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Abstract

Planetaryroversoperatein environmentswherehumaninterventionis expensive,slow,
unreliable,or impossible. It is thereforeessentialto monitor the behavior of these
robotsso thatcontingenciesmaybeaddressedbeforethey resultin catastrophicfail-
ures.This monitoringneedsto beef�cient sincethereis limited computationalpower
availableonrovers.
We proposean ef�cient particle �lter for monitoring faults that combinesthe Un-
scentedKalmanFilter (UKF) [7] andtheVariable ResolutionParticle Filter (VRPF)
[16]. We begin by usingthe UKF to obtainan improvedproposaldistribution for a
particle�lter which tracksdiscretefault variablesaspart of its statespace.This re-
quirescomputinganunscentedtransformfor everyparticleandeverypossiblediscrete
transitionto a faultor nominalstateat eachinstantin time. Sincetherearepotentially
a large numberof faultsthat may occurat any instant,this approachdoesnot scale
well. We usetheVRPFto addressthis concern.TheVRPFtracksabstractstatesthat
mayrepresentsinglestatesor setsof states.Therearemany fewertransitionsbetween
stateswhenthey arerepresentedin abstraction.Weshow thattheVRPFin conjunction
with aUKF proposalimprovesperformanceandmaypotentiallybeusedin largestate
spaces.Experimentalresultsshow asigni�cant improvementin ef�ciency.

1 Intr oduction

A numberof futurespaceexplorationmissionsincluderovers.To preventmissionfailure,
it is essentialto be able to detectand recover from faults. Here a fault is de�ned as a
deviation from theexpectedbehavior of thesystem,while a failure is a completeinterrup-
tion of the system's ability to performits requiredoperations.The faultsaddressedhere
includemechanicalcomponentfailures,suchasbrokenmotorsandgears;faultsdueto en-
vironmentalinteractions,suchasa wheelstuckagainsta rock; andsensorfailures,suchas
brokenencoders.Interpretingthesefaultsrequirescontext sensitiveinterpretationof sensor
datathat canbe obtainedby continuouslymonitoringthedynamicsof thesystem,which
tendto differ accordingto operatingconditions.For example,for a rover, highpowerdraw
on �at groundmaybea causefor concern,but high power draw on a slopemight beper-
fectly acceptable.Sensorsdo not directly report thesedynamicsbecausethey arenoisy
andlimited, i.e., they donothavecompleteinformationaboutthestateof theroverandthe
environmentthatit is operatingin. In addition,therearealargenumberof componentsthat
canfail in variouscombinationsat any instantin time andthecomputationalresourcesare



too limited to considerall possiblecombinations.

We focushereon therover domain.Thefault monitoringproblemis formulatedin terms
of providing a distribution over theunobservablediscretefault andoperationalstatesof a
rover from noisy measurementsof continuoussensorreadings.We addressthis problem
usingaprobabilistictechniquecalledBayes�ltering. Bayes�lters estimatethedistribution
overthestatespace(thebeliefstate)of adynamicsystemconditionedonthedata.Tracking
anexactposterioris intractablefor thefault monitoringproblembecausethestatespaceis
very large. We usea specialcaseof a Bayes�lter calledtheparticle �lter to approximate
thedistribution over thestatespace[11]. Particle �lters [3, 6] area MonteCarlomethod
for monitoringdynamicsystemsby approximatingthe belief statewith a setof samples
or “particles”. The bene�ts of this approacharethat it is non-parametricandthat it can
representarbitrarydistributions.Bothdiscreteandcontinuousvariablescanberepresented
with a single particle �lter . Particle �lters are easily implementedbasedon a forward
simulation.

The main drawbackof particle �lters is that the samplingprocesshasa high variance,
particularlyin high-dimensionalspaces.As aresult,anextremelylargenumberof particles
areneededto obtaina reasonableapproximationof the belief state. It is not feasibleto
usesucha large numberof particles,given the computationalconstraintsof a planetary
rover. In this paperwe presentan improved particle �lter that reducesthe varianceof
the particle�lter estimateby taking into accountthe next measurementwhengenerating
particles. This is doneby computingan approximatelyoptimal proposaldistribution for
eachtransitionusinganUnscentedKalmanFilter (UKF) [7]. Particlesarethengenerated
from this proposaldistribution. To improve the scalability of this approachwe usethe
Variable ResolutionParticle Filter (VRPF). The VRPF introducedthe notion of abstract
statesthat may representindividual statesor setsof states[16]. The VRPF dynamically
variestheresolutionof thestatespacefor computationalef�ciency. Wherebelief is strong,
resolutionis �ne. Wherebelief is low, resolutionis coarse,abstractingmultiple similar
statestogether. The VRPF reducesthe numberof next statetransitions. Experimental
resultsshow a signi�cant improvementin ef�ciency.

2 BAYESIAN MODEL FOR MONIT ORING FAULTS

Let
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representthe �nite setof discretefault andoperationalmodesof therover, �����
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thestateof theroverat time � and ���
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	 thediscrete,�rst orderMarkov chainrepresenting

the evolution of the stateover time. The problemof monitoring the stateof the rover
consistsof providing a belief (a distribution over the stateset
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) at eachtime stepas it
evolvesbasedon thefollowing transitionmodel:
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Eachof the discretefault andoperationalmodeschangesthe dynamicsof the rover. Let
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3 CLASSICAL PARTICLE FILTER

The monitoringproblemconsistsof estimatingthemarginal �%�
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obtainedusingtheBayes�lter:
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Thereis no closedform solutionto this recursion,hencewe usea particle�lter approxi-
mation. A particle�lter (PF) [5, 8] is a Monte Carlo approximationof theposteriorin a
Bayes�lter . PFsapproximatetheposteriorwith a setof � fully instantiatedstatesamples
or particles�
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where
�

�('

� denotestheDirac deltafunction. It canbeshown thatas �*),+ theapprox-
imation in (3) approachesthe true posteriordensity[14]. Becauseit is dif�cult to draw
samplesfrom the trueposterior, we insteaddraw themfrom a moretractabledistribution
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� , calledtheproposal(or importance)distribution. Therearea largenumberof possible
choicesfor theproposaldistribution,theonly conditionbeingthatits supportmustinclude
thatof theposterior. Theimportanceweightsareused[12, 13] to accountfor thediscrep-
ancy betweentheproposaldistribution -��('

� andthetruedistribution �%�&�
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Thesimplestchoicefor theproposaldistribution is thetransitionprobability
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in whichcasetheimportanceweightis equalto thelikelihood
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This is themostwidely usedproposaldistribution [1, 4, 9] andis simpleto compute,but it
canbeinef�cient sinceit ignoresthemostrecentmeasurement)

� . Particularlyin thefault
diagnosisdomain,wheretherearea largenumberof possiblefaultsthatmayoccurat any
instantin time, themostrecentmeasurementcanbevery informative.

4 METHODS FOR ENHANCING MONIT ORING EFFICIENCY

A well-known problemwith particle �lters is that a large numberof particlesareoften
neededto obtaina reasonableapproximationof the posteriordistribution. For real-time
fault detectionandidenti�cation, maintainingsucha largenumberof particlesis typically
not practical. However, the varianceof the particle-basedestimatecan be high with a
limited numberof samples,sincea large numberof faultsmay potentiallyoccurat any
instant.In addition,faultsaretypically not very likely andsosomepartsof thestatespace
transitionto other partswith very low probability. Considerthe problemof diagnosing
locomotionfaultson a robot. The probability of a stalledmotor is low andwheelfaults
on the samesidegeneratesimilar observations. Motors on any of the wheelsmay stall
at any time. A particle �lter that producesan estimatewith a high varianceis likely to
resultin identifyingsomearbitrarywheelfaultonthesameside,ratherthanidentifying the
correctfault. Herewe describea methodthat enablesef�cient monitoringby producing
low varianceestimatesevenfor smallsamplesizes.TheapproachcombinestheUnscented
KalmanFilter with theVariableResolutionParticleFilter.



4.1 UNSCENTED KALMAN FILTER

Doucetet al. [2] show that �%�&�
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that is, thedistribution thatminimizesthevarianceof theimportanceweightsconditioned
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and ) � . Unfortunately, it is dif�cult to samplefrom exactly this proposal
distribution, sowe insteaduseUKFs [7] to approximateit. This approximationis similar
to anunscentedparticle�lter [15], but it takesinto accountthefact thatsomeof our state
variablesarediscretewhile othersarecontinuous.

Bayes'ruleandourconditionalindependenceassumptionsimply
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Thenormalizingconstantsin theaboveequationsare
�


 �

�

��� 0

�%�

) �

�


 �

�

�����

� ��
 �

�

�����

�

�


 �

�

� �

�

�%�

)
� �

�


 �

�

��� �

�
�

���

We canignore �


 �

� sinceit doesn't dependon �

� or �
� . Thediscretetransitionprobability

�%�

�
� �

��
 �

�

�����

� is known. So,we will useUKFs to approximate�


 �

�

�
� and �
� �

�'�

�


 �

�

�����

�
�

���
)

���

for eachparticle � andpossiblediscretetransition�
� . To computetheseapproximationswe

needto examineeachpossiblepairof � and � � separately;thisprocesscanbecomputation-
ally expensive,a complaintwhichwe will returnto in section4.2.

TheUKF is a recursive minimummeansquareerrorestimatorthatoftenprovidesan im-
provementover the ExtendedKalmanFilter (EKF) for nonlinearmodels. The EKF lin-
earizesthe nonlinearprocessand measurementmodelsusing the �rst order termsof a
Taylor seriesexpansion.TheUKF, on theotherhand,doesnot approximatethenonlinear
processandmeasurementmodels.It usestheactualmodelsandinsteadapproximatesthe
distribution of the statevariableasa Gaussian.The Gaussianapproximationis speci�ed
usinga minimal setof deterministicallychosensamplescalledsigmapoints. Eachsigma
point is independentlypropagatedthroughtheprocessandmeasurementmodels,andthe
setof propagatedsigmapointsis analyzedto providea posteriorGaussianapproximation.
The processof calculating,propagating,andanalyzingthesigmapointsis calledan Un-
scentedTransformor UT; see[7] for details.

In ourcase,weuseanUT to approximate�%�&�
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��� asa Gaussian.Thisapproxi-
mationwill usuallybeexcellentbecauseweareconditioningonasinglepreviousstateand
a singlepossiblefault. Giventhis approximation,we cancomputeanalyticallythevalues
for � 
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Only thelastof thesequantitiesis notgivenby thestandardKalman�lter equations.It is:
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� is thepredictedobservation(bothcomputed

from theUT).

Oncewe have �nished our UTs, we can samplefrom our proposaldistribution by �rst
drawing �,� andthen �

� accordingto (5–6),thencomputingimportanceweightsvia (4).
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In order to �nd �
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��� for every �,� and � , we mustcomputean UKF for eachparticleand
everypossiblenext discretestatetransition.Giventhattherearepotentiallya largenumber
of faultsto transitionto atany step,thismaybeinef�cient. We proposeto usetheVariable
ResolutionParticleFilter to addressthis.

4.2 VARIABLE RESOLUTION PARTICLE FILTER

The VariableResolutionParticle Filter (VRPF) utilizes abstractparticlesthat may repre-
sent individual statesor setsof states. With this method,a single abstractparticle can
simultaneouslytrackmultiple states.A limited numberof samplesarethereforesuf�cient
for representinglargestatespaces.A bias-variancetradeoff is madeto abstractandre�ne
statesdynamicallyto changetheresolution.As a resultreasonableposteriorestimatescan
beobtainedwith a relatively smallnumberof samples.

We usea multi-layeredhierarchyto representthe variableresolutionstatespacemodel.
Eachphysical(non-abstract)stateis a leafof thehierarchy. Setsof stateswith similar state
transitionandobservation modelsareaggregatedtogetherat eachlevel in the hierarchy.
So,in additionto thephysicalstates��� , thevariableresolutionmodelusesabstractstates
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thatrepresentsetsof oneor morephysicalstates.We usedomainknowledgeto create
a multi-layerhierarchyof abstractstates:
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In the exampleabove, the VRPF would aggregatethe wheel faultson the sameside of
therover togetherinto anabstractfault state.Givena fault, theabstractstaterepresenting
the side on which the fault occurswould have high likelihood and the samplesin this
statewould beassigneda high importanceweight. This would resultin multiple copiesof
thesesampleson resamplingproportionalto weight. Oncetherearesuf�cient particlesto
populateall the re�ned statesrepresentedby the abstractstate,the resolutionof thestate
would bechangedto thestatesrepresentingthe individual wheelfaults. At this stage,the
correcthypothesisis likely to beincludedin this particlebasedapproximationat thelevel
of theindividualstatesandhencethecorrectfault is likely to bedetected.

Forany �x edresolutionof thestatespace,aposteriordistributionis computedbyprojecting
theabstractsamplesontothephysicalstates,computingtheposteriorsamplesetgiventhe
measurement,anddeterminingtheabstractstatesthat theposteriorsamplesbelongto. To
vary theresolutionof thestatespace,theVRPFusesabias-variancetradeoff. Supposethat
theVRPFis currentlytrackingstatesatonelevel of thehierarchy. A decisionto abstractto
thenext coarserresolutionis madeif thecombinationof biasandvariancein theabstract
state
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is lessthanthecombinationof biasandvarianceof all its children
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On theotherhandif thestatespaceis currentlyat thecoarserresolutionandthereverseof
equation(8) holds,thentheVRPFre�nes to thenext �ner resolution.To avoid hysteresis,
all abstractiondecisionsareconsideredbeforeany re�nement decisions. Detailson the
VRPFmaybefoundin [16].

We createa variableresolutionstatespacemodelfor thediscretefault states.This reduces
thenumberof discretetransitionsthatneedto beconsideredwhencomputing�
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� . As our

experimentalresultsshow, theresultingcomputationalsavingsaresigni�cant.
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Figure 1: (a) Snapshotfromthedynamicsimulationof thesix wheelrocker bogie rover in thesim-
ulator, (b) An exampleshowingthe normal trajectory(ND) and the change in the sametrajectory
with a fault at each wheel.(c) Original discretestatetransitionmodel.Thediscretestatesare: Nor-
mal driving (ND), right and left, front, middleandrear wheelfaulty (RF, RM, RR,LF, LM, LR) (d)
Abstract discretestatetransitionmodel. Thestates,RF, RM andRRhavebeenaggregatedinto the
RightSidewheelfaultystatesandsimilarly LF, LM andLRinto LeftSidewheelfaultystates(RSand
LS).(e) Statespacemodelwhere RShasbeenre�ned. All stateshaveself transitionsthat havebeen
excludedfor clarity.

5 EXPERIMENT AL RESULTS

The problem domain for our experimentsinvolves diagnosinglocomotion faults in a
physicsbasedsimulationof a six wheelrover. Figure1(a)shows a snapshotof the rover
in theDarwin2K [10] simulator. Theparticlesetrepresentingthestateconsistsof � par-
ticles,whereeachparticle
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is thediscretefault or normalstateand �
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is themulti-dimensionalcontinuousstate
representingthe changein positionandorientationof the rover. Eachdiscretefault state
hasa differentobservationandpredictive modelfor thecontinuousstate.Theprobability
of a discretestateis determinedby thedensityof samplesin thatstate.

TheMarkov modelrepresentingthediscretestatetransitionsconsistsof � states.As shown
in �gure 1(c) thenormaldriving (ND) statemaytransitionbackto thenormaldriving state
or to any oneof six fault states:right front (RF), right middle (RM), right rear(RR), left
front (LF), left middle (LM) and left rear (LR) wheelstuck. Eachof thesefaultscause
a changein the rover dynamics,but the faultson eachside(right andleft) have similar
dynamics.

Figure2 showsacomparisonof theerrorfrom monitoringthestateusingaclassicalparticle
�lter anda particle �lter that usesan UKF proposal. The � axis shows the numberof
particlesused,the � axis shows the KL divergencefrom an approximationof the true
posteriorcomputedusinga largenumberof samples.For theexperimentin �gure 2, the
continuousmeasurementsweretheabsoluteroverposition. ������������� sampleswereusedto
computean approximationto the true distribution. The KL divergenceis computedover
the entire lengthof the datasequenceand is averagedover multiple runsover the same
dataset.1 The dataset includednormaloperationandeachof the six faults. Figure2(a)
demonstratesthatusinganUKF proposaldramaticallyimprovestheperformance.Figure
2(b) shows the KL-divergencealong the � axis andwall clock time2 alongthe � axis.

1Theresultsareanaverageover ��� to � runswith repetitionsdecreasingasthesamplesizewas
increased.

2Giventhat this is wall clock time, it shouldbetakenwith a grainof salt. Thetestswererun on
labmachinesusedby multipleusers.Wehopeto have minimizedthein�uence of otherprocessesby
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Figure2: Comparisonof theKL divergencefromthetruedistribution for theclassicalparticle �lter
anda particle �lter that usesan UKF proposal,against(a) numberof particlesused,(b) wall clock
time.

Both �lters werecodedin matlabandshareasmany functionsaspossible.

Giventhatthethreewheelsoneachsideof theroverhavesimilardynamics,weconstructed
a hierarchyfor the VRPF that clustersthe fault stateson eachsidetogether. Figure1(d)
shows this hierarchicalmodel,wheretheabstractstatesright sidefault (RS),andleft side
fault (LS) representsetsof states� RF, RM, RR	 and � LF, LM, LR 	 respectively. The
highestlevel of abstractionthereforeconsistsof nodes� ND, RS,LS 	 . Figure1(e)shows
how thestatespacein �gure 1(d)wouldbere�ned if thebiasin theabstractstateRSgiven
thenumberof particlesoutweighsthereductionin varianceover thespecializedstatesRF,
RM andRRat a �ner resolution.

Whenparticle�ltering is performedwith theVRPF, theparticlesareinitializedat thehigh-
estlevel in theabstractionhierarchy, i.e., in theabstractstatesND, RSandLS. If aRFfault
occurs,this is likely to result in a high likelihoodof samplesin RS. Thesesampleswill
multiply, whichmaythenresultin thebiasin RSexceedingthereductionin variancein RS
overRF, RM andRR,thusfavoringtrackingatthe�ner resolution.Additionalobservations
shouldthenassigna high likelihoodto RF.

Figure3 showsacomparisonof theperformanceof theclassicalparticle�lter , aparticle�l-
terwith anUKF proposal(UPF)andaVRPFwith anUKF proposaldistribution(VR-UF).
The improvementin performanceof theVR-UF over UPF is expectedto be evengreater
whenthevariableresolutionstatespacemodelis largerandresultsin a largerreductionin
thesizeof thestatespacethanthesimpleexperimentwe present.This is becausea UKF
needsto becomputedfor every possiblediscretestatetransition.Thediscretestatetransi-
tionsbetweentheabstractstatein theVR-UF aresmallerthanthediscretestatetransitions
betweenthephysicalstatesusedin UPF.

6 CONCLUSIONS

We presentan ef�cient methodfor monitoring hybrid statespacesand demonstratethe
applicability of the approachfor fault diagnosison rovers. Unlike a numberof existing

runningthetestsatnight.
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Figure3: Comparisonof theKL divergencefromthetruedistribution for theclassicalparticle �lter ,
a particle�lter with UKF proposalandtheVRPFwith UKF proposal,for a hybridstatespaceagainst
(a) thenumberof particlesused,(b) wall clock time.

methods,our approachis valid even whenthe processis non-linear. It is basedon par-
ticle �lters andhasall the advantagesof particle �lters which includethe ability to rep-
resentnon-parametricposteriors,non-linearprocesses,andeasyextensionto an anytime
approach.Themaindrawbackof particle�lters is thata largenumberof samplesmaybe
neededfor reasonableapproximations.Our approachusesanUnscentedKalmanFilter to
focusparticlesin regionsof thestatespacewith high predictive likelihoodwhich requires
acomparatively smallernumberof samplesfor performancecomparableto aclassicalpar-
ticle �lter . In additionit usestheVariableResolutionParticleFilter thatmaintainssamples
in differentregionsof the statespaceat dynamicallyvarying resolutionto minimize the
numberof next statetransitionsthat mustbe consideredwhencomputingthe predictive
likelihoodusinganUKF approximation.Our experimentalresultsshow a signi�cant im-
provementin performancewith this approach.Althoughwe usedtheUKF approximation
at eachtime step,onemay chooseto useit only whena transitionis madefrom a nor-
mal to fault statesincethis transitionintroducesa high uncertaintyin thecontinuousstate
estimate.
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