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Abstract

Automaticevaluationof visualtrackingalgorithmsin the
absenceof groundtruth is a verychallengingandimportant
problem. In the context of online appearancemodeling,
there is an additional ambiguityinvolving the correctness
of theappearancemodel.In this paper, weproposea novel
performanceevaluationstrategyfor trackingsystemsbased
onparticle �lter usinga timereversedMarkov chain. Start-
ing from the latestobservation,the time reversedchain is
propagatedback till thestartingtimet = 0 of thetracking
algorithm. Theposteriordensityof thetimereversedchain
is alsocomputed.Thedistancebetweentheposteriorden-
sity of thetimereversedchain (at t = 0) andtheprior den-
sityusedto initialize thetrackingalgorithmformsthedeci-
sion statisticfor evaluation. It is postulatedthat whenthe
data is generatedtrue to the underlyingmodels,the deci-
sionstatistictakesa low value. Weempiricallydemonstrate
theperformanceof thealgorithmagainstvariouscommon
failure modesin the genericvisual tracking problem. Fi-
nally, we derivea small frameapproximationthat allows
for veryef�cient computationof thedecisionstatistic.

1. Intr oduction

Trackinganobjectcontinuouslyoveraperiodof time to
generatea persistenttrajectoryis crucial in video surveil-
lance.Most subsequentapplications,suchasobjectrecog-
nition, activity analysisaredependenton theaccuracy and
robustnessof the trackingalgorithms. Although many so-
phisticatedalgorithmsexist for tracking,eachof themwill
have failuremodesor scenarioswhentheperformancewill
be poor. Typically, this will happenwhen the data (the
framesof the video) doesnot �t the assumptionsmadein
the modeling. Most algorithms�nd dif�culty in tracking
a target (or targets) throughcrowded environments,clut-
ter or poor/dramaticallychangingillumination and self-
occlusion. This often leads to a loss of track. In this
context, performanceevaluationplaysan importantrole in
practicalvisual tracking systems. However, existing per-

formanceevaluationalgorithmsconcentrateon off-line sta-
tistical comparisonswith manually createdground truth
data.Whilecomparisonwith groundtruthcaninformwhich
trackingalgorithmhasbetteroverall performanceon a spe-
ci�c sequence,it doesnot extendgracefullyfor testingon
new sequenceswithout additionalgroundtruth. In the ab-
senceof groundtruth, off-line performanceevaluationcan
not help to detectthe lossof track and/orimprove the ro-
bustnessof thetrackingsystems.

In many surveillancescenarios,in situevaluationof per-
formanceis desired.Here,in situmeansthattheevaluation
is automatic,without useof any groundtruth, andthat it is
alsoanonlineandcausalevaluationmethod.

Prior Work: Online evaluationof trackingalgorithms
hasreceived someattentionin existing literature. In [5],
Erdem et al. addresson-line performanceevaluation for
contourtracking. Metrics basedon the color and motion
differencesalongthe boundaryof the estimatedobjectare
usedto localizeregionswheresegmentationresultsareof
similar quality, andcombinedto provide quantitative eval-
uationof the boundarysegmentationandtracking. As an
extension,[6] proposesthe usea feedbackloop to adjust
the weightsassignedto the featuresusedfor trackingand
segmentation.This methodof evaluationis speci�c to con-
tour basedtracking systems.Wu and Zhengalso present
a methodfor theperformanceself-evaluationin [14]. This
empiricalmethodevaluatesthe trajectorycomplexity, mo-
tion smoothness,scaleconstancy, shapeand appearance
similarity, combiningeachevaluationresult to form a to-
tal scoreof thetrackingquality. However, this methodcan
only beappliedto astaticcamerasystem.

For stochasticnonlinearsystems,measurementsbased
on theinnovationerrorformsa commonchoiceasaneval-
uationmetric, for example,the trackingerror (TE) or ob-
servationlikelihood(OL) statistics,andtheircorresponding
cumulative summationin time series(CUSUM) [12]. TE
andOL detectonly sharpchangeswhich resultsin lossof
track,anddo not registerslow changes.A statisticfor de-
tectionof slow changescalledELL and its generalization
gELL are given in [12]. ELL is de�ned as a measureof



inaccuracy betweenthe posteriorat time t and the t-step
aheadpredictionof theprior statedistribution. Interesting,
aswe point out later, theproposedevaluationmethodology
mirrorsELL in spirit.

In [1][7][13], underthehypothesisthatthemodelis cor-
rect,theauthorsidentify a randomprocessin thescalarob-
servationspacetobearealizationof independentidentically
distributedvariablesuniformly distributedoninterval [0; 1].
Thisresultholdsfor any timeseriesandmaybeusedin sta-
tistical teststo determinetheadequacy of themodel.An ex-
tensionsto vectorvaluedmeasurementsis presentedin [2],
where the authorsutilize a � 2-test for multi-dimensional
uniform distribution to �nd if the systembehaves consis-
tently. However, whenit comesto visualtracking,astheob-
servationcouldbein a very high dimensionalimagespace,
thecomputationof theteststatisticsis infeasible.

[11] usesanentropy basedcriterion to evaluatethesta-
tistical characteristicsof the trackeddensityfunction. The
de�nition of goodperformancefor trackinga singleobject
is thattheposteriordistributionis unimodalandof low vari-
ance.In contrast,a multi-modalanda high variancedistri-
bution impliespooror lost tracking.In practice,trackingin
thepresenceof multiple targetsandclutterdoesleadto the
presenceof multi-modalityin thetarget's posteriordensity.
This,however doesnotnecessarilyimply poortracking.

In this paper, we designan in situ evaluationmethodol-
ogythatcanbeappliedto mosttrackingalgorithmsto detect
most tracking failuresand evaluateperformanceof track-
ing. We illustrate the ef�ciency of the proposedmethod
for a generalvisual tracking systemdriven by a particle
�lter . To conductperformanceevaluation in real time, a
time reversedMarkov chain is constructedand the poste-
rior probability distribution of the reversedMarkov chain
at the initial time is computedand comparedto the prior
distribution usedto initialize the tracker. The posteriorof
thereversedtime systemat theinitial time (undera certain
condition)is theconditionaldensityof theprior state.Esti-
matesfrom eachdensitysuchasthemeancanbeshown to
beunbiasedandequal.In thissense,for awell behavedsys-
tem,thetwo probabilitydistributionsshouldshow proxim-
ity in somestatisticalsense,with signi�cant discrepancies
betweenthemin thepresenceof trackingerror. While track-
ing backto theinitial timeis costlywith increasingtime,we
proposeanapproximationby trackingbackandcomparing
theperformanceagainstapoint in timewhereby prior veri-
�cation weknow for surethattheperformanceis good.The
ef�ciency of thealgorithmagainstvariouscommonfailure
modesfor visual trackingproblemsis empirically demon-
stratedandcomparedto thegroundtruthandothermethods.

The remainderof the paperis organizedasfollows: in
section2, we summarizethe necessarybackgroundof the
dynamictrackingsystemincluding its evaluationmethods
andfailure modes.A detaileddescriptionof the proposed

methodis presentedin section3. Experimentalvalidation
anddiscussionsaregivenin section4.

2. Evaluation in Dynamical Systems

In this section,we summarizethenecessarybackground
of Bayesian�ltering methodsusedin dynamicalsystems,in
particular, theparticle�ltering methodwhichis usedwidely
in visualtrackingsystems[9].

2.1.Particle Filtering

In particle �ltering [3], we addressthe problem of
Bayesianinferencefor dynamicalsystems.Let x t 2 Rd

denotethe stateat time t, and yt 2 Rp the noisy obser-
vation at time t. We model the statesequencef x t g as a
Markovianrandomprocess.Furtherweassumethattheob-
servationsf yt g to be conditionally independentgiven the
statesequence.Undertheseassumptions,themodelsde�n-
ing the systemare given as follows: 1) p(x t jx t � 1): The
statetransitionprobabilitydensityfunction,describingthe
evolutionof thesystemfrom timet � 1 to t; 2) p(yt jx t ): Ob-
servationlikelihooddensity, describingtheconditionallike-
lihood of observation given state;and3) p(x0): The prior
stateprobabilityat t = 0.

Givenstatisticaldescriptionsof themodelsandnoisyob-
servationstill time t; Yt = f y1; : : : ; yt g, we would like to
estimatetheposteriordensityfunction� t = p(x t jYt ).

The problemis that this computationneednot have an
analyticalrepresentation.However, foregoing the require-
ment for analyticsolution, the particle �lter approximates
the posterior� t with a discretesetof particlesor samples
f x ( i )

t gN
i =1 with associatedweightsf w( i )

t gN
i =1 suitablynor-

malized.ThesetSt = f x ( i )
t ; w( i )

t gN
i =1 is theweightedpar-

ticle setthat representstheposteriordensityat time t, and
is estimatedrecursively from St � 1. The initial particleset
S0 is obtainedfrom samplingtheprior density� 0 = p(x0).

2.2.CommonFailur eModesin Visual Tracking

The premiseof most work on model validation and
changedetectionassumethat without an exact model, the
systemwill behave abnormally. However, in visual track-
ing systems,dueto theunavoidableandunexpecteddegra-
dations,it is nearly impossibleto designmodelsthat are
robustagainstall possiblefailuremodes.

Generally, therearefour main classesof failure modes
in visualsystems:

PoseChange: In general,for a moving 3D object, the
appearanceprojectedin any particular frame dependson
its poseandpositionwith respectto thecamera.However,
mostvisualtrackingsystemslack knowledgeof the3D ap-
pearanceof differentobjects.This is especiallytrue when
appearancemodelingis doneonline,whenall theavailable



informationaboutappearanceis theinitializationof thesys-
tem,which containsinformationonly from oneposeof the
object.

Occlusion: A commonfailure modefor most tracking
algorithmsis whenthe target is occluded.Typically, given
thewidenatureof possibleoccludingconditions,occlusion
is handledasanoutlier to theappearancemodel.

Imaging System:Imagemeasurementsarecorruptedby
noiseandblur. In astaticopticalvisualsystem,thismaynot
havesigni�cant consequences.However, whentheimaging
modalityis infra-redor whenwe areconsideringaerialim-
ages,thiswouldbeavery importantproblem.

Clutter: In practicalsystems,astheobjectsaremoving
in somebackground,thebackgroundcluttercancontribute
to loss of tracking. This distractionscan not be modeled
beforehandeither.

It is very tricky to incorporateknowledgeof all these
failure modesinto visual trackingsystems.For a tracking
algorithm,if it usesa �x edappearancetemplate,thenit can
not handlethechangesin thevideo. On theotherhand,if
the appearancemodelchangesrapidly (sayfrom the latest
estimatedappearance),it is susceptibleto drift [16]. There-
fore,many sophisticatedtrackingsystems[16] useadaptive
onlineappearancemodel(OAM) or multiplefeaturesto im-
prove theperformance.For suchcomplicatedsystems,it is
oftennot immediatelyobviouswhat thefailuremodeswill
be, or how the algorithmperformson a particulardataset.
This makesin situ performanceevaluationall themoreim-
portantbut challenging.

3. Evaluation Using the Time Reversed
Mark ov Chain

3.1.Intuition

Our goal is to provide a general, online evaluation
methodfor mostvisualtrackingsystems.Thekey ideais to
formulatea time reversedMarkov chain,computethepos-
terior distributions along the time reversedMarkov chain
all theway to the initializing frameof theforwardMarkov
chain,anddesignastatisticto evaluatethedistancebetween
the initialization (theprior at t = 0) andthe time-reversed
posteriordistribution. Alternatively, for algorithmsemploy-
ing OAMs, the identity of the target is de�ned in the ini-
tializing frameandthe prior usedto initialize the system.
This prior informationencodesall the knowledgegiven to
the trackingalgorithm,andarguablyis mostcritical in de-
terminingthe performanceof the algorithm. In this sense,
the tracking performancecan be determinedby verifying
theoutputof the tracker at any particulartime instant(say
t = t0) againsttheprior with suitabletimenormalization.

From the point of view of information capturedin the
tracking algorithms,the underlying intuition is that if, at
time t, the tracker containsenoughinformationaboutthe

target,thentheability to trackwell till time t alongthefor-
ward Markov chain implies that it shouldbe ableto track
backto the endalongtime reversedMarkov chainequally
well with ahighprobability.

3.2.ProposedAlgorithm

TheforwardMarkov chainstateandobservationmodels
of the trackingsystemconsideredin our paperareas fol-
lows:

Priorat time t = 0 : p(x0)
StateTransitionModel : p(x t jx t � 1)

ObservationModel : p(yt jx t )
(1)

At time T, given an observation sequenceYT =
f y1; : : : ; yT g, the posterioris � T = p(xT jYT ). To eval-
uatethe performanceof the system,we proposea reverse
time tracker that uses� T as its prior and the observation
sequenceYT in the time reversedorder. Using the nota-
tion q(�) for probability densityfunctionsassociatedwith
the time reversedsystem,the reversetracker is formulated
asfollows. For evaluationat time T, the systemis initial-
izedat timeT + 1 and�ltered throughtheobservationsYT .

� Prior at time T + 1:

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

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

(2)

� StateTransition 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 )
(3)

This can be directly computedfrom the modelsfor
mostsystemsusedto de�ne thetrackingproblem.

� Observation Model: We retainthesameobservation
modelusedin theforwardmodel.

8t; q(yt jx t ) = p(yt jx t ) (4)

With this characterizationof the system,we can now �l-
ter the observation sequenceYb

T = f yT ; : : : ; y1g in re-
versetime. The posteriordensityfunction of this �lter is
of great interest to us. At time t, the posteriordensity
� b

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

Wecannow estimatetheposteriordensityat time t = 0,
� b

0 by recursion.From intuition, we expectthis densityto
beclosein somestatisticalsenseto theprior densityp(x0).
To thisextent,wepostulatethefollowing property.

Proposition: Supposethe reversetracker is initialized
with theprior q(xT +1 ) = p(xT +1 ), thentheposteriorden-
sity of thetime reversedsystemat time t = 0 andtheprior
densityp(x0) are closeto eachother on distancemetrics



comparingthe meansof the correspondingrandomvari-
ables,provided the underlyingmodel completely�ts the
data.

Supposewe initialize thereversetime Markov chainus-
ing the densityp(xT +1 ) asopposedto p(xT +1 jYT ). It is
easyto verify thatthe�nal posteriordistribution in thetime
reversedprocessis equalto thesmoothingresult[10] at the
beginningof theforwardprocessusingall theobservations
till timeT, i.e, � b

0 = p(x0jy1;:::;T ).
Now, � b

0 andthep(x0) areclosein thesensethat

Z
x0p(x0)dx0 =

Z

Y t

Z

x 0

x0� b
0dYt dx0 (5)

Supposewe compareE(x0) andEY t (x0), thenon anaver-
age(overtheensemblesetof possibleobservations)thetwo
meanswill bethesame.

It shouldbenotedthattheaboveresultis trueonly when
thereversetimesystemis initializedwith thepriorp(xT +1 ).
In practice,theprior p(xT +1 jYT ) is expectedto haveabet-
ter localizationof thetargetat timeT + 1 whenthedata�ts
themodelingcorrectly. Hence,thesystemde�ned with the
prior p(xT +1 jYT ) is over-trainedandprovidesamodelthat
�ts thedatabetter.

To evaluatethe tracking performanceof a system,we
verify if thetracker outputat currenttime hassuf�cient in-
formationto allow a reversedtime systemto trackbackto
theinitial frame.

The key point of our algorithmis that for many visual
trackingsystemsusingOAMs, theidentityof thetargetthat
is trackedcomesfrom prior information.With noadditional
knowledge of the target, the prior is the equivalentof a
ground truth, de�ning a point of referenceagainst which
theperformanceof thesystemcanbeveri�ed against.

3.3.Evaluation Statistic

Thereexistsdistancemetricsandmeasuresfor compar-
ing densityfunctionssuchastheKullback-Leibler(KL) di-
vergenceand the Bhattacharyadistance[4]. However, in
our case,the distributions are representedby particlesor
samplesfrom the densityfunction. In general,given the
differencesin theindividual proposaldensitiesandtheran-
dom numbergeneration,the exact locationsat which the
densitiesare sampledwill be different. Computing the
KL divergenceor the Bhattacharyadistancefor suchnon-
overlappingsamplesetswould requireinterpolation(such
asParzenwindowing [4] ) or theuseof approximationssuch
asthe UnscentedTransformation[8]. We circumvent this
problemwith theuseof theMahalanobisdistancethatuses
only themomentsof thedistributions.

The distanced(p; � ) betweenthe distributionsp and�
computedat time t is

To evaluatetheperformanceof the trackingat time T, the
density� T representedby thesamplesf x ( i )

t gN
i =1 ,

1. Propagatetheparticlesusingp(xT +1 jxT ) to getsam-
plesfrom p(xT +1 jYT ),

~x ( i )
T +1 � p(xT +1 jx ( i )

T ); i = 1; : : : ; N (7)

2. Using the prior representedby the particle set
f ~x ( i )

T +1 gN
i =1 , iteratethesteps3, 4 and5 for t 2 f T; T �

1; : : : ; 1g,

3. Proposition: At time t, proposea new particle set
f ~x ( i )

t gN
i =1 usingthestatetransitionmodel,

~x ( i )
t � p(x t j~x

( i )
t +1 ); i = 1; : : : ; N (8)

4. Weight Computation:Computethe weightw( i )
t asso-

ciatedwith theparticle~x ( i )
t ,

w( i )
t = p(yt jx

( i )
t ) (9)

5. Resampleto obtainanunweightedparticleset.

6. Usingtheparticleset~x ( i )
0 � q(~x0jYT ), computemean

�̂ � andvar-covariancematrix �̂ � usingsamplestatis-
tics.

7. Theevaluationstatisticis computedusing(6).

Table1. Outlineof theproposedalgorithm.

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

(� p � � � )T � � 1
� (� p � � � )

(6)

where� p and� p arethemeanandthevar-covariancema-
trix of the distribution p and � � and � � are thoseof the
distribution � , all of which canbeeasilycomputedor esti-
matedfrom theparticlesor in somecases,analytically. We
also notethat just usingthe part of the statespacecorre-
spondingto location (or translationon the image plane)
gavebetterresults,or resultsmore in tunewith thepercep-
tual notionof trackingperformance.

An outline of the proposedevaluationframework is in
Table1.

Theproposedalgorithmalsoencompassesanotherinter-
estingidea.Supposewehaveavideosequencein whichthe
�rst frameandthe last frameareidentical,thenwe would
expectthe tracker to localizethe target in the last frameat
thesamelocationastheprior givenin the�rst frame.Such
anideais exploitedfor detectingdrift in featurepoint track-
ing in [15]. Theproposedalgorithmis anextensionof that
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Figure1. Schematicof the referencepoint usedin the proposed
algorithm.

ideafor performancecharacterization.
Finally, theproposedframework extendsgracefullyeven

to systemswheretheinferenceis not drivenby particle�l-
ters.For example,if thesystemis linearGaussian,thenthe
posteriorcanbecomputedusinga Kalman�lter . Thetime
reversedsystemis alsolinearGaussian,andits posteriorcan
alsobe computedusinga Kalman �lter . In this case,the
timereversedposteriorandtheprior canbecomparedusing
(6). GiventheGaussiandistributionof bothdistributions,as
analternative similarity score,onecouldanalyticallycom-
putetheir KL divergencestoo. Finally, it might bepossible
to provide theoreticalguaranteesfor the algorithm in this
simplecase.

3.4.Similarity to the ELL

The proposedevaluationmethodologyis similar to the
ELL statisticin spirit, bothinvolving posteriorof thetrack-
ing algorithmandtheprior at time t = 0. ELL propagates
theprior densityto time t andcomputestheinaccuracy be-
tweenthet-steppredictedprior andthetheposterior� t . In
contrast,theproposedmethodologytime reversesthepos-
terior � t backto initial time usinga time reversedsystem
andcomparesit againsttheprior at time t = 0. Themain
differencein ourformulationis thet-stepreverseprediction
is conditionedontheobserveddata,while thet-steppredic-
tion in ELL is unconditional.

3.5.FastApproximation

Theproposedevaluationframework posesarequirement
to process(or track)acrossall theframesseenby thetrack-
ing algorithm. For suchan algorithm, the computational
requirementsincreaselinearly with the numberof frames
(seeFigure1). This is in practiceasteeprequirement.

However, a setof suf�cient (thoughnot necessary)con-
ditionscanbedesignedto alleviatethis problem.We argue
thatif theperformanceattimeT is good,thennotonly does
the�nal posteriormatchwell with theprior density, but that
the posteriordensitiesof the forward and reversetracker
shouldmatchat all intermediatetime instants. A fastap-
proximationis now proposedusingthis observation. Sup-
poseat time t0, theperformanceof thesystemis evaluated

PSfragreplacements
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Figure2. Schematicof the referencepoint usedin the fasterap-
proximationto theproposedalgorithm.

to be good, thenfor an evaluationat a future time instant
t0 > t0, the time t0 canbeusedasa referencepoint in the
placeof the t = 0 (seeFigure2). However, thesuitability
of theapproximationdependson the length� t = t0 � t0.
Thetrade-off hereis betweenthecomputationtime, that is
proportionalto � t and the ability to detectslow changes
that areof the order � t. A clever choiceof � t cango a
long way in reducingthe computationrequirementsof the
proposedalgorithm.

4. Experimental Resultsand Discussions

4.1.Experimental Results

The proposedevaluation algorithm can detectvarious
commonfailuremodesin visualtrackingsystems.Thepar-
ticle �lter basedvisual trackingsystemproposedin [16] is
usedin ourexperiments.ThesystemusesanOAM in its ob-
servationmodelandthesix-dimensionalaf�ne deformation
matricesasits statespace.Weusedtheproposedevaluation
methodologyto studythe performanceof the OAM based
tracker intensively over variousfailuremodes.

Figure 3 shows resultsover a completeocclusionsce-
nario,with evaluationperformedonceevery15frames.The
target undergoesocclusionaround110th frame. The pro-
posedstatisticandits fastapproximationsregisterpeaksor
sharprisesin valuearoundthis frame. Further, a fastap-
proximationwith � t = 5 doesnot seemlarge enoughto
capturethetrackingfailure. However, a highervalueof � t
registersthe lossof track. It is alsonoticedthat inference
usingfastapproximationsis not usefulaftera track failure
is registered. This is becausethat referencepoint against
which thealgorithmis beingcomparedis corrupted.

Figure4 shows evaluationon a sequencein which a tar-
get exhibits a small changein pose,which the tracker can
easilykeeptrackof. As expected,theproposedevaluation
methodologygeneratesteststatisticswhich takes low val-
uesindicatingagoodtrackingperformance.Figure5 shows
evaluationresultsonanaerialsequencein whichthetracker
losestrack of the target due to jerky motion of the cam-
era.Theteststatisticsregistersharppeaksaroundthepoint
wherethelossof trackhappens.



4.2.Testingwith Ground Truth

Theproposedalgorithmwastestedoversequencesof the
PETS-2001datasetandtheevaluationis comparedwith the
groundtruth. Thecomparisonwith thegroundtruth is done
by computingthe distancebetweenthe centerof the tar-
getashypothesizedby thetracker to thegroundtruth. Fig-
ures6 and7 show the resultson two sequencesfrom the
dataset.In Figure6, thetracker trackstheobjectfairly well.
Both theproposedstatisticandthecomparisonagainstthe
groundtruth take a low value. Figure7 shows evaluation
resultsover a scenarioinvolving trackingfailure. While all
statisticsregisterthe failureof track, theproposedstatistic
registersthe track failure beforethe groundtruth. This is
becauseof the speci�c evaluationcriterion usedwith the
groundtruth,which involvescomparingonly thecentersof
the target,while theboundingbox is inaccuratebeforethe
lossof track(frame60).

4.3.Discussion

To summarizetheresults,thefollowing propertiesof the
proposedevaluationschemearehighlighted.Theproposed
evaluation algorithm is shown to detectcommonfailure
modesin visual trackingandalsocomparesfavorablywith
groundtruth basedevaluation. The valueof � t is shown
to becritical in theef�ciency of thefastapproximations.A
valueof � t = 30 seemsreasonablylargeenoughto regis-
ter failures. It is alsonoteworthy that fastapproximations
aremeaninglessafter detectionof failure, asthe reference
pointagainstwhich they arecompareddoesnotcorrespond
to goodtracking.Finally, thechoiceof thresholdto declare
poorperformancecanbeeasilydecidedfor aspeci�c track-
ing systemby inspection.Thechoiceis alsoin�uencedby
thevalueof � t. It canbeseenthat for all theexperiments
in this paper, the inferencefrom the proposedevaluation
agreeswell with humanperception.

5. Conclusions

In thispaper, wepresentanovel methodto provideauto-
maticandonlineevaluationof thetrackingperformancein
visualsystemswithout theknowledgeof groundtruth. The
proposedevaluationalgorithmworksby verifying theprior
at time t = 0 againsttheposteriorof a time reversedchain.
Thetime reversedchainis initialized usingtheposteriorof
the trackingalgorithm. It is postulatedthat whenthe data
obey themodeling,theposteriorof thetime reversedchain
attimet = 0 is closeto theprior p(x0). Weproposefastap-
proximationschemesthatreducethecomputationalcostfor
�ltering acrossthe whole observation sequence.The pro-
posedalgorithmhasbeentestedextensively ondatasetsand
it is empirically shown that the evaluationschemeworks
well in detectingcommonfailure modes.While the focus
in thepaperhasbeenonsystemsusingparticle�ltering, the
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Figure3. Performanceevaluationover occlusion.Target is com-
pletelyoccludedby framenumber100. (Top left to bottomright)
Trackingresultsat framenumbers1, 20,40,60,80,100,120,135
and150(Bottomrow) Evaluationresultsusingtheproposedalgo-
rithm (� t = t) andits fastapproximations(� t = 5; 15; 30; 60).

underlyingalgorithmis fairly independentof theactual�l-
tering toolsused.We expectthatsuchanalgorithmwould
alsobeusefulfor validationin linearGaussianmodels.Fu-
turework involvesderiving strongguaranteesfor thedetec-
tion of failuremodes,in termsof receiveroperatingcharac-
teristics.
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