationsat � t = 20; 40; 100. Note that in the fastapproximationmethod,if an

intermediatepoint is declaredasa track failure, thenall subsequentpointsarealsodeclaredas

trackfailures.This contributesto thepoorperformanceat � t = 20. It is seenfrom the®gurethat

with appropriateintervals, like 100 frames,the performanceof the fast approximationstrategy
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is comparableto the basicframework, while keepingthe computationtime constant.

3) Tracking Algorithm: We ran the evaluationmethodfor particle®lter-basedtrackingalgo-

rithmsbasedon theOAM anda ®xedappearancemodel(FAM). We show both theROC curves

in Figure 11. The test dataset is the samefor both trackers,while the evaluationperformance

is differentby a small margin. Further, a comparisonwith the ROC curvesin the evaluationsof

the KLT and mean-shifttrackers (shown in Figures16 and 14) suggeststhat the performance

of the evaluationmethodmay reveal somecharacteristicsof the underlyingtrackingalgorithm.

We plan to explore this asa part of future work.

4) Choiceof EvaluationMetric: In computingthe evaluationstatistic,we proposedto use

Mahalanobisdistancein place of distancessuch as the KL divergencewhich comparestwo

densitiesdirectly. To testtheeffectivenessof this Mahalanboismetric,we alsocomputedtheKL

divergence-baseddistancewhen using the basic framework where the computationis feasible

given the Gaussianprior distribution. The comparisonsin Figure 12 show that there is no

signi®cantdifferencebetweenusing the Mahalanobisdistanceand the KL divergencein our

experiments.This could possibly be due to the unimodality of the densitiesaroundthe prior

time instant t = 0. The similarity in evaluation justi®es the use of the faster Mahalanobis

distancein the placeof the KL divergencewhich is expensive to computefor point clouds.

5) Evaluationof MeanShiftTracker: Usingthesamedatasetasusedfor theparticle®ltering-

basedtracker evaluation,we testedtheevaluationalgorithmon thetraditionalmean-shifttracker.

By excludingsomesequenceswherethe traditionalmean-shifttracker completelyfails from the

very beginning,which makesthe evaluationcompletelyunreliableaswe discussedin the above

section,the ®nal test set contains26 sequencesand 260 evaluationpoints in total. Figure 13

shows theevaluationresultsfor asequencewith slow trackingdrift. Thecorrespondingevaluation

scorefor this sequenceincreasesindicating the increasingdrift in tracking. We use the same

ground truth as in the particle ®ltering case.The true stateof the track (failure or not) was

determinedby comparingthehypothesizedregion to thegroundtruth. Lack of suf®cient overlap

betweenthetwo waslabeledasa failedtracker. Theevaluationmetricwasdesignedbasedon the

distancebetweentheoutputof the time-reversedmean-shiftandthe initial guess.TheEuclidean

distancebetweenthe two was used(as the scaleof the tracker remains®xed, which makes

the Euclideandistancealmostequivalent to spatialoverlap).As before,we computedthe ROC

curve using the datasetof 26 sequences(seeFigure 14) show-casingthe performanceof the
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Fig. 13. Performanceevaluationfor a sequencetracked by the meanshift tracker with slow tracking drift. (Top threerows)

Trackingresultsat framenumbers20, 40, 60, 100,120,140,160,180 and200. (bottom)Evaluationresultsusingthe proposed

statisticsunderthe basicmode.

evaluationmethodfor the Mean Shift tracker. We designedthis work basedon the codefrom

http://www.cs.bilkent.edu.tr/ismaila/MUSCLE/MSTracker.htm.

6) Evaluationof KLT Feature Tracker: We alsotried to usetheproposedmethodto detectthe

tracking failuresof the KLT featuretracker. The KLT is a featurepoint trackingalgorithmand

hence,we can generatemultiple test casesfrom a single image.For our experiments,we used

four images,and selected200 featuresper imageusing the KL featureselectioncriterion (see

Figure15). Selecting200 featuresper imagegivesus a mix of goodandbadfeaturepoints(in

termsof their tractability).We createa syntheticsequenceby translatingthe images.This gives

us the groundtruth for the sequence.A featurepoint is consideredto have drifted if it diverges

by more than 2 pixels from the ground truth. As before,we use ROC curves to characterize

the detectionof drift usingour evaluationmethodology. The ROC curve in Figure16 indicates

that the evaluationmethodworks very well for the KLT tracker. We alsoshow somedetection

resultsin Figure16.
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Fig. 14. Evaluationresultsfor the meanshift trackingalgorithmover a datasetof 26 videossnapshotsfrom whom areshown

in the left-image.The ROC curve of the evaluationalgorithm for the tracker using the basicmode.From 26 videosof 200

frameseach,we obtained260 evaluationpointswhich wereusedto generatethe ROC curves.

Fig. 15. Test imagesusedfor the KLT trackingalgorithmoverlaid with the selectedfeaturepoints.Eachimagewastranslated

to createa syntheticvideo providing groundtruth for evaluation.

C. Rankingthe Performanceof Trackers

We have showed above that the proposedonline evaluation algorithm can detect tracking

failuresin the absenceof groundtruth data.In additionto this, the proposedalgorithmcanalso

beusedto comparetheperformanceof differenttrackers.We comparedtheperformancesof the

threetrackerswe usedin this paper:theparticle®lter basedtracker with OAM, theparticle®lter

basedtracker with FAM andthe mean-shifttracker. Sincethe KLT tracker is a featuretracking

algorithmandrequiresa different testset,we did not include it in this rankingexperiment.

The experimentwasperformedasfollows. For eachtracker, we countthe numberof tracking

failuresreportedat different falsealarm ratesover the dataset shown in Figure 14. For each

tracker, we have 260 evaluationpoints (26 sequences,with 10 evaluationpointseach).We can
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Fig. 16. Performanceof the evaluationmethodfor the KLT featurepoint tracking algorithm. (Top left column) The initial

frameandthe enlargeddetailsfor KLT tracking.The red dot shows the initialization of the KLT tracker andthe greenplus sign

shows the groundtruth. (Top right column) The ®nal frame and its enlarged details for KLT tracking. As we can see,many

trackingfeaturepoints(red dot) have drifted away from their groundtruth locations(greenplus sign) andbeendetectedby the

evaluationalgorithm(the blue circles indicatethe drifted pointswhich areconnectedwith their groundtruth locationsby blue

line). (Bottom) The ROC Curve of the evaluationmethodfor KLT tracker using4 imagesand800 featurepoints.

seefrom the ®gure that at a falsealarmrateof 0.6, the detectionratesfor all threetrackersare

very close,thereforewe can comparethe performanceof eachtracker in termsof the number

of detectedtracking failuresat this point. Intuitively, a tracking algorithm with more detected

track failure shouldcorrespondto a poorertrackingperformance.From the ®gure, the ranking
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order for the threetrackers we usedhereresultsin (PF tracker with FAM) < (PF tracker with

OAM) < (Mean-shifttracker), from left to right, worst to bestperformance.Notice that:

Dbad = Gbad� DetectionRate+ Ggood� FalseAlarm Rate

Gbad+ Ggood = Total numberof evaluationpoints
(17)

whereDbad is the detectednumberof failures,Gbad is the real numberof failures( ground

truth).

With the help of the ROC curves of the proposedevaluation algorithm togetherwith the

numberof detectedfailures,we can recover the groundtruth numberof tracking failures.The

resultsare:152 (PF tracker with FAM), 90 (PF tracker with OAM) and66 (Mean-shifttracker).

As we can see,the groundtruth ranking result of thesethreetrackers gives the sameordering

as the proposedevaluationalgorithm.

It is noteworthy that the above comparisonis valid only becausethat the detectionratesfor

the trackingalgorithmsaresimilar at the falsealarmrateof 0:6. At a differentoperatingpoint

wherethe detectionratesarenot similar (for the samefalsealarm)sucha comparisonbecomes

invalid as the tracking with a higher detectionrate tendsto report larger numberof detected

failures.

D. Summary

To summarizethe results,the following propertiesof the proposedevaluation schemeare

highlighted.The proposedevaluation algorithm is shown to detectcommonfailure modesin

visual tracking and also comparesfavorably with groundtruth basedevaluation.The value of

� t is shown to be critical in the ef®ciency of the fastapproximations.A valueof � t = 40; 60

seemsreasonablylarge enoughto register failures.It shouldbe notedthat fast approximations

aremeaninglessafterdetectionof failure,asthereferencepoint againstwhich they arecompared

doesnot correspondto goodtracking.The choiceof thresholdto declarepoor performancecan

be decidedfor a speci®ctrackingsystemby inspectionfrom the ROC curve. The choiceis also

in�uenced by the value of � t. It can be seenthat for all the experimentsin this paper, the

inferencefrom the proposedevaluationagreeswell with subjective evaluationof track failures.

The supplementalmaterialincludesvideosshowcasingthe working of the evaluationalgorithm.
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Fig. 17. The rankingresultof the threetrackers: the particle®lter basedtracker with OAM andFAM, the Mean-shifttracker.

Theabove is thecorrespondingROC curve of eachtracker on thedatasetdescribedin Figure14. Thebottomplot is thenumber

of detectedfailures (the numberis in percentage)using the proposedevaluationalgorithm for eachtracker at different false

alarmrates.

VI. CONCLUSION

In this paper, we presenta methodto provide automaticandonline evaluationof the tracking

performancein visual systemswithout the knowledgeof groundtruth. The proposedevaluation

algorithm works by verifying the prior at time t = 0 against the posteriorof a time-reversed

chain. The time-reversedchain is initialized using the posteriorof the tracking algorithm. We

characterizethe performanceof the algorithm using ROCs undervariousoperatingconditions.

While the focusin the paperhasbeenon systemsusingparticle®ltering, the evaluationmethod

is fairly independentof the trackingalgorithmsused.In this regard,we show that the algorithm

works well for other trackingapproachessuchas the KLT and the meanshift tracker. We also

show that the evaluation methodologycan also be usedto rank different tracking algorithms

accordingto their performance.We envision the useof the evaluationmethodologiesproposed

in this paperfor online veri®cationand ranking of tracking performance.Futuredirectionsof
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researchinclude tracking algorithmsthat optimize the evaluationmetric so as to minimize the

chancesof track failure.
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