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Abstract

Automaticevaluationof visualtracking algorithmsin the
absencef groundtruth is a verychallengingandimportant
problem. In the contet of online appeaance modeling
there is an additional ambiguityinvolving the correctness
of theappeaancemodel.In this paper we proposea novel
performancesvaluationstrategy for tradking systeméased
onparticle Iter usingatimereversedMarkov chain. Start-
ing from the latestobservation the time reversedchain is
propagatedbad till thestartingtimet = 0 of thetradking
algorithm. Theposteriordensityof thetime reversedchain
is also computed.Thedistancebetweerthe posteriorden-
sity of thetimereversedchain (att = 0) andtheprior den-
sity usedto initialize thetradking algorithmformsthedeci-
sion statisticfor evaluation. It is postulatedthat whenthe
datais genemtedtrue to the underlyingmodels,the deci-
sionstatistictakesa low value We empiricallydemonstate
the performanceof the algorithm againstvariouscommon
failure modesin the genericvisual tracking problem. Fi-
nally, we derive a small frameapproximationthat allows
for veryefcient computatiorof the decisionstatistic.

1. Intr oduction

Trackinganobjectcontinuouslyover a periodof time to
generatea persistentrajectoryis crucial in video suneil-
lance. Most subsequerapplications suchasobjectrecog-
nition, activity analysisaredependenbn the accurag and
robustnesof the trackingalgorithms. Although mary so-
phisticatedalgorithmsexist for tracking,eachof themwill
have failure modesor scenariosvhenthe performancewill
be poor Typically, this will happenwhen the data (the
framesof the video) doesnot t the assumptionsnadein
the modeling. Most algorithms nd dif culty in tracking
a tamget (or tamgets)through cronvded ervironments,clut-
ter or poor/dramaticallychangingillumination and self-
occlusion. This often leadsto a loss of track. In this
contet, performancesvaluationplaysanimportantrole in
practicalvisual tracking systems. However, existing per
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formanceevaluationalgorithmsconcentrat®n off-line sta-
tistical comparisonswith manually createdground truth
data.While comparisomwith groundtruth caninform which
trackingalgorithmhasbetteroverall performancen a spe-
ci ¢ sequenceit doesnot extendgracefullyfor testingon
new sequencewithout additionalgroundtruth. In the ab-
senceof groundtruth, off-line performancesvaluationcan
not help to detectthe loss of track and/orimprove the ro-
bustnes®f thetrackingsystems.

In mary sunwillancescenariosin situ evaluationof per
formanceis desired Here,in situ meanghatthe evaluation
is automaticwithout useof ary groundtruth, andthatit is
alsoanonlineandcausakvaluationmethod.

Prior Work: Online evaluationof tracking algorithms
hasreceved someattentionin existing literature. In [5],
Erdemet al. addresson-line performanceevaluation for
contourtracking. Metrics basedon the color and motion
differencesalongthe boundaryof the estimatedbjectare
usedto localize regionswheresggmentationresultsare of
similar quality, andcombinedto provide quantitatve eval-
uation of the boundarysegmentationandtracking. As an
extension,[6] proposeghe usea feedbackioop to adjust
the weightsassignedo the featuresusedfor trackingand
sgymentation.This methodof evaluationis speci ¢ to con-
tour basedtracking systems. Wu and Zhengalso present
a methodfor the performanceself-evaluationin [14]. This
empiricalmethodevaluatesthe trajectorycompleity, mo-
tion smoothnessscale constang, shapeand appearance
similarity, combiningeachevaluationresultto form a to-
tal scoreof thetrackingquality. However, this methodcan
only beappliedto a staticcamerasystem.

For stochasticnonlinearsystems,measurementbased
ontheinnovationerrorformsa commonchoiceasan eval-
uation metric, for example,the trackingerror (TE) or ob-
senationlikelihood(OL) statisticsandtheircorresponding
cumulative summationin time series(CUSUM) [12]. TE
andOL detectonly sharpchangesvhich resultsin loss of
track, anddo not registerslow changes A statisticfor de-
tection of slow changesalled ELL andits generalization
gELL aregivenin [12]. ELL is de ned asa measureof



inaccurag betweenthe posteriorat time t and the t-step
aheadpredictionof the prior statedistribution. Interesting,
aswe point out later, the proposedevaluationmethodology
mirrorsELL in spirit.

In [1][7][13], underthe hypothesighatthe modelis cor
rect,theauthorsdentify arandomprocessn the scalarob-
senationspaceo bearealizationof independeridentically
distributedvariablesuniformly distributedoninterval [0; 1].
Thisresultholdsfor any time seriesandmaybeusedin sta-
tisticalteststo determingheadequag of themodel.An ex-
tensiongo vectorvaluedmeasurements presentedn [2],
wherethe authorsutilize a 2-test for multi-dimensional
uniform distribution to nd if the systembehaes consis-
tently. However, whenit comego visualtracking,astheob-
senationcouldbein avery high dimensionaimagespace,
thecomputatiorof theteststatisticds infeasible.

[11] usesan entrofy basedcriterionto evaluatethe sta-
tistical characteristic®f the tracked densityfunction. The
de nition of goodperformancdor trackinga singleobject
is thattheposteriordistributionis unimodalandof low vari-
ance.In contrasta multi-modalanda high variancedistri-
butionimpliespooror losttracking.In practice trackingin
the presencef multiple targetsandclutterdoesleadto the
presencef multi-modality in the target's posteriordensity
This, hawever doesnot necessarilymply poortracking.

In this paper we designanin situ evaluationmethodol-
ogythatcanbeappliedto mosttrackingalgorithmsto detect
most tracking failuresand evaluate performanceof track-
ing. We illustrate the ef ciency of the proposedmethod
for a generalvisual tracking systemdriven by a particle

Iter. To conductperformanceavaluationin real time, a
time reversedMarkov chainis 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 the conditionaldensityof the prior state.Esti-
matesfrom eachdensitysuchasthe meancanbe shavn to
beunbiasedindequal.In thissensefor awell behaedsys-
tem, the two probability distributionsshouldshav proxim-
ity in somestatisticalsensewith signi cant discrepancies
betweerthemin thepresencef trackingerror While track-
ing backto theinitial timeis costlywith increasingime,we
proposean approximationy trackingbackandcomparing
theperformancegainsta pointin time whereby prior veri-
cation we know for surethattheperformancés good.The
ef ciency of thealgorithmagainstvariouscommonfailure
modesfor visual tracking problemsis empirically demon-
stratedandcomparedo thegroundtruthandothermethods.

The remainderof the paperis organizedasfollows: in
section2, we summarizethe necessarpackgroundof the
dynamictracking systemincluding its evaluationmethods
andfailure modes. A detaileddescriptionof the proposed

methodis presentedn section3. Experimentalalidation
anddiscussionsiregivenin sectiond.

2. Evaluation in Dynamical Systems

In this sectionwe summarize¢he necessarpackground
of Bayesianltering methodsusedn dynamicakystemsin
particulartheparticle ltering methodwhichis usedwidely
in visualtrackingsystemg9].

2.1.Particle Filtering

In particle ltering [3], we addressthe problem of
Bayesianinferencefor dynamicalsystems. Let x; 2 RY
denotethe stateat time t, andy; 2 RP the noisy obser
vation at time t. We modelthe statesequencd x;g asa
Markovian randomprocessFurtherwe assumehattheob-
senationsfy;g to be conditionallyindependengiven the
statesequenceUndertheseassumptionghe modelsde n-
ing the systemare given as follows: 1) p(x¢jx; 1): The
statetransitionprobability densityfunction, describingthe
evolutionof thesystemfromtimet 1tot; 2) p(y¢jx;): Ob-
senationlik elihooddensity describingheconditionallik e-
lihood of obsenation given state;and3) p(xg): The prior
stateprobabilityatt = 0.

Givenstatisticadescription®f themodelsandnoisyob-

estimatehe posteriordensityfunction = p(x¢jY4).

The problemis that this computationneednot have an
analyticalrepresentationHowever, foregoing the require-
mentfor analytic solution, the particle Iter approximates
the posterior ; with a discretesetof particlesor samples
fx{"gN, with associatedveightsfw(’ g\, suitablynor-
malized. ThesetS; = fx{";w{' g\, is theweightedpar
ticle setthat representshe posteriordensityat time t, and
is estimatedecursvely from S; ;. Theinitial particleset

Sy is obtainedfrom samplingthe prior density ¢ = p(Xo).

2.2.Common Failure Modesin Visual Tracking

The premiseof most work on model validation and
changedetectionassumehat without an exact model, the
systemwill behae abnormally However, in visual track-
ing systemsgdueto the unavoidableandunexpecteddegra-
dations, it is nearlyimpossibleto designmodelsthat are
robustagpinstall possiblefailure modes.

Generally thereare four main classesf failure modes
in visualsystems:

PoseChange: In general,for a moving 3D object,the
appearanc@rojectedin ary particular frame dependson
its poseandpositionwith respecto the camera.However,
mostvisualtrackingsystemdack knowvledgeof the 3D ap-
pearancef differentobjects. This is especiallytrue when
appearancenodelingis doneonline,whenall the available



informationaboutappearancks theinitialization of thesys-
tem, which containsinformationonly from oneposeof the
object.

Occlusion: A commonfailure modefor mosttracking
algorithmsis whenthetargetis occluded.Typically, given
thewide natureof possibleoccludingconditions,occlusion
is handledasanoutlier to theappearanceiodel.

Imaging System:Imagemeasurementrecorruptedoy
noiseandblur. In astaticopticalvisualsystemthis maynot
have signi cant consequences$iowever, whentheimaging
modalityis infra-redor whenwe areconsideringaerialim-
agesthiswould beaveryimportantproblem.

Clutter: In practicalsystemsasthe objectsaremaoving
in somebackgroundthe backgrounctlutter cancontritute
to loss of tracking. This distractionscan not be modeled
beforehandeither

It is very tricky to incorporateknowledge of all these
failure modesinto visual tracking systems.For a tracking
algorithm,if it usesa x edappearanctemplatethenit can
not handlethe changesn the video. On the otherhand,if
the appearancenodelchangesapidly (sayfrom the latest
estimatedappearancelt is susceptibleo drift [16]. There-
fore, mary sophisticatedrackingsystemg16] useadaptve
onlineappearanceodel(OAM) or multiple featurego im-
prove the performanceFor suchcomplicatedsystemsit is
often notimmediatelyobvious whatthe failure modeswill
be, or how the algorithmperformson a particulardataset.
This makesin situ performancevaluationall the moreim-
portantbut challenging.

3. Evaluation Using the Time Reversed
Mark ov Chain

3.1.Intuition

Our goal is to provide a general, online evaluation
methodfor mostvisualtrackingsystemsThekey ideais to
formulateatime reversedMarkov chain,computethe pos-
terior distributions along the time reversedMarkov chain
all theway to theinitializing frameof the forward Markov
chain,anddesigna statisticto evaluatethedistancebetween
theinitialization (the prior att = 0) andthetime-reversed
posteriodistribution. Alternatively, for algorithmsemploy-
ing OAMs, the identity of the tamgetis de ned in the ini-
tializing frame andthe prior usedto initialize the system.
This prior informationencodesall the knowvledgegivento
the trackingalgorithm,andarguablyis mostcritical in de-
terminingthe performanceof the algorithm. In this sense,
the tracking performancecan be determinedby verifying
the outputof the tracker at ary particulartime instant(say
t = to) againstthe prior with suitabletime normalization.

From the point of view of information capturedin the
tracking algorithms, the underlyingintuition is that if, at
time t, the tracker containsenoughinformation aboutthe

tamget,thentheability to trackwell till timet alongthefor-
ward Markov chainimplies thatit shouldbe ableto track
backto the endalongtime reversedMarkov chainequally
well with a high probability.

3.2.ProposedAlgorithm

Theforward Markov chainstateandobserationmodels
of the tracking systemconsideredn our paperare asfol-
lows:

Priorattimet = O p(Xo)
StateTransitionModel p(XtjX¢ 1) Q)
ObsenationModel p(y:jXt)

At time T, given an obsenation sequenceYt =
fyi;:::;yr0, the posterioris + = p(xrjYt). To eval-
uatethe performanceof the system,we proposea reverse
time tracker that uses 1 asits prior andthe obsenration
sequencé/t in the time reversedorder Using the nota-
tion g( ) for probability densityfunctionsassociatedvith
the time reversedsystem the reversetracker is formulated
asfollows. For evaluationat time T, the systemis initial-
izedattime T + 1 and ltered throughtheobsenrationsYr.

Prior attime T + 1:

axrs) = RXT4]YT) . @)
= P(XT +1 jX7)P(XTjYT)dXT
State Transition Model: Fort 2 (0;T),
ey ) = PEEIXOP(XE) -

P(Xt+1)

This can be directly computedfrom the modelsfor
mostsystemausedto de ne thetrackingproblem.

Obsewvation Model: We retainthe sameobsenration
modelusedin theforward model.

8t; a(ytixt) = p(YtjXt) (4)
With this characterizatiorof the system,we cannow |-

versetime. The posteriordensityfunction of this lter is
of greatinterestto us. At time t, the posteriordensity

We cannow estimatehe posteriordensityattimet = 0,
b by recursion. Fromintuition, we expectthis densityto
be closein somestatisticalsenseo the prior densityp(xo).
To this extent,we postulatehefollowing property
Proposition: Supposedhe reversetracler is initialized
with theprior q(Xt+1) = p(Xt+1), thenthe posteriorden-
sity of thetime reversedsystemattimet = 0 andthe prior
densityp(xo) arecloseto eachotheron distancemetrics



comparingthe meansof the correspondingandomvari-
ables, provided the underlying model completely ts the
data.

Supposeve initialize thereversetime Markov chainus-
ing the densityp(xt+1 ) asopposedo p(Xt+1jYt). Itis
easyto verify thatthe nal posteriordistributionin thetime
reversedprocesss equalto thesmoothingresult[10] atthe
beginning of the forward procesaisingall the obsenations
till ime T,i.e, §= p(Xojy1::T )-

.....

Now, 5 andthep(xo) areclosein thesensehat
z zZ Z

XoP(Xo)dXg = Xo gdYidxo %)

Y Xo

Supposeve compareE (Xo) andEy, (Xo), thenonanaver
age(overtheensemblesetof possibleobsenations)thetwo
meanswill bethesame.

It shouldbenotedthattheabove resultis trueonly when
thereversetime systemis initializedwith theprior p(Xt+1 ).
In practice theprior p(Xt+1 jYT) is expectedo have abet-
terlocalizationof thetargetattime T + 1 whenthedata ts
themodelingcorrectly Hence the systemde ned with the
prior p(Xt+1 jYT) is overtrainedandprovidesa modelthat
ts thedatabetter

To evaluatethe tracking performanceof a system,we
verify if thetracker outputat currenttime hassufcient in-
formationto allow a reversedtime systemto track backto
theinitial frame.

The key point of our algorithmis that for mary visual
trackingsystemsisingOAMSs, theidentity of thetargetthat
is trackedcomedrom prior information.With noadditional
knowledg of the target, the prior is the equivalentof a
groundtruth, de ning a point of refeenceagainst which
the performanceof the systentanbeveri ed against.

3.3.Evaluation Statistic

Thereexists distancemetricsandmeasure$or compar
ing densityfunctionssuchasthe Kullback-Leibler(KL) di-
vergenceand the Bhattacharyalistance[4]. However, in
our case,the distributions are representedby particlesor
samplesfrom the densityfunction. In general,given the
differencesn theindividual proposaldensitiesandtheran-
dom numbergeneration the exact locationsat which the
densitiesare sampledwill be different. Computingthe
KL divergenceor the Bhattacharyalistancefor suchnon-
overlappingsamplesetswould requireinterpolation(such
asParzerwindowing [4] ) or theuseof approximationsuch
asthe Unscentedlransformatior{8]. We circumwent this
problemwith the useof the Mahalanobiglistancethatuses
only the momentsof thedistributions.

The distanced(p; ) betweenthe distributionsp and
computedattimet is

To evaluatethe performanceof the trackingattime T, the

density 1 representetly thesampled xgi)giN:l,

1. Propagtethe particlesusingp(xt+1 jX1) to getsam-
plesfrom p(Xt+1jYT),

x(Till p(xT+1jx$));i =1::N @)

2. Using the prior representedby the particle set
fx{) g\, iteratethesteps3, 4and5fort 2 fT; T

3. Proposition: At time t, proposea new particle set
fxﬁ')gi“‘zl usingthe statetransitionmodel,

x-fi) p(xtjxﬂ)l ;i=1::N (8)

4. Weight Computation:Computethe Weightwt(i) asso-
ciatedwith the particlex!”,

w = p(yix(") ©)

5. Resampldo obtainanunweightedarticleset.

6. Usingtheparticlesetxg) d(>*ojYT), computemean
A andvarcovariancematrix ©  usingsamplestatis-

tics.

7. Theevaluationstatisticis computedusing(6).

Tablel. Outline of the proposedalgorithm.

dip; ) = (p ) )+
( b )T pl( P ) (6)

where , and , arethe meanandthe var-covariancema-

trix of the distributionpand and  arethoseof the
distribution , all of which canbe easilycomputedor esti-
matedfrom the particlesor in somecasesanalytically We
also notethat just usingthe part of the statespacecorre-
spondingto location (or translationon the image plane)
gavebetterresults,or resultsmore in tunewith the percep-

tual notion of tracking performance

An outline of the proposedevaluationframework is in

Tablel.

Theproposedlgorithmalsoencompassemnotheiinter
estingidea. Supposeave have avideosequenca whichthe
rst frameandthe lastframeareidentical,thenwe would
expectthetracler to localizethe tametin the lastframeat

thesamelocationasthe prior givenin the rst frame.Such

anideais exploitedfor detectingdrift in featurepointtrack-
ing in [15]. The proposedalgorithmis anextensionof that



Figure 1. Schematioof the referencepoint usedin the proposed
algorithm.

ideafor performanceharacterization.

Finally, the proposedramewnork extendsgracefullyeven
to systemswvherethe inferenceis not driven by particle I-
ters. For example,if the systemis linear Gaussianthenthe
posteriorcanbe computedusinga Kalman Iter. Thetime
reversedsystemis alsolinearGaussianandits posteriorcan
alsobe computedusinga Kalman lter. In this case,the
timereversedposteriorandtheprior canbecomparedising
(6). Giventhe Gaussiaristribution of bothdistributions,as
an alternatve similarity score,onecould analyticallycom-
putetheir KL divergencegoo. Finally, it might be possible
to provide theoreticalguaranteegor the algorithmin this
simplecase.

3.4.Similarity tothe ELL

The proposedevaluationmethodologyis similar to the
ELL statisticin spirit, bothinvolving posteriorof thetrack-
ing algorithmandthe prior attimet = 0. ELL propagtes
the prior densityto time t andcomputegheinaccurag be-
tweenthet-steppredictedprior andthethe posterior ;. In
contrastthe proposedmethodologytime reversesthe pos-
terior  backto initial time usinga time reversedsystem
andcomparest againstthe prior attimet = 0. Themain
differencen ourformulationis thet-stepreverseprediction
is conditionedontheobseneddata,while thet-steppredic-
tion in ELL is unconditional.

3.5.FastApproximation

Theproposedvaluationframevork posesarequirement
to procesgor track) acrossall theframesseenby thetrack-
ing algorithm. For suchan algorithm, the computational
requirementsncreasdinearly with the numberof frames
(seeFigurel). Thisis in practicea steeprequirement.

However, a setof sufcient (thoughnot necessarygon-
ditions canbedesignedo alleviatethis problem.We ague
thatif theperformancattimeT is good,thennotonly does
the nal posteriomatchwell with the prior density but that
the posteriordensitiesof the forward and reversetracker
shouldmatchat all intermediatetime instants. A fastap-
proximationis now proposedisingthis obsenation. Sup-
poseattimetg, the performancef the systemis evaluated

Figure2. Schematioof the referencepoint usedin the fasterap-
proximationto the proposedlgorithm.

to be good, thenfor an evaluationat a future time instant
t°> to, thetimety canbe usedasa referencepointin the

placeof thet = 0 (seeFigure2). However, the suitability

of the approximationrdepend®nthelength t = t° tg.

Thetrade-of hereis betweerthe computatiortime, thatis

proportionalto t andthe ability to detectslow changes
thatare of the order t. A clever choiceof t cangoa

long way in reducingthe computationrequirement®f the

proposedalgorithm.

4. Experimental Resultsand Discussions
4.1.Experimental Results

The proposedevaluation algorithm can detectvarious
commonfailuremodesn visualtrackingsystemsThe par
ticle lter basedvisualtrackingsystemproposedn [16] is
usedn ourexperiments.ThesystenusesanOAM in its ob-
senationmodelandthe six-dimensionaif ne deformation
matricesasits statespace We usedthe proposedvaluation
methodologyto studythe performanceof the OAM based
tracker intensiely over variousfailuremodes.

Figure 3 shaws resultsover a completeocclusionsce-
nario,with evaluationperformedonceevery 15frames.The
target undegoesocclusionaround110thframe. The pro-
posedstatisticandits fastapproximationsegisterpeaksor
sharprisesin value aroundthis frame. Further a fastap-
proximationwith t = 5 doesnot seemlarge enoughto
capturethe trackingfailure. However, a highervalueof t
registersthe lossof track. It is alsonoticedthatinference
usingfastapproximationss not usefulafteratrackfailure
is registered. This is becausédhat referencepoint against
whichthealgorithmis beingcompareds corrupted.

Figure4 shavs evaluationon a sequencén which atar
get exhibits a small changein pose,which the tracker can
easilykeeptrack of. As expected the proposedavaluation
methodologygeneratesest statisticswhich takes low val-
uesindicatingagoodtrackingperformanceFigure5 showvs
evaluationresultsonanaerialsequencé whichthetracker
losestrack of the target dueto jerky motion of the cam-
era. Theteststatisticsregistersharppeaksaroundthe point
wherethelossof trackhappens.



4.2.Testingwith Ground Truth

Theproposedilgorithmwastestedover sequencesf the
PETS-200datasetindtheevaluationis comparedvith the
groundtruth. Thecomparisorwith thegroundtruthis done
by computingthe distancebetweenthe centerof the tar
getashypothesizedy thetracker to the groundtruth. Fig-
ures6 and 7 show the resultson two sequencefrom the
datasetln Figure6, thetraclkertracksthe objectfairly well.
Both the proposedstatisticand the comparisoragainstthe
groundtruth take a low value. Figure 7 shavs evaluation
resultsover a scenaridanvolving trackingfailure. While all
statisticsregisterthe failure of track, the proposedstatistic
registersthe track failure beforethe groundtruth. This is
becauseof the speci ¢ evaluationcriterion usedwith the
groundtruth, which involvescomparingonly the centersof
the target, while the boundingbox is inaccuratebeforethe
lossof track (frame60).

4 .3.Discussion

To summarizeheresults thefollowing propertiesof the
proposedvaluationschemearehighlighted. The proposed
evaluation algorithm is shavn to detectcommonfailure
modesin visualtrackingandalsocomparegavorably with
groundtruth basedevaluation. The valueof t is shavn
to becritical in theef ciency of thefastapproximationsA
valueof t = 30seemgeasonablyarge enoughto regis-
ter failures. It is alsonotewvorthy thatfastapproximations
aremeaninglessifter detectionof failure, asthe reference
pointagainstwhich they arecomparedioesnot correspond
to goodtracking. Finally, the choiceof thresholdio declare
poorperformanceanbeeasilydecidedor aspeci c track-
ing systemby inspection.The choiceis alsoin uenced by
thevalueof t. It canbeseenthatfor all the experiments
in this paper the inferencefrom the proposedevaluation
agreesvell with humanperception.

5. Conclusions

In this paperwe presentinovel methodto provide auto-
matic andonline evaluationof the trackingperformancen
visual systemswithout the knowledgeof groundtruth. The
proposedevaluationalgorithmworks by verifying the prior
attimet = 0 againstthe posteriorof atime reversedchain.
Thetime reversedchainis initialized usingthe posteriorof
the trackingalgorithm. It is postulatedhat whenthe data
obey themodeling,the posteriorof the time reversedchain
attimet = Qis closeto theprior p(xo). We proposdastap-
proximationschemeshatreducethe computationatostfor

Itering acrossthe whole obsenation sequence.The pro-
posedalgorithmhasbeentestedextensiely on datasetand
it is empirically shavn that the evaluation schemeworks
well in detectingcommonfailure modes. While the focus
in thepaperhasbeenon systemsusingparticle Itering, the
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Figure 3. Performancevaluationover occlusion. Targetis com-
pletely occludedby framenumberl00. (Top left to bottomright)
Trackingresultsat framenumbersl, 20,40, 60, 80,100,120,135
and150(Bottomrow) Evaluationresultsusingthe proposedlgo-
rithm ( t = t) andits fastapproximationg t = 5;15; 30; 60).

underlyingalgorithmis fairly independenof the actual I-
teringtools used. We expectthat suchan algorithmwould
alsobeusefulfor validationin linear Gaussiamnmodels.Fu-
turework involvesderiving strongguaranteefor thedetec-
tion of failuremodesjn termsof recever operatingcharac-
teristics.
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