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Abstract

Planetaryoversoperatén ervironmentsvherehumaninterventionis expensve, slow,

unreliable,or impossible. It is thereforeessentiako monitor the behaior of these
robotsso that contingenciesnay be addressetbeforethey resultin catastrophidail-

ures.This monitoringneeddo beef cient sincethereis limited computationapower
availableonrovers.

We proposean ef cient particle Iter for monitoring faults that combinesthe Un-
scentecKalmanFilter (UKF) [7] andthe Variable ResolutionParticle Filter (VRPF)
[16]. We begin by usingthe UKF to obtainanimproved proposaldistribution for a
particle Iter which tracksdiscretefault variablesas part of its statespace. This re-
quirescomputinganunscentedransformfor every particleandevery possiblediscrete
transitionto afaultor nominalstateat eachinstantin time. Sincetherearepotentially
a large numberof faultsthat may occurat ary instant,this approachdoesnot scale
well. We usethe VRPFto addresshis concern.The VRPFtracksabstractateshat
mayrepresensinglestatesor setsof states.Therearemary fewer transitionsbetween
statesvhenthey arerepresenteth abstractionWe shav thatthe VRPFin conjunction
with aUKF proposaimprovesperformancandmay potentiallybeusedin large state
spacesExperimentatesultsshon a signi cant improvementin ef ciency.

1 Intr oduction

A numberof future space=xplorationmissionsincluderovers. To preventmissionfailure,
it is essentiato be ableto detectand recoser from faults. Here a fault is de ned asa
deviation from the expectecbehaior of the systemwhile afailure is acompleteinterrup-
tion of the systems ability to performits requiredoperations.The faultsaddressethere
includemechanicatomponenfailures,suchasbrokenmotorsandgearsfaultsdueto en-
vironmentalinteractionssuchasawheelstuckagainsta rock; andsensofailures,suchas
brokenencoderslinterpretingthesefaultsrequirescontext sensitve interpretatiorof sensor
datathat canbe obtainedby continuouslymonitoringthe dynamicsof the system,which
tendto differ accordingio operatingconditions.For example for arover, high powerdraw
on at groundmay be a causefor concernbut high power drav on a slopemight be per
fectly acceptable.Sensorddo not directly reportthesedynamicsbecausehey are noisy
andlimited, i.e., they do nothave complete@nformationaboutthe stateof theroverandthe
ervironmentthatit is operatingn. In addition,therearealargenumberof componentshat
canfail in variouscombinationsat ary instantin time andthe computationatesourcesre



toolimited to considerall possiblecombinations.

We focushereon the rover domain. The fault monitoring problemis formulatedin terms
of providing a distribution over the unobserablediscretefault andoperationaktatesof a
rover from noisy measurementsf continuoussensoreadings.We addresghis problem
usinga probabilistictechniquecalledBayes Itering. Bayeslters estimatehedistribution
overthestatespacethebeliefstate)of adynamicsystemconditionedonthedata. Tracking
anexactposterioris intractablefor thefault monitoringproblembecauséhe statespaces
very large. We usea specialcaseof a Bayes Iter calledthe particle Iter to approximate
the distribution over the statespace11]. Particle lters [3, 6] area Monte Carlo method
for monitoring dynamicsystemsby approximatingthe belief statewith a setof samples
or “particles”. The bene ts of this approacharethatit is non-parametri@andthatit can
represenarbitrarydistributions. Both discreteandcontinuousvariablescanberepresented
with a single particle lter. Particle Iters are easilyimplementedbasedon a forward
simulation.

The main drawback of particle Iters is that the samplingprocesshasa high variance,
particularlyin high-dimensionaspacesAs aresult,anextremelylargenumberof particles
are neededo obtaina reasonablepproximationof the belief state. It is not feasibleto
usesucha large numberof particles,given the computationakonstraintsof a planetary
rover. In this paperwe presentan improved particle Iter that reducesthe varianceof
the particle lter estimateby taking into accountthe next measurementvhengenerating
particles. This is doneby computingan approximatelyoptimal proposaldistribution for
eachtransitionusingan UnscenteKalmanFilter (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 representndividual statesor setsof stateg16]. The VRPF dynamically
variestheresolutionof the statespacdor computationakf ciency. Wherebeliefis strong,
resolutionis ne. Wherebelief is low, resolutionis coarse abstractingmultiple similar
statestogether The VRPF reducesthe numberof next statetransitions. Experimental
resultsshav a signi cant improvementin ef ciency.

2 BAYESIAN MODEL FOR MONIT ORING FAULTS

Let representhe nite setof discretefault andoperationaimodesof therover,

the stateof theroverattime and 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 ) at eachtime stepasit
evolvesbasedn thefollowing transitionmodel:

1)

Eachof the discretefault and operationaimodeschangeshe dynamicsof the rover. Let

denotethe multivariatecontinuousstateof the rover attime . The non-linear
conditionalstatetransitionmodelsaredenotedby . Thestateof therover
is obsenedthrougha sequencef measurements, , basedon the measuremennodel

3 CLASSICAL PARTICLE FILTER

The monitoring problemconsistsof estimatingthe maginal of the posterior
distribution . A recursve estimateof this posteriordistribution may be



obtainedusingthe Bayes lter:
2)

Thereis no closedform solutionto this recursionhencewe usea particle lter approxi-
mation. A particle Iter (PF)[5, 8] is a Monte Carlo approximationof the posteriorin a
Bayes Iter . PFsapproximatehe posterionwith asetof  fully instantiatedstatesamples

or particles andimportanceweights

®3)

where denoteghe Dirac deltafunction. It canbe shovn thatas the approx-
imationin (3) approacheshe true posteriordensity[14]. Becauset is dif cult to drav
sampledrom the true posterior we insteaddrav themfrom a moretractabledistribution
, calledthe proposalor importanceYistribution. Therearea large numberof possible
choicedor theproposadistribution, the only conditionbeingthatits supportmustinclude
thatof the posterior Theimportanceweightsareused[12, 13] to accountfor the discrep-
angy betweerthe proposaHdistribution andthetruedistribution , andfor

agivensample theimportanceweightis

(4)

The simplestchoicefor the proposalistributionis the transitionprobability

in which casetheimportanceneightis equalto thelik elihood

Thisis themostwidely usedproposadistribution[1, 4, 9] andis simpleto compute put it
canbeinef cient sinceit ignoresthe mostrecentmeasurement . Particularlyin thefault
diagnosiddomain,wheretherearea large numberof possiblefaultsthatmay occurat any
instantin time, the mostrecentmeasuremertdanbevery informative.

4 METHODS FOR ENHANCING MONIT ORING EFFICIENCY

A well-known problemwith particle lters is that a large numberof particlesare often
neededo obtaina reasonablepproximationof the posteriordistribution. For real-time
fault detectionandidenti cation, maintainingsucha large numberof particlesis typically
not practical. However, the varianceof the particle-basedstimatecan be high with a
limited numberof samplessincea large numberof faults may potentially occur at ary
instant.In addition,faultsaretypically notvery likely andso somepartsof the statespace
transitionto other partswith very low probability. Considerthe problemof diagnosing
locomotionfaultson a robot. The probability of a stalledmotoris low andwheelfaults
on the sameside generatesimilar obsenations. Motors on ary of the wheelsmay stall
at ary time. A particle Iter thatproducesan estimatewith a high varianceis likely to
resultin identifying somearbitrarywheelfault on the sameside,ratherthanidentifying the
correctfault. Herewe describea methodthat enablesef cient monitoringby producing
low varianceestimategvenfor smallsamplesizes.Theapproacttombineshe Unscented
KalmankFilter with the VariableResolutionParticle Filter.



4.1 UNSCENTED KALMAN FILTER

Doucetetal. [2] shav that is the“optimal” proposadistribution,
thatis, the distribution that minimizesthe varianceof theimportanceweightsconditioned

on and . Unfortunately it is dif cult to samplefrom exactly this proposal
distribution, sowe insteaduseUKFs [7] to approximatedt. This approximatioris similar
to anunscentegarticle Iter [15], but it takesinto accountthe factthatsomeof our state
variablesarediscretewhile othersarecontinuous.

Bayes'rule andour conditionalindependencassumptiongmply

Thenormalizingconstantsn theabove equationsare

We canignore  sinceit doesnt dependon  or . Thediscretetransitionprobability

is known. So,we will useUKFsto approximate and
for eachparticle andpossiblediscretetransition . To computetheseapproximationsve
needto examineeachpossiblepairof and separatelythis processanbecomputation-
ally expensve,acomplaintwhichwe will returnto in sectior4.2.

The UKF is arecursve minimum meansquareerror estimatorthat often providesan im-
provementover the ExtendedKalman Filter (EKF) for nonlinearmodels. The EKF lin-
earizesthe nonlinearprocessand measuremeninodelsusingthe rst ordertermsof a
Taylor seriesexpansion.The UKF, on the otherhand,doesnot approximatethe nonlinear
processandmeasuremenmnodels.It usesthe actualmodelsandinsteadapproximateshe
distribution of the statevariableasa Gaussian.The Gaussiarapproximations speci ed
usinga minimal setof deterministicallychosensamplesalledsigmapoints. Eachsigma
point is independentlypropagatedhroughthe processand measuremennodels,andthe
setof propagategigmapointsis analyzedo provide a posteriorGaussiarapproximation.
The processf calculating,propagatingand analyzingthe sigmapointsis calledan Un-
scentedlransformor UT; see[7] for detalils.

In our casewe useanUT to approximate asa GaussianThis approxi-
mationwill usuallybeexcellentbecauseve areconditioningonasinglepreviousstateand
a singlepossiblefault. Giventhis approximationwe cancomputeanalyticallythe values

for (themeanof ), (thecovarianceof ),and (theobsenationlikelihood).
Only thelastof thesequantitiess not givenby thestandardKalman lter equationslt is:

where istheinnovationcovarianceand isthepredictedobsenation(bothcomputed
fromtheUT).

Oncewe have nished our UTs, we can samplefrom our proposaldistribution by rst
drawing andthen accordingo (5-6),thencomputingimportanceveightsvia (4).

(®)
(6)



In orderto nd for every and , we mustcomputean UKF for eachparticle and
every possiblenext discretestatetransition.Giventhattherearepotentiallyalargenumber
of faultsto transitionto atany step,this maybeinef cient. We proposeo usethe Variable
ResolutionParticle Filter to addresshis.

4.2 VARIABLE RESOLUTION PARTICLE FILTER

The VariableResolutionParticle Filter (VRPF) utilizes abstractparticlesthat may repre-
sentindividual statesor setsof states. With this method,a single abstractparticle can
simultaneouslyrack multiple states.A limited numberof samplesarethereforesufcient

for representindarge statespacesA bias-\ariancetradeof is madeto abstractandre ne

statedynamicallyto changeheresolution.As aresultreasonablg@osteriorestimatecan
be obtainedwith arelatively smallnumberof samples.

We usea multi-layeredhierarchyto representhe variableresolutionstatespacemodel.
Eachphysical(non-abstractytateis aleaf of thehierarchy Setsof stateswith similar state
transitionand obsenation modelsare aggreyatedtogetherat eachlevel in the hierarchy
So,in additionto the physicalstates , the variableresolutionmodelusesabstracistates

thatrepresensetsof oneor morephysicalstates.We usedomainknowledgeto create
amulti-layerhierarchyof abstracstates:

if isaleaf
otherwise @)

In the exampleabove, the VRPF would aggreatethe wheel faults on the sameside of
therovertogetherinto anabstracfault state.Givena fault, the abstracstaterepresenting
the side on which the fault occurswould have high likelihood and the samplesin this
statewould be assigned high importancewneight. This would resultin multiple copiesof
thesesampleson resamplingoroportionalto weight. Oncetherearesufcient particlesto
populateall there ned statesrepresentedby the abstracttate,the resolutionof the state
would be changedo the statesepresentinghe individual wheelfaults. At this stage the
correcthypothesiss likely to beincludedin this particlebasedapproximatiorat the level
of theindividual statesandhencethe correctfaultis likely to be detected.

Forary x edresolutionof thestatespaceaposteriordistributionis computedy projecting
the abstracsampleontothe physicalstatescomputingthe posteriorsamplesetgiventhe

measuremengnddeterminingthe abstracktateshatthe posteriorsampleselongto. To

vary theresolutionof the statespacethe VRPFusesa bias-\ariancetradeof. Supposehat

theVRPFis currentlytrackingstatesat onelevel of the hierarchy A decisionto abstracto

the next coarserresolutionis madeif the combinationof biasandvariancein the abstract
state islessthanthe combinationof biasandvarianceof all its children , asshown

below:

(8)

Ontheotherhandif the statespacds currentlyatthe coarseresolutionandthereverseof

equation(8) holds,thenthe VRPFre nesto thenext ner resolution.To avoid hysteresis,
all abstractiondecisionsare considerecbeforeary re nementdecisions. Details on the

VRPFmaybefoundin [16].

We createa variableresolutionstatespacanodelfor thediscretefault states.Thisreduces

the numberof discretetransitionsthatneedto be consideredvhencomputing . As our
experimentakesultsshav, theresultingcomputationasaszingsaresigni cant.
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Figure 1: (a) Snapshofromthe dynamicsimulationof the six wheelrocker bagie rover in the sim-
ulator, (b) An exampleshowingthe normal trajectory (ND) and the change in the sametrajectory
with a fault at ead wheel.(c) Original discretestatetransitionmodel. Thediscretestatesare: Nor-
mal driving (ND), right and left, front, middleand rear wheelfaulty (RF RM, RR,LF, LM, LR) (d)
Abstract discrete statetransitionmodel. The states,RF, RM and RRhavebeenaggregatedinto the
RightSidewheelfaulty statesandsimilarly LF, LM andLR into Left Sidewheelfaulty stateRSand
LS).(e) Statespacemodelwhee RShasbeenre ned. All stateshaveselftransitionsthat havebeen
excludedfor clarity.

5 EXPERIMENTAL RESULTS

The problem domain for our experimentsinvolves diagnosinglocomotion faults in a
physicsbasedsimulationof a six wheelrover. Figure1(a)showvs a snapshobf the rover
in the Darwin2K [10] simulator The particlesetrepresentinghe stateconsistsof  par

ticles, whereeachparticle is a hypothesisaboutthe currentstateof the system.

is the discretefault or normalstateand is the multi-dimensionakontinuousstate
representinghe changein positionandorientationof the rover. Eachdiscretefault state
hasa differentobsenation and predictive modelfor the continuousstate. The probability
of adiscretestateis determinedy the densityof samplesn thatstate.

TheMarkov modelrepresentinghediscretestatetransitionsconsistof statesAs shovn

in gure 1(c)thenormaldriving (ND) statemaytransitionbackto the normaldriving state
or to ary oneof six fault states:right front (RF), right middle (RM), right rear(RR), left

front (LF), left middle (LM) andleft rear (LR) wheelstuck. Eachof thesefaults cause
a changein the rover dynamics,but the faults on eachside (right andleft) have similar

dynamics.

Figure2 shavsacomparisorof theerrorfrom monitoringthestateusingaclassicaparticle
Iter anda particle Iter thatusesan UKF proposal. The  axis shavs the numberof
particlesused,the  axis shaws the KL divergencefrom an approximationof the true
posteriorcomputedusinga large numberof samples.For the experimentin gure 2, the
continuougmeasurementserethe absoluterover position. samplesvereusedto
computean approximationto the true distribution. The KL divergenceis computedover
the entire length of the datasequenceandis averagedover multiple runs over the same
dataset! The datasetincludednormaloperationand eachof the six faults. Figure 2(a)
demonstratethatusingan UKF proposaldramaticallyimprovesthe performance Figure
2(b) shaws the KL-divergencealongthe  axis andwall clock time? alongthe  axis.

Theresultsareanaverageover to runswith repetitionsdecreasingisthe samplesizewas
increased.

2Giventhatthis is wall clock time, it shouldbetakenwith a grain of salt. The testswererunon
lab machinesisedby multiple users We hopeto have minimizedthein uence of otherprocesseby
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Figure 2: Comparisorof the KL divergencefromthetrue distribution for the classicalparticle Iter

anda particle lter thatusesan UKF proposal,against(a) numberof particlesused,(b) wall clock
time

Both Iters werecodedin matlabandshareasmary functionsaspossible.

Giventhatthethreewheelson eachsideof theroverhave similardynamicswe constructed
a hierarchyfor the VRPF that clustersthe fault stateson eachside together Figure 1(d)
shaws this hierarchicaimodel,wherethe abstracstatesight sidefault (RS), andleft side
fault (LS) represensetsof states RF, RM, RR and LF, LM, LR respectiely. The
highestlevel of abstractiorthereforeconsistsof nodes ND, RS,LS . Figurel(e)shavs
how the statespacen gure 1(d)would bere ned if thebiasin theabstracstateRS given
thenumberof particlesoutweighsthe reductionin varianceoverthe specializedstatesRF
RM andRRata ner resolution.

Whenpatrticle Itering is performedwith the VRPF the particlesareinitialized atthe high-
estlevelin theabstractiorhierarchyi.e.,in theabstracstatefND, RSandLS. If aRFfault
occurs,this is likely to resultin a high likelihood of samplesn RS. Thesesampleswill
multiply, which maythenresultin thebiasin RSexceedinghereductionin variancein RS
overRF, RM andRR, thusfavoringtrackingatthe ner resolution.Additionalobsenations
shouldthenassigna highlikelihoodto RF.

Figure3 shavsacomparisorof theperformancef theclassicaparticle Iter , aparticle I-
terwith anUKF proposalUPF)anda VRPFwith anUKF proposadistribution (VR-UF).
Theimprovementin performanceof the VR-UF over UPFis expectedto be even greater
whenthevariableresolutionstatespacemodelis largerandresultsin alargerreductionin
the sizeof the statespacethanthe simple experimentwe present.This is becausa UKF
needgo be computedor every possiblediscretestatetransition. The discretestatetransi-
tionsbetweerthe abstracstatein the VR-UF aresmallerthanthediscretestatetransitions
betweerthe physicalstatesusedin UPFE

6 CONCLUSIONS

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

runningthetestsat night.
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Figure 3: Comparisorof theKL divergencefromthetrue distribution for theclassicalparticle lter,

aparticle Iter with UKF proposalandthe VRPFwith UKF proposal for a hybrid statespaceagainst
(a) thenumberof particlesused,(b) wall clock time

methods,our approachs valid even whenthe processs non-linear It is basedon par
ticle Iters andhasall the advantageof particle Iters which includethe ability to rep-
resentnon-parametrigosteriorsnon-linearprocessesand easyextensionto an arytime
approach.The maindravbackof particle lters is thatalarge numberof samplesnay be
neededor reasonablapproximationsOur approachusesan UnscentedKalmanFilter to
focusparticlesin regionsof the statespacewith high predictie lik elihoodwhich requires
acomparatirely smallernumberof sampledor performance&eomparabléo a classicapar
ticle Iter. In additionit useghe VariableResolutiorParticle Filter thatmaintainssamples
in differentregionsof the statespaceat dynamicallyvarying resolutionto minimize the
numberof next statetransitionsthat mustbe consideredvhen computingthe predictive
likelihoodusingan UKF approximation.Our experimentalresultsshav a signi cant im-
provementin performancewith this approach Althoughwe usedthe UKF approximation
at eachtime step,one may chooseto useit only whena transitionis madefrom a nor-

mal to fault statesincethis transitionintroducesa high uncertaintyin the continuousstate
estimate.
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