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Abstract

Evaluation of tracking algorithmsin the absenceof groundtruth is a challengingproblem. There
exist a variety of approachedor this problem, ranging from formal model validation techniquesto
heuristicsthat look for mismatchesetweentrack propertiesand the obsenred data. However, few of
thesemethodsscale up to the task of visual tracking where the models are usually non-linearand
compl, and typically lie in a high dimensionalspace.Further scenariosthat causetrack failures
and/or poor tracking performanceare also quite diversefor the visual tracking problem.In this paper
we proposean online performanceevaluation stratgy for tracking systemsbasedon particle Ilters
usingatime-rerersedMarkov chain.The keuintuition of our proposednethodologyrelieson the time-
reversible natureof physical motion exhibited by most objects,which in turn shouldbe possessetly
a good traclker. In the presenceof tracking failures due to occlusion,low SNR or modeling errors,
this reversible natureof the traclker 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 startingtime t = O by Itering backin time to the initial time instant. The distancebetweenthe
posteriordensityof thetime-reversedchain(att = 0) andthe prior densityusedto initialize the tracking
algorithm forms the decisionstatisticfor evaluation.It is obsered that whenthe datais generatedy
the underlying models,the decisionstatistic takes a low value. We provide a thoroughexperimental
analysisof the evaluationmethodology Speci cally, we demonstratehe effectivenessof our approach
for tackling common challengessuch as occlusion, pose and illumination changesand provide the
Recever OperatingCharacteristidROC) cunes. Finally, we also shav the applicability of the core
ideasof the paperto othertrackingalgorithmssuchasthe Kanade-Lucas-dmasi(KLT) featuretracker

and the mean-shifttracker.

Index Terms

PerformanceEvaluation, Tracking, Particle Filters, Model Validation

. INTRODUCTION

Visual tracking forms one of the mostimportantcomponentsn a wide rangeof application
domains.Rolust tracking of featuresform the primary input to classicalvision problemssuch
as structurefrom motion and registration.In addition, tracking ®nds usein diverseapplication
areassuchassunwillance,markerlessmotion captureand medicalimaging. The needfor robust

tracking algorithmsthat work over a broad spectrumof applicationdomainscannotbe under
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stated.However, practical realities and the diverse nature of datadictatesthat even the most
sophisticatedalgorithmwill have failure modeswherethe tracking performances poor andthe

algorithmlosestrack. In this paper we addressthe problemof automaticevaluation of tracking

algorithms with the goal of detectingtrack failures and evaluation of tracking performance
without the needfor ground truth.

Therearemultiple reasonsvhy a self-evaluationframework is neededlts moststraightforvard
useis in online characterizatiof trackingperformanceo enablea systento sanitizethetracker
outputin the event of failure. Further in the context of distributed sensometwork, evaluation
of the performanceof the tracking algorithm (associatedvith eachmodality) can be usedto
characterizéts reliability for the tasksof multi-modalfusion. Self-evaluationcanalsobe usedto
rank differenttrackingalgorithmsbasedon their performanceln this sense self-evaluationcan
be usedto choosea tracking algorithmwith betterperformanceat run time. It also potentially
allows for tracking algorithmsto tune their parametergo the speci®csof an individual video
(asopposedo a training set, which may or may not capturethe nuancef a single instance).
While groundtruth allows the same,it is not self-containedo the trackingalgorithmandis not
extensibleeasily

Thereexist mary evaluationschemeg1] [2] [3] thatuseground-truthinformationto evaluate
trackingalgorithms,andmoreimportantlyrank-orderthemin termsof performanceThe PETS
andCLEAR? workshopsalongwith the ETISEO[4] effort focusedmainly towardscharacterizing
algorithmsin termsof performanceén the presencef groundtruth. The CAVAIR ® andthe VACE?*
efforts weregearedowardsevaluationof objectdetectiorandtracking[5], [6]. In additionto this,
therehasbeensomeresearcton distancemetricsin matchingthe groundtruth informationto the
tracker outputs,andin tuningthe parametersf thetrackingalgorithm[7]. However, collectionof
groundtruth is time consumingandhasits own variabilities[8]. Further performanceavaluation
usinggroundtruth is not possiblefor realtime ®eld testingor on sequencewhich areunlabeled.
This motivatesthe needfor online performancecharacterizationn the absenceof groundtruth.

Evaluationof tracking performanceand detectionof track failure is similar to the problemof

http://petsmetrics.net
2http:/fisl.ira.uka.de/clear07
Shttp://homepages.inf.ed.ac.uk/rbf/TAR/

http://wwwic-arda.og/InfoExploithace/
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modelvalidation, especiallywhenthe underlyingformulationis in termsof dynamicalsystems.
Tracking performances boundto deterioratewhenthe dataviolatesthe modelingassumptions
signi®cantly Thereexist mary ways to detectthe incompatibility betweenthe modelsand the
obsened data. For stochasticnonlinearsystems measurementbasedon the innovation error
forms a commonchoice as an evaluation metric. The statisticsof the innovation error can be
cross-cheatd with thoseof the model(suchaswhite Gaussiamoise),anda hypothesigestcan
be performedto determinemodel validity. Similar metricssuchas the trackingerror (TE) and
obsenation likelihood (OL), andtheir correspondingumulatve summationsn time (CUSUM)
have beenusedfor changedetectionand model validation [9]. TE and OL detectonly sharp
changeswvhich resultsin lossof track,anddo not registerslow changesA statisticfor detection
of slow changegalledthe negative expectedog likelihoodof state(ELL) andits generalization,
gELL are proposedn [9]. ELL is de®nedas a measureof inaccurag betweenthe posteriorat
time t andthe t-stepaheadpredictionof the prior statedistribution. Interestingly as we point
out later, the evaluationmethodologyproposedn this papermirrors the ELL methodin spirit.

In [10] [11] [12], underthe hypothesisthat the model is correct,a randomprocessin the
scalar obsenation spaceis shavn to be a realization of independentidentically distributed
variablesuniformly distributed on intenal [O; 1]. This resultholdsfor any time seriesand may
be usedin statisticalteststo determinethe adequayg of the model. An extensionto vectorvalued
measurements presentedn [13], wherea 2-testfor multi-dimensionaluniform distribution is
usedto determinef the systembehaesconsistentlyHowever, whenit comesto visualtracking,
asthe obsenration could be in a very high-dimensionalmagespace the computationof the test
statisticsis infeasible.In [14], an entroy basedcriterion is usedto evaluate the statistical
characteristicof the tracked densityfunction. The de®nition of good performancedor tracking
a single objectis that the posteriordistribution is unimodaland of low variance.In contrast,a
multi-modaland a high variancedistribution implies poor or lost tracking.In practice,tracking
in the presenceof multiple tamgetsandclutter doesleadto the presenceof multi-modality in the
target's posteriordensity This, however, doesnot necessarilymply poor tracking.

While modelvalidationand changedetectionliteratureoffers formal andrigorousapproaches
to formulate the problem, in mary cases,the underlying modelsfor tracking are unableto
handlewide variationsthat occurin visual tracking. Further given the compleity of the visual

information,it is virtually impossibleto accuratelynodelall theinformationin all its variabilities.
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Towards this end, there has beena body of researchthat exploits the inherentcharacteristics
of tracking outputto automaticallycharacterizehe performanceln [15], Erdemet al. address
an on-line performanceevaluation methodfor contour tracking. Metrics basedon color and
motion differencesalongthe boundaryof the estimatedbjectareusedto localizeregionswhere
segmentationresultsare of similar quality, and combinedto provide a quantitatve evaluationof
boundarysegmentationand tracking. As an extension,[16] usesa feedbackloop to adjustthe
weightsassignedo the featuresusedfor trackingandsegmentationThis methodof evaluationis
speci®cto contourbasedtracking systemsWu and Zhengpresenta methodfor self-evaluation
in [17]. This empirical method evaluatesthe trajectory compleity, motion smoothnessscale
constang, shapeand appearanceimilarity, combining eachevaluationresultto form a total
scoreof the tracking quality. However, this heuristic method can only be appliedto a static
camerasystem.

In this paper we proposean online evaluation methodologythat can be applied to mary
trackingalgorithmsto detecttrackingfailuresandto evaluatetrackingperformanceTheintuition
behindour algorithmlies in the reversibility of the physical motion exhibited by an object. In
mary casesthis directly correspondso time-reversibility of the modelsusedin the formulation
of the tracking problem.Whenthis tracking problemis de®nedin termsof dynamicalsystems
exhibiting Markovian propertieswe constructa time-reversedMarkov chainfor the solepurpose
of evaluation.The posteriorprobability densityof the time-reversedchainis propagtedall the
way back to the initial time instantwhen the tracking algorithm is initialized. The prior used
to initialize the tracker is nov comparedo the posteriorof the time-reversedchainto form the
evaluation statistic. For a well behaed system,the two probability distributions are expected
to shav proximity in some statistical sense,with signi®cant discrepanciedetweenthem in
the presenceof tracking error The proposedapproach®nds applicability in a host of tracking
algorithmsthat usea dynamicalsystemformulation. In this regard, the use of particle ®ltering
for estimatinginferencess very commongiven the non-linearityof mostmodelsandthe non-
Gaussiamoisedistribution. The proposedevaluationmethodinvolves®ltering backto theinitial
time instant,and getsslower with increasingtime. Hence,we alsoproposean approximationby
trackingbackandcomparingthe performanceagainsta pointin time whereby prior veri®cation
we are con®dentthat the performances good. We analyzethe performanceof the evaluation

methodologyby extensve experimentatiorover a wide variety of videos.lIt is shavn thatwhen
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groundtruth is available,the track failuresdetectedoy our approachcorrelatesigni®cantlywith
thosevalidatedby the groundtruth. We alsoshawv the applicability of the coreideasfor tracking
algorithmswhich are not modeledas dynamicalsystems Examplesof suchalgorithmsinclude
the KLT featuretracker [18] [19] [20] andthe mean-shifttrackingalgorithm[21] [22]. Finally,
we shav that the proposedevaluation algorithm can be used for ranking different tracking
algorithmsbasedon their performanceThis paperis an expandedversionof [23].

The paperis organizedasfollows. We give a brief overview of particle®ltering andintroduce
the terminology usedin the paperin Sectionll. The proposedevaluation methodologyand
its propertiesare discussedin Sectionlll. In SectionlV, we place the proposedalgorithm
in the context of previous work on model validation and illustrate connectiongo otherrelated
topics.Finally, we discusshe experimentalresultsthat validatethe performanceof the proposed

algorithmin sectionV.

Il. VISUAL TRACKING USING PARTICLE FILTERS

In this section,we summarizethe necessarpackgroundof Bayesian®ltering methodsused
in dynamicalsystemsjn particular the particle ®ltering methodwhich is usedwidely in visual
tracking systemg24].

In particle®ltering [25], we addresshe problemof Bayesiannferencefor dynamicalsystems.
Let x; 2 RY denotethe stateattimet, andy; 2 RP, thenoisyobsenrationattime t. We modelthe
statesequencd x;g as a Markovian randomprocessFurtherwe assumehat the obsenrations
fyig to be conditionally independengiven the state sequencelUnder theseassumptionsthe
modelsde®ningthe systemare given asfollows: 1) p(xjX; 1): The statetransitionprobability
density function, describingthe evolution of the systemfrom timet 1 to t; 2) p(y:jX;): the
obsenation likelihood density describingthe conditionallikelihood of obsenration given state;

and 3) p(xe): the prior stateprobabilityatt = 0.

we would lik e to estimatethe posteriordensityfunction = p(x¢jY:). UnderMarkovian assump-
tion on the statespacedynamicsand conditionalindependenc@assumptioron the obsenration
model, the posteriorprobability is estimatedrecursvely usingthe BayesTheoem

- P(YXe)P(XejY1 1) - R P(YXe)P(XejY1 1) 1)
P(YijY1t 1) P(YeiXe)P(XeJy1r 1)dX¢ 1

t
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Computationof p(x¢jy1+ 1) is calledthe prediction step,

Z
P(XJy1r 1) = P(XejXe 1)P(Xt 1JY1t 1)0Xt 1 (2)

Equation2 setsup the recursve stepfor estimationof the posteriorat time t, ; from thatat

timet 1, { 1. R _
_ P(YijXe)  P(XejXe 1) ¢ 10X 1
P(YijY1t 1)

Note that, there are no unknavns in (3) sinceall terms are either speci®edor computable

t

)

from the posteriorat the previous time step.The problemis thatthis computatiorneednot have
an analyticalrepresentationT he particle ®lter approximateshe posterior ; with a discreteset
of particlesor samplesf x'g¥, with associateaveightsfw ’g\, thatare suitablynormalized.
The setS; = fin);Wt(i)g}\‘:l is the weighted particle set that representghe posterior density
at time t, andis estimatedrecursvely from S; ;. The initial particle setSy is obtainedfrom

samplingthe prior density o = p(Xo).

A. Misual Tracking

In this subsectionwe brie y discusssomeof the commonstatespaceapproacheso visual
tracking focusingin particularon the kind of motion and appearancenodelscommonly used.
For rigid objects,mosttracking algorithmsformulate tracking over a statespacethat typically
comprisesof locationson the image plane,the scaleand orientationof the target all of which
can be re-parametrizeds ai®ne deformationsof somebasic shape.For non-rigid objects,the
af®ne deformationstatecould be extendedto include contourdeformationparametergusually
encodedwith splinesor level sets).Finally, the statespacemay include componentghat relate
to the appearancef thetarget, so asto characterizendtrack the changesn target's appearance
with changingposeand illumination.

The statetransitionmodelfor the dynamicalsystemis usually the motion model describing
the kinematicsof the target. Dependingon the requirement®f the application,thesecould vary
from a simple Brownian motion modelor a constantvelocity model,to actwity speci®cmaotion
models[26] whentracking complicatedbehaiors that have beenlearneda priori.

Finally, probablythe mostimportantcomponents the obserationmodel,typically a character

ization of thetarget's appearancencodeckitherasa gray-scaleor color templateor a histogram
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of suchfeatures.The key propertyof the obsenation modelis thatit providesdiscriminability
of target-speci®cfeaturesover backgroundand other sceneconstructs Further the modelsare
expectedto be fairly robust to outliers. Finally, thereis the needfor robustnesso changesn

target poseand sceneillumination. This can be achiered by explicitly modelingsuchposeand
illumination parametersn the statespaceof the system,or by having obsenation modelsthat
are invariant (partially or otherwise)to suchchanges.

In this contet, it is importantto discussthe role of online appearancenodelsfor visual
tracking. In mary practicalsystems(especiallyin surweillance),mosttargetsare opportunistic,
with the tracking algorithm having no signi®cantprior characterizatiorof their appearanceln
such a scenario,the only identi®cation of target appearances in the initial frame provided
to the tamget, typically in the form of the prior density of the target. As the target movesin
the scene,online appearancenodels (OAMSs) try to adaptto the changingappearancef the
target. However, the OAM needgo be updatedn orderto incorporatenew featuresexhibited by
the target without introducingundesirablebackgroundartifactsthat could potentially causethe
tracking algorithmto diverge. This resultsin two contradictingrequirementgor the adaptation
rules usedto updatethe OAM. The needfor updatingthe appearancenodelsto accountfor
the changingappearancef the targetis balancedoy the possibility that undesirabldackground
artifacts might be introduced.Invariably, a stratgy is chosenthat balanceshesetwo effects.
This leadsto scenariosn visualtracking,wherethe appearancenodelsmay no longerrepresent
the sameobjectthat was usedin initialization. Hence,this leadsto a casewhele the tradking
performancas poor not becausef incompatibilitybetweerthe modelsandthe data (the premise
of modelvalidation) or becauseof lack of smoothnessnd continuity of tradks (the premiseof
heuristicworks), but becausehe modelcharacterizingthe dynamicalsystemare fundamentally
awed dueto undesiable updates

In the next sectionwe outline our approactHfor performancesvaluation,including detectionof
error suchasthe onedescribedaborve. The key point thatwe like to retainfrom the discussions

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

[Il. TIME REVERSIBILITY FOR EVALUATION

It is insightful to understandhe challengesn visual tracking,andwheresomeof the existing

trackingalgorithmsandevaluationschemedail. We begin with a discussiorof failure modalities
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of tracking algorithmsand the challengedor a self-evaluationscheme.

A. Failure modesof Tracking Algorithms

Visualtrackingneedgto be robustagainsta wide variety of operatingconditions,dealingwith
poor video resolution,occlusion,changesn poseand illumination, cameramotion and clutter.
Under such diverse operating conditions, descriptionsof objects, such as appearancegolor,
shapeand texture almostalways changeunpredictably At the sametime, motion consisteng
is a featurethat most algorithmsuseto reducethe searchspace,andit is one featurethat is
frequentlyviolated whenthe cameraitself is moving.

The rangeof failuresis even more enhancedvhen the tracking algorithm usesan adaptve
and online obsenration (appearanceshape)model. Adaptive appearancenodels are crucial
for achieving robustnessto changingposeand illumination. However, thereis almostalways
the problemof incorporatingundesirableeaturesinto the model, examplesof which could be
featuresthat correspondo the backgroundHowever, inspite of the large variationsin operating
conditions theidentity encodedy the appearancandshapeanformationat theinitializing frame
provides a referencefor validation. This forms the basisfor the intuition behindthe algorithm

proposedn this paper

B. Intuition

Our goalis to provide a general,online evaluationmethodfor visual tracking systemsbased
on dynamicalsystemsWe will referthe Markov chainassociatedvith the tracker algorithmas
the “forward” chain. The prior usedto initialize the forward chainis the referencedistribution
which we useto evaluatethe performanceof the tracking algorithm.In orderto evaluatethe
tracking performanceat a time instant(sayt = to) we ®rst needto accountfor the differencein
time instantbetweenrthe prior (t = 0) andthe outputof thetracker. To achieve this, we construct
a time-reversedMarkov chainwith 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 algorithmsemplo/ing OAMSs,
the identity of the tamget is de®nedin the initializing frame and the prior usedto initialize the
system.This prior information encodesall the knowledge given to the tracking algorithm, and

arguably is most critical in determiningthe performanceof the algorithm. In this sense the
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tracking performancecan be determinedby verifying the outputof the tracker at any particular
time instant(sayt = to) againstthe prior with suitabletime normalization.

From the point of view of information capturedin the tracking algorithms,the underlying
intuition is thatif, attime t, the tracker containsenoughinformation aboutthe tamget, thenthe
ability to track well until time t along the forward Markov chainimplies thatit is very likely
to be ableto track backto the end along a time-reversedMarkov chainequally well.

To get an intuitive understandingf the proposedalgorithm, considera video sequencean
which the ®rst frame and the last frame are identical (in cameraplacementas well as the
location of every sceneand object point). Good tracking performancewvould requirea tracking
algorithmto localize the target in the last frame at the samelocation as the prior givenin the
®rst frame. Suchan ideais exploited for detectingdrift in featurepoint trackingin [27]. Our

algorithmcan be viewed as an extensionof thatideafor performancecharacterization.

C. Formalizingthe Concept

The forward Markov chaindescribingthe trackingalgorithmis de®nedusingthe prior density
p(xo), the state model p(x;jx; 1) and the obseration models p(y;jx;). At time T, given an
obsenation sequenceYt = fyi;:::;y70, the posterioris 1 = p(XtjYt). To evaluatethe
performanceof the system,we proposea backward time tracker that uses 1 asits prior and
the obsenation sequencer’t in the time reversedorder Using the notationq( ) for probability
densityfunctionsassociatedvith the time-reversedsystem,the reversetracker is formulatedas
follows. For evaluationat time T, the systemis initialized at time T + 1 and ®ltered through

the obsenations Y.

Prior at time T + 1;

a(Xt+1) = P(Xt+1)Y7T)
R _ _ (4)
= P(XT+1 JXT)P(XT]YT)dXT
State Transition Model: Fort 2 (0;T),
. Xi+1 | Xt )P(X
Q(XtjXt+1) = PO 1) P(x) (5)

P(Xt+1)
This canbe directly computedrom the modelsfor mostsystemausedto de®nethetracking

problem.
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Obsewvation Model: We retainthe sameobsenation modelusedin the forward model.

8t; a(yijxt) = p(yijXt) (6)

With this characterizatiorof the system,we can now ®lter the obsenation sequencey? =

We cannow estimatethe posteriordensityattimet = 0, § by recursion.From intuition, we
expectthis densityto be closein somestatisticalsenseo the prior densityp(X,). To this extent,
we postulatethe following property

Proposition: Supposethe reversetracker is initialized with the prior g(Xt+1) = p(Xt+1),
thenthe posteriordensityof the time-reversedsystemat time t = 0 andthe prior densityp(Xo)
are closeto eachotheron distancemetricscomparingthe meansof the correspondingandom
variables,provided the underlyingmodel completely®ts the data.

Supposeve initialize the reversedtime Markov chainusingthe densityp(xt.1) asopposedo
p(xt+1jYT). 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
obsenationstill time T, i.e, &= p(Xojyw::T)-

Now, ¢ andthe p(x,) areclosein the sensethat
Z Z Z

XoP(Xo)dXo = Xo gdY;dxo (7)

Yt Xo

Supposene comparekE (x) andEy, (Xo), thenon an average(over the ensemblesetof possible
obsenations)the two meanswill be the same.

It shouldbe notedthatthe above resultis true only whenthereversedime systemis initialized
with the prior p(xt+1). However, for mosttracking models,it is the obsenation modelwith its
characterizatiorof object appearanceand/orshapethat allows for discriminationof the object
from the background.In this sense,the obseration model allows for accuratelocalization
(or equivalently, low varianceestimation)of the tamget with the state model used mainly to
regularize and smoothenthe result. Further under the assumptionthat the data Yt ®ts the
underlyingmodels,the densityp(xt+1jY ) is expectedto localizethe target better in the sense
of the sharpnes®sf the densityaroundits expectedvalue. Hence,the systemde®nedwith prior

p(Xt+1jYT) is overtrained and provides a modelthat ®ts the databetter
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D. EvaluationStatistic

Thereexist distancametricsandmeasure$or comparingdensityfunctionssuchasthe Kullback-
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 randomnumbergeneratorsthe exact
locationsat which the densitiesare sampledwill be different. Computingthe KL divergence
or the Bhattacharyalistancefor suchnon-overlappingsamplesetswould requireinterpolation
(usingParzenwindows [29] ) or the useof approximationsuchasthe Unscented’ransformation
[30]. We circument this problemwith the useof the Mahalanobisdistancethat dependsonly
on the momentsof the distributions.

Denotingp asthe prior distribution p(xg) and asthe posteriorof the time reversedchain
d(xojYT), the distanced(p; ) betweenthe two distributions canbe computedas:

dp; ) = (o )7 pMp ¥
(p )T o )

where , and , arethe meanandthe covariancematrix of thedistributionpand and are

(8)

thoseof the distribution , all of which canbe easily computedor estimatedrom the particles
or in somecasesanalytically

An outline of the proposedevaluationframework is in Tablel.

Theproposedrameavork extendsgracefullyevento otherdynamicsystemswvheretheinference
is not driven by particle ®lters. For example,if the systemis linear Gaussianthenthe posterior
can be computedusing a Kalman ®lter. The time-reversedsystemis also linear Gaussianand
its posteriorcanalsobe computedusinga Kalman®lter. In this case the time-reversedposterior
andthe prior canbe comparedusing (8). Given the Gaussiamatureof both distributions,asan
alternatve similarity score,one could analytically computetheir KL divergencestoo. It might
be possibleto provide theoreticalguaranteedor the algorithmin this simple case.Finally, in
Sectionlll-F, we shawv the applicability of the coreideafor othertracking framavorks suchas
the KLT andthe Mean-Shiftalgorithms.
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TABLE |

OUTLINE OF THE PROPOSED EVALUATION ALGORITHM.

To evaluatethe performanceof the tracker at time T, the density 1 is representedby the samplest x{i)giN:l ,

1) Propagtethe particlesusing p(xr+1 jX1) to getsamplesrom p(Xt+1 jY 1),

x‘(Ti)+1 p(xT+1jx(Ti));i =1;::5;N 9)

2) Using the prior representedby the particle setf>e(T”+l g\, , iteratethe steps3, 4 and5fort 2 fT;T  1;:::;1g,

3) Proposition:At time t, proposea new patrticle setfxf”gi’“zl using the statetransitionmodel,

x{i) q(xtjxﬂ)l );i=1;:::;N (10)

4) Weight Computation:Computethe weightwfi) associatedvith the particlex(i),

w = g(yjx{") (12)

5) Normalizethe weightsand resamplethemto obtain an unweightedparticle set.

6) Usingtheparticlesetxg) q(xojYT), computemean” andcovariancematrix ©  using samplestatistics.

7) The evaluationstatisticis computedusing (8).

E. Fast Approximation

The proposedevaluationframenvork posesa requirementto process(or track) acrossall the
framesseenby the tracking algorithm. For suchan algorithm, the computationakequirements
increaselinearly with the numberof frames(seeFigure 1). This makesit increasinglyharder
for the evaluationalgorithmto satisfy real time constraints.

However, a setof suf®cient (though not necessaryronditionscan be designedto alleviate
this problem.We amguethatif 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 obsenation. Supposeat time t, the performanceof the systemis evaluated
to be good, then for an evaluation at a future time instantt® > tg, the time to can be used
as a referencepoint in the placeof thet = 0 (seeFigure 2). Extendingthis concept,we can

recursvely shift the referencepoint to keepa constantupperboundon the computationaktime
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Fig. 1. Schematioof the referencepoint usedin the proposedalgorithm. Evaluationof the performanceof the tracker requires

validationwith the prior densityusing a time reversedchainfor suitabletime normalization.

Yoa

Fig. 2. Schematicof the referencepoint usedin the fasterapproximationto the proposedalgorithm. As opposedto the
implementationdescribedin Figure 1, the approximationshifts the referencepoint from t = 0 to createmultiple reference
points separatedy time intenval of t = . This keepsthe overall computationalrequirementsfor the evaluation scheme
bounded.

for the evaluation.Let t bethetime interval betweensuccessie referencepoints,i.e, thetime
instantsto = 0, t;2 t;3 ;:::; are usedas the referencepoints. For a time instantt®, the
referencepoint chosenis  tht%= tc. However, the suitability of the approximationdependson
thelength t. Thetrade-of hereis betweenthe computationtime, which is proportionalto t
andthe ability to detectslov changeghat are of the order t. A clever choiceof t cangoa
long way in reducingthe computationakrequirementf the proposedalgorithm.

Finally, evenwith the approximationschemedescribedabove, it might be dif®cult to achieve
real-timeprocessingor the evaluationat every time instant. However, online evaluationin real
time is possibleif we do not perform evaluation at every frame. For most practical systems,
evaluationneeddo be performedat regulartime intervals. Choosinga fastapproximatiorscheme

with t as the time difference betweenreferencepoints as well as the time instantswhen
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evaluationis performedcango alongway in reducingthe computingrequirementgor evaluation.

F. Extensionseyond particle ltering

1) Evaluationsof theKanade-Lucas-dmasitradker: Thebasicideaof theproposedevaluation
methodologycanbe usedfor trackingalgorithmsthatdo not useparticle®ltering. Here,we shov
how to apply the evaluationmethodfor featurepoint trackingusingthe algorithm[18] [19] [20].
KLT is amongthe mostwidely usedfeaturepoint trackers for mary systemsand applications
andwe useit for shavcasingour evaluationalgorithm.

The original KLT algorithm works underthe assumptiornof brightnessconstang and small
motion (typically, translation)thatis, | (t; p) = 1 (t+ 1;p + p ) wherel (t; p) is the intensity
at pixel coordinatep = (x;y) in the frameat time t. Underthis assumptiora linear systemin
p is solvedto obtainthe translation.In practice,the assumption®f brightnessconstang and
smallmotionusedin the derivation of the solutionarealmostalwaysviolatedeventually leading
to drift in the tracking of the featurepoint. In vision problems,especiallythose pertainingto
geometry(suchasstructurefrom motion andestimationof epipolargeometryhomograpk), the
presencef drift contritutesto measuremengrrorswhich could subsequentlype exaggeratedy
the following estimationalgorithms.

The proposedvaluationmethodologyprovidesan elegantway to evaluatethe trackingperfor
mance As in the caseof the particle®lter, we formulatea KLT traclker for trackingbackfrom the
currentframeto the initial frame.On the one hand,if the assumption®f brightnessconstang
and small motion are indeedsatis®edand that the tracking remainsstableand free of drift, the
KLT tracker is expectedto work well both forward and in reverse.Brightnessconsisteng as
a constraintis inherentlytime reversibleand with suf®cient smoothnes®n the function (I ; x)
andits derivatives, it canbe shavn that the forward andtime reversedsystemsbehae 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 theinitialization point dueto the unmodelecerrorsthat
affect the tracking. Therefore the stratey usedearlier for evaluationof particle ®ltering-based
trackers along with the fast approximationtechniquesis also applicableto the KLT tracler.
Finally, the interestedreaderis referredto a featurepoint algorithmdescribedn [31] that uses

this conceptof time reversalfor achieasing robust tracking.
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Finally, KLT asa tracking algorithmis a point tracker and doesnot estimateuncertaintyin
ary 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 pointsreplaceshe 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:tamget representatiorand localization. Histogram basedappearanceepresentations
adoptedor the target. Targetlocalizationis achieved througha mean-shiftoptimizationprocess.
In mean-shifttrackingalgorithm,the targetmodelis usuallyconsideredscenterecht the spatial
location 0 andrepresentedby its pdf g, which canbe approximatedoy its m-bin histogramsas
below: s

tagetmodel: = ¢,;u= 1:m ¢-=1 (12)
u=1

In practice,a tamgetis usually representedby an ellipsoidal or 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 subsequentrame, a target

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

X0
target candidate:  2(y) = Pu(2) =1 .-m py=1 (13)

u=1
Similarly, we cancomputethe probability of the featureu = 1:::m in the target candidateln

[21] [22], Bhattacharyacoef®cient is adoptedto evaluatethe similarity likelihood betweenthe
target modeland candidate:

X p_
Nz)  [p(2);0]= Bu(2)G, (14)

u=1
And the distancebetweentarget model and candidatesan be de®nedas:

P
dz)="1 [p(2):4] (15)

To ®nd the location of the tamget in the currentframeis to minimize the distancemeasure
with respectto z. The Mean-shifttracker solves this minimization problem by the mean-shift
procedureafter linearizing the Bhattacharyaoef®cient using a Taylor seriesexpansionaround

the location 2, of the targetin the previous frame. Hence,this algorithm works well whenthe
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target candidatep, (z) doesnot changedrasticallyfrom the initial Py (2o) which is

u=l::m u=1l:m?
often valid betweenconsecutie frames.

The mean-shifttracker is populardueto its computationakf®ciengy and easeof implemen-
tation. However, there are two major limitations that usually causethe traditional mean-shift
traclker to fail [32]. The ®rst limitation is that the basic mean-shiftprocedureassumeghat the
scaleof the object remainsunchangedduring tracking, which may not be true in mary real
cases.To handlescalechange,it will bring uncertaintyto the corvergenceof the tracker. The
secondimitation is thatthe traditionalmean-shifttracker usesradially symmetrickernelswhich
cannotadequatelyrepresentvariousobjectshapesTherefore like othertrackingalgorithms,the
traditionalmean-shiftracker may alsooften encountedif®culties during tracking,which malkes
it necessaryo evaluateits performancen real time.

Basedon the sameidea we usedfor particle ®lter basedtrackers and the KLT tracker, we
evaluatethe mean-shifttracker using the distancebetweenthe forward and backward traclker.
Here, the statusof the trackingobjectcanbe characterizedby the location ( assuminghe scale
remainsconstant) Hence,simple Euclideandistancebetweenthe forward and backward 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 potential similarities betweenour algorithmsandtools in existing literatures.For
example, ideassimilar to time-reversal have beenappliedto the image registration problem
whereit is desirablefor the forward and the backward mapsto be inversesof eachother[33]
[34].

A. Similarity to the ELL

The proposedvaluationmethodologys similarto the ELL statistic[9] in spirit, bothinvolving
posteriorof the trackingalgorithmandthe prior attime t = 0. ELL propagtesthe prior density
to time t andcomputegheinaccurag betweerthet-steppredictedprior andthe posterior ;. In
contrastthe proposedmnethodologytime reversesthe posterior ; backto the initial time using

a time-reversedsystemand comparest againstthe prior at time t = 0. The main differencein
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our formulationis the t-stepreversepredictionis conditionedon the obsened data, while the

t-steppredictionin ELL is unconditional.

B. Time-reversed Markov chain

Themainideabehindthe evaluationmethodologyinvolvestime-reversedmodels.The concept,
at a ®rst glance,seemssimilar to time-reversible Markov chains[35]. Time-resersalis a concept
that is commonto both the evaluation methodologyas well as time-reversible chains. Time-
reversalproducesa Markov chainwhosestatetransitiondensityis givenin (5). However, time-
reversibility of a Markov chainis a strongerstatemenbn the natureof the statetransitiondensity
Speci®cally the Markov chainis saidto be time reversiblewhenthe so called detailedbalance

propertyis satis®edthatis, thereexists a probability densityp suchthat

P(Xt = X1jXt 1= X2)Ps(X2) = p(X¢ 1= X2JXt = X1)Ps(X1) (16)

The proposedevaluation methodologydoesrequire a well conditionedmodel for the time
reversedMarkov chain.However, it doesnot needthe propertyof detailedbalanceto be satis®ed
for the particularmodel. In this sensethe conceptof time-reversible Markov chainsand the

evaluationmethodologyproposedn this paperare completelydifferentideas.

C. Smoothinglter

In Bayesiansmoothingalgorithms, the quantity of interestis p(x:jy:.t), the posterior of
the state conditionedon all obserationsy;.t, including thosein the future. Computationof
thesesmoothingposteriorsinvolves running a forward PF and a backward PF and fusing their
respectre posteriorssystematicall\j{36]. However, in the smoothingalgorithm,thereareno nev
constraintghat are used,in the sensethat the dynamicalsystemmodel(prior + statetransition
+ obsenation models)is still the same.However, the proposedevaluationmethoddependson
this conceptof time-reversibility of the physical models,which is a propertythatis extraneous
to the basicde®nition of the dynamicalsystemsln this regard, the conceptof smoothing®lters
andthe evaluationmethodologyaretwo disparateconceptsit is possibleto apply the evaluation

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

While the proposedvaluationalgorithmworkswell acrossa wide rangeof trackingalgorithms
(seeSectionV), therearesomecasesvhenit fails. Suchfailuresvary with the selectedracking
modelandthe speci®csf data.ln particular we discusgwo casesvherethe evaluationalgorithm
can potentiallyfail.

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,ndicating a goodtracking performanceThis is clearly a failure modeof the evaluation

methodologyalthoughfor anunreasonabl&ackingalgorithm.However, it highlightsa potential

[ —] [ — —
— [— -
{— [— [ —]
60
Dt=5

0 50 100 150 200
Time (in frame numbers)

Fig. 3. Performancevaluationover occlusion.Tamgetis completelyoccludedby framenumber100. (Top left to bottomright)
Trackingresultsat framenumbersl, 20, 40, 60, 80, 100, 120,135 and 150 (Bottom row) Evaluationresultsusingthe proposed
algorithm( t = t) andits fastapproximationy t = 5;15; 30; 60).
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scenariowherethe evaluationmethodologymight fail.

A secondnstanceof failureinvolve trackersthatarecompletelyguidedby their motionmodel.
This could possibly happendue to obsenations being rejectedas outliers by the obseration
model,or in casesvherea dataassociatiorstepassociates missingdatastatewith the tracker.
In sucha case the time reversibility of the motion model (mostcommonlyusedmotion models
are time reversiblein the sensethat the samemodelwith differentparametersan explain the
time reversedmotion) would naturally guide the tracker backto its initial value.

A more realistic situation involves a combinationof the two abose-mentionedscenarios.
Consideran example, where a tracking algorithm loses an object in the initial few frames
of a video. For the remaining framesof the video, the output of the tracking algorithm is
unpredictableHowever, without suf®cient obsenationsto guidethe estimatethe statetransition
modelbecomeghe pre-dominanimodelin governingthe evolution of the posteriordensity For
tracking algorithmsthat usea Brownian motion model on the statetransition,the meanof the
posteriordoesnot change(and hence remainscloseto the prior p(X,)). The evaluationscorein
this casecan possiblybe of low value.

In short,the proposednethodis very usefulfor mary typesof trackingproblemswith certain
potential failure modesthat can be detectedusing simple heuristics.It is also notevorthy that
the proposedevaluationmight fail for a particularinstanceof data-algorithmpair, it doesnot

have a consistenffailure mode (say suchas occlusionor illumination).

V. EXPERIMENTS

In this sectionwe presenexperimentakresultsof the proposegerformancevaluationmethod
with particle®ltering-basedvisual trackers,the Kanade-Lucas-dmasi(KLT) andthe mean-shift
tracker. We ®rst shav thatthe proposedevaluationalgorithm candetectvariouscommonfailure
modesin visual tracking systemsusing particle ®lters. We usethe algorithm proposedn [37]
as the representatee tracking algorithm for this set of experiments.This algorithm usesa six-
dimensionalstatespacefor capturingaf®ne deformationswith a Brownian motion model for
the statedynamics.The obsenation modelis atemplatebasedOAM, which is a speci®cmixture

of Gaussiamrmodel proposedn [38].
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A. EvaluationundercommonTradking scenarios

Figure 3 shaws resultsfor a video where the target is completely occluded.We used our
evaluationalgorithmonceevery 15 frames.The taget undegoesocclusionaround100thframe.
The proposedstatisticand its fastapproximationgegister peaksor sharprisesin value around
this frame.It is notevorthy thatevaluationusing t = 5 doesnot seemlarge enoughto capture
thetrackingfailure.However, a highervalueof t registersthelossof track.Finally, asexpected,
inferenceusingfastapproximationss not usefulafteratrackfailureis registered.Thisis because

that referencepoint againstwhich the algorithmis being compareds corrupted.
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Fig. 4. Performancevaluationover slowv posechange(Top threerows) Trackingresultsat framenumbersl, 40, 80, 120,160

and200 (Bottomrows) Evaluationresultsusingthe proposedalgorithm( t = t) andits fastapproximationg t = 5; 15; 30; 60).

Figure 4 shaws the resultsof evaluationfor a sequencen which a tamget exhibits a small
changen pose,easilytracked by thetracker. As expected the proposedevaluationmethodology
generates test statisticwhich takeslow valuesindicatinga goodtracking performanceFigure
5 shaws evaluationresultson an aerial sequencen which the tracker losestrack of the target

dueto the jerky motion of the camera.The teststatisticsregisterssharppeaksaroundthe point
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wherethe loss of track happens.
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Fig. 5. Performanceavaluationin an aerial sequenceThe tracker losestrack of the object aroundframe 110 due to jerky
cameramotion. (Top threerows) Tracking resultsat frame numbersl, 20, 40, 60, 80, 100, 120, 140 and 160. The true tamet
locationis markedin red afterthe algorithmlosestrack. (Bottomrow) Evaluationresultsusingthe proposedalgorithm( t = t),

its fastapproximationsandthe KL divergencebetweenprior densityand posteriorof time reversedchain.

The proposedalgorithmwastestedon sequences the PETS-2001datasetandthe evaluation
is comparedwith the groundtruth. The comparisorwith the groundtruth is doneby computing
the distancebetweenthe centerof the target as hypothesizedy the tracker to the groundtruth.
Figures6 and 7 showv the resultson two sequence$rom the datasetln Figure 6, the tracker
tracksthe objectfairly well. Both the proposedstatisticand the comparisoragainstthe ground
truth take a low value. Figure 7 shaws the evaluationresultsfor a scenarioinvolving tracking
failure. While all statisticsregisterthe failure of track, the proposedstatisticregistersthe track
failure beforethe groundtruth. This is becausef the speci®cevaluationcriterion usedwith the

groundtruth, which involves comparingonly the centersof the target, while the boundingbox
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is inaccuratebeforethe loss of track (frame 60).
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Fig. 6. Performancevaluationon a PETSsequencéncluding groundtruth. (Top threerows) Trackingresultsat framenumbers
1, 30, 60, 90, 120 and 160. (bottom three rows) Evaluation resultsusing proposedstatisticsand its fast approximationsand
the groundtruth. Tracking performanceemainsfairly constantas shavn by both the groundtruth and the proposedevaluation

stratayy.

B. ReceiverOperating Characteristic

To further give a statisticalevaluationof the proposecevaluationmethod,we organizeda data
setcontaining40 sequencesbtainedfrom variousscenarioslik e outdoor/indoorvehicle/human,
optical/infrared,static/mwing camera,ground/airbornegtc. Thesevideo sequencesvere each
obtainedfrom standardrideo datasetsuchasthe PETS2001,2002datasetthe aerialsequences
from the VIVID datasetthe TSA datasetand othervideoscollectedat the University of Mary-
land. Eachsequenceomposeof 200 frames.The ®rst framesof eachsequencere shavn in
Figure 8.

Groundtruth for eachvideo was obtainedmanually and comprisesof a tight boundingbox

(parallelogram)aroundthe tamget at frames1; 20, 40;:::; 200 A detectionevent correspondso
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Fig. 7. Performancevaluationfor a PETSsequencéncluding groundtruth. (Top threerows) Trackingresultsat framenumbers
1, 20, 40, 60, 80, 100,120,140 and 160. The true target locationis marked in red after the algorithmlosestrack. (bottomthree

rows) Evaluationresultsusing proposedstatisticsand its fastapproximationsand the groundtruth.

detectingthe failure of the tracking algorithm. The true state of natureis obtainedby using
the spatialoverlap betweenthe groundtruth andthe region assignedas the target by the MAP

estimateof the tracking algorithm. A low overlap betweenthe two con®rmsthat the tracking
performanceas poor, andis denotedas a detectionof failure.

After obtainingthe evaluationstatisticvalues,we vary a thresholdto get different detection
andfalsealarmratesand plot the ROC curve. We plot operatingcurvesundervariousoperating
scenarios.

1) Lengthof the Video: We performedexperimentscharacterizingthe performanceof the
evaluationalgorithm asthe length of the video increasesThis is to quantify the possiblesmall

degradationof performanceasthe lengthof the videoincreaseskFigure9 shovs the ROC curves
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Fig. 8. The collecteddatasetfor obtainingROC curve of the proposedevaluationmethod.
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Fig. 9. We characterizeghe performanceof evaluationasthe length of the video (numberof frames)changesThe encircled

points are the (Bayesianoperatingpoints) for equi-prior and0 1 coststructure.

for videosof lengthl = (20; 60, 10Q 200) frames.Also marked are the Bayes' operatingpoint

for equi-priorand 0 1 coststructure.This allows us to get a quantitatve assessmerf the
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Fig. 10. The ROC curvesof the proposedavaluationmethodwith OAM-basedparticle ®ltering. The evaluationwas performed
atthe ®nal frameof a 200 framelong video. Eachline correspondso a fastapproximationschemewith differentapproximation

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

t = 100.
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Fig. 11. The performancecomparison®f the proposedevaluationmethodbetweenOAM-PF tracker and FAM-PF tracler. The

evaluation performanceremainsfairly sameover two differenttracking algorithmshinting at the robustnessof the evaluation

stratgy over differenttrackingalgorithms.
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Fig. 12. The performancecomparison®f the proposedevaluationmethodby using Mahalanobisdistanceand KL divergence
basedevaluationstatisticsrespectiely. Evaluationperformanceseemdairly similar undereithermetric. This could possiblyhint
at the unimodality of the densitiesaroundthe prior time instantt = 0. The similarity in evaluationjusti®esthe useof the faster

Mahalanobigdistancein the placeof the KL divergencewhich is expensve to computefor point clouds.

Bayesrisk andits degradationasthe length of the video increases.

Lengthof theVideo | 20 | 60 | 100 | 200
BayesRisk 0.12| 0.1 | 0.18 | 0.21

TABLE 1

THE BAYES RISK OF THE EVALUATION ALGORITHM.

This allows us to interpretthe ROC curwes better For example,at | = 60 the detection
probabilityis P, = 0:94 at a falsealarmprobability P = 0:13, which fallsto P, = 0:73 when
| = 200 (samethe samefalsealarmrate Pg).

2) Fast Approximation: We next shav the differencesin performancebetweenthe basic
evaluationmethodandits fastapproximationsat various t. The curvesin Figure10 shov ROC
for evaluationat the last frame of the video (att = 200 usingthe basicalgorithm( t = 200
andfastapproximationsat t = 20,40, 100 Note thatin the fastapproximationmethod,if an
intermediatepoint is declaredas a track failure, thenall subsequenpoints are also declaredas
trackfailures.This contributesto the poorperformancet t = 20. It is seenfrom the®gurethat

with appropriatentervals, like 100 frames,the performanceof the fastapproximationstratgy
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is comparablego the basicframewvork, while keepingthe computationtime constant.

3) Tracking Algorithm: We ran the evaluationmethodfor particle ®lter-basedtracking algo-
rithms basedon the OAM anda ®xed appearancenodel (FAM). We shav boththe ROC curves
in Figure 11. The testdatasetis the samefor both trackers, while the evaluationperformance
is differentby a small mamgin. Further a comparisorwith the ROC curvesin the evaluationsof
the KLT and mean-shifttrackers (shavn in Figures16 and 14) suggestghat the performance
of the evaluationmethodmay reveal somecharacteristic®f the underlyingtracking algorithm.
We plan to explore this asa part of future work.

4) Choiceof Evaluation Metric: In computingthe evaluation statistic, we proposedto use
Mahalanobisdistancein place of distancessuch as the KL divergencewhich comparestwo
densitiedirectly. To testthe effectivenesf this Mahalanboignetric, we alsocomputedthe KL
divergence-basedistancewhen using the basicframewvork where the computationis feasible
given the Gaussianprior distribution. The comparisonsin Figure 12 shav that thereis no
signi®cant differencebetweenusing the Mahalanobisdistanceand the KL divergencein our
experiments.This could possibly be due to the unimodality of the densitiesaroundthe prior
time instantt = 0. The similarity in evaluation justi®es the use of the faster Mahalanobis
distancein the placeof the KL divergencewhich is expensve to computefor point clouds.

5) Evaluationof MeanShift Tradker: Usingthe samedatasetasusedfor the particle®ltering-
basedraclker evaluation,we testedthe evaluationalgorithmon the traditionalmean-shiftracker.
By excluding somesequencesvherethe traditionalmean-shifttracker completelyfails from the
very baginning, which makesthe evaluationcompletelyunreliableaswe discussedn the above
section,the ®nal test set contains26 sequencesnd 260 evaluation points in total. Figure 13
shavs the evaluationresultsfor a sequencevith slow trackingdrift. The correspondingvaluation
scorefor this sequencancreasesndicating the increasingdrift in tracking. We use the same
groundtruth as in the particle ®ltering case.The true state of the track (failure or not) was
determinedby comparingthe hypothesizedegion to the groundtruth. Lack of suf®cient overlap
betweerthetwo waslabeledasa failedtracker. The evaluationmetricwasdesignedasedon the
distancebetweenthe outputof the time-reversedmean-shiftandthe initial guess.The Euclidean
distancebetweenthe two was used (as the scale of the tracker remains®xed, which makes
the Euclideandistancealmostequialentto spatialoverlap). As before,we computedthe ROC

curve using the datasetof 26 sequencegsee Figure 14) shav-casingthe performanceof the
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Fig. 13. Performancesvaluationfor a sequencdracked by the meanshift tracker with slow tracking drift. (Top threerows)
Trackingresultsat frame numbers20, 40, 60, 100, 120, 140, 160, 180 and 200. (bottom) Evaluationresultsusing the proposed
statisticsunderthe basicmode.

evaluationmethodfor the Mean Shift tracker. We designedthis work basedon the codefrom
http:/mww.cs.bilkent.edu.trismaila/MUSCLE/MSTacker.htm.

6) Evaluationof KLT Feature Tracker: We alsotried to usethe proposedmethodto detectthe
trackingfailuresof the KLT featuretracker. The KLT is a featurepoint tracking algorithmand
hence,we can generatanultiple testcasesfrom a singleimage.For our experimentswe used
four images,and selected200 featuresper image using the KL featureselectioncriterion (see
Figure 15). Selecting200 featuresper imagegives us a mix of good and bad featurepoints (in
termsof their tractability). We createa syntheticsequencdy translatingthe images.This gives
us the groundtruth for the sequenceA featurepoint is consideredo have drifted if it diverges
by more than 2 pixels from the groundtruth. As before,we use ROC curvesto characterize
the detectionof drift usingour evaluationmethodology The ROC curwe in Figure 16 indicates
that the evaluationmethodworks very well for the KLT tracker. We also shav somedetection

resultsin Figure 16.
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Fig. 14. Evaluationresultsfor the meanshift tracking algorithmover a dataseof 26 videossnapshotsrom whom are shavn
in the left-image. The ROC curwe of the evaluation algorithm for the tracker using the basic mode. From 26 videos of 200

frameseach,we obtained260 evaluationpoints which were usedto generatehe ROC cunes.

Fig. 15. Testimagesusedfor the KLT trackingalgorithmoverlaid with the selectedeaturepoints. Eachimagewastranslated

to createa syntheticvideo providing groundtruth for evaluation.

C. Rankingthe Performanceof Tradkers

We have shaved above that the proposedonline evaluation algorithm can detecttracking
failuresin the absencef groundtruth data.In additionto this, the proposedalgorithm canalso
be usedto comparethe performanceof differenttrackers.We comparedhe performancesf the
threetrackerswe usedin this paper:the particle®lter basedracker with OAM, the particle®lter
basedtracker with FAM andthe mean-shifttracker. Sincethe KLT traclker is a featuretracking
algorithmandrequiresa differenttestset,we did not includeit in this ranking experiment.

The experimentwas performedasfollows. For eachtracker, we countthe numberof tracking
failuresreportedat different false alarm ratesover the dataset shavn in Figure 14. For each

tracker, we have 260 evaluationpoints (26 sequencesyith 10 evaluationpoints each).We can
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frameandthe enlageddetailsfor KLT tracking. The red dot shows the initialization of the KLT tracker andthe greenplus sign
shaws the groundtruth. (Top right column) The ®nal frame and its enlaged detailsfor KLT tracking. As we can see,mary
tracking featurepoints (red dot) have drifted away from their groundtruth locations(greenplus sign) and beendetectecby the

evaluationalgorithm (the blue circlesindicatethe drifted points which are connectedwith their groundtruth locationsby blue

line). (Bottom) The ROC Curwe of the evaluationmethodfor KLT tracker using4 imagesand 800 featurepoints.

seefrom the ®gure that at a falsealarmrate of 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 shouldcorrespondo a poorertracking performance From the ®gure, the ranking
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orderfor the threetraclkers we usedhereresultsin (PF tracker with FAM) < (PF tracker with

OAM) < (Mean-shifttracker), from left to right, worstto bestperformanceNotice that:

Dpad = Gpag DetectionRate+ Ggood False Alarm Rate (17)
Gpad* Ggood = Total numberof evaluationpoints

where D4 is the detectednumberof failures, G54 is the real numberof failures ( ground
truth).

With the help of the ROC curwes of the proposedevaluation algorithm togetherwith the
numberof detectedfailures,we canrecover the groundtruth numberof tracking failures.The
resultsare: 152 (PF tracker with FAM), 90 (PF tracker with OAM) and 66 (Mean-shifttracker).
As we can see,the groundtruth ranking result of thesethreetrackers gives the sameordering
asthe proposedevaluationalgorithm.

It is noteworthy that the above comparisonis valid only becausehat the detectionratesfor
the tracking algorithmsare similar at the falsealarmrate of 0:6. At a differentoperatingpoint
wherethe detectionratesare not similar (for the samefalsealarm) sucha comparisorbecomes
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 shavn to detectcommonfailure modesin
visual tracking and also comparedavorably with groundtruth basedevaluation. The value of

t is showvn to be critical in the ef®cieng/ of the fastapproximationsA valueof t = 40,60
seemsreasonablylarge enoughto register failures. It shouldbe notedthat fastapproximations
aremeaninglessfter detectionof failure,asthereferencepoint againstwhich they arecompared
doesnot correspondo goodtracking. The choiceof thresholdto declarepoor performancecan
be decidedfor a speci®ctracking systemby 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 subjectve evaluationof track failures.

The supplementaimaterialincludesvideosshavcasingthe working of the evaluationalgorithm.
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Fig. 17. Therankingresultof the threetraclkers: the particle ®lter basedtracker with OAM and FAM, the Mean-shifttracker.
Theabove is the correspondindrOC curwve of eachtracker on the datasetdescribedn Figure14. The bottomplot is the number
of detectedfailures (the numberis in percentagelsing the proposedevaluation algorithm for eachtracler at different false

alarmrates.

V1. CONCLUSION

In this paper we presenta methodto provide automaticand online evaluationof the tracking
performancan visual systemswithout the knowledge of groundtruth. The proposedevaluation
algorithm works by verifying the prior at time t = 0 againstthe posteriorof a time-reversed
chain. The time-reversedchain is initialized using the posteriorof the tracking algorithm. We
characterizéhe performanceof the algorithm using ROCs undervariousoperatingconditions.
While the focusin the paperhasbeenon systemsausing particle ®ltering, the evaluationmethod
is fairly independenof the trackingalgorithmsused.In this regard, we shav that the algorithm
works well for othertracking approachesuchasthe KLT andthe meanshift tracker. We also
shawv that the evaluation methodologycan also be usedto rank different tracking algorithms
accordingto their performanceWe ervision the use of the evaluationmethodologiegproposed

in this paperfor online veri®cation and ranking of tracking performanceFuture directionsof
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researchinclude tracking algorithmsthat optimize the evaluationmetric so asto minimize the

chancesf track failure.
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