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Abstiact— An increasedlevel of autonomyis critical for
meetingmary of the goalsof advancedplanetaryrover mis-
sionssuchasNASA's 2009 Mars ScienceLab. Oneimpor-
tant componenbf this is stateestimation,andin particular
fault detectionon-boardthe rover. In this paperwe describe
the resultsof a projectfundedby the Mars TechnologyPro-
gramat NASA, aimedat developingalgorithmsto meetthis
requirementWe describea numberof particle ltering-based
algorithmsfor stateestimationwhich we have demonstrated
successfullyon diagnosisproblemsincluding the K-9 rover
at NASA AmesResearctCenterandthe Hyperionrover at
CMU. Becausef the closeinteractionbetweena rover and
its ervironment,traditional discreteapproacheso diagnosis
are impracticalfor this domain. Thereforewe modelrover
subsystemashybrid discrete/continuousystemsThereare
threemajor challengego make particle Iters work in this
domain. The rst is that fault statestypically have a very
low probability of occurring,so thereis a risk thatno sam-
pleswill enterfault states. The secondissueis copingwith
the high-dimensionatontinuousstatespacesof the hybrid
systemmodels,andthethird is the severely constrainedtom-
putationalpower availableontherover. This meanghatvery
few samplesanbe usedif we wish to trackthe systemstate
in real time. We describea numberof approacheso rover
diagnosisspeci cally designedo addresshesechallenges.
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1. INTRODUCTION

This paperreportsthe resultsfrom a study doneas part of
NASA's Mars TechnologyProgramentitled“Real-time Fault
Detectionand SituationalAwarenesdor Rovers”. The main
goal of this projectwasto develop and demonstrate fault-
detectiontechnologycapableof operatingon-boarda Mars
roverin real-time.

Fault diagnosigs a critical taskfor autonomou®perationof
systemssuchas spacecrafand planetaryrovers. The diag-
nosisproblemis to determinethe stateof a systemover time
given a streamof obsenationsof that system. A common
approachto this problemis model-basedliagnosis[3], [4],
in which the overall systemstateis representedsanassign-
mentof a mode(a discretestate)to eachcomponenbf the
system. Suchan assignmenis a possibledescriptionof the
currentstateof thesystemif thesetof modelsassociateavith
the modesis consistentvith the obsered sensowalues.An
examplemodel-basedliagnosissystemis Livingstone[24],
which e w onthe DeepSpaceOnespacecrafaspartof the
RemoteAgent Experiment [15] in May 1999. In Living-
stone diagnosiss doneby maintaininga candidatehypothe-
ses(in othersystemsnorethanonehypothesigs kept)about
the currentstateof eachsystemcomponentand comparing
the candidates predictedbehaiour with the systemsensors.
Traditional approache®perateon discretemodelsand use
monitors to translatecontinuoussensoreadingsnto discrete
values.Themonitorsaretypically only usedoncethe sensor
readingshave settledon a consistenvalue,andhencethese
systemgannotgenerallydiagnosdransientevents.

For mary applicationsge.g.planetaryrovers,thecomple dy-

namicsof the systemmale reasoningwith a discretemodel
inadequate.This is becausdoo ne a discretizationis re-

quiredto accuratelymodelthe system;becausehe monitors
would needglobal sensorinformationto discretizea single
sensorcorrectly; and becausdransienteventsmustbe diag-

nosed.To overcomethis we needto reasordirectly with the

continuousvalueswe receize from sensorsOur modelneeds
to beahybrid system.



A hybrid systemconsistsof a setof discretemodes which
represenfault stateor operationamodesof the systemand
a set of continuousvariableswhich model the continuous
guantitiesthataffect systembehaiour. We will usetheterm
stateto refer to the combinationof these,thatis, a stateis
a modeplus a valuefor eachcontinuousvariable,while the
modeof a systemrefersonly to the discretepart of the state.
For example,consideramotor. It canbeidle or powered,and
hasa numberof faultmodessuchashaving a faulty encoder
Thesecorrespondo thediscretepartof themodel.It alsohas
continuousstate,suchasits runningspeedthe currentpow-
eringit, andsoon. In eachdiscretemode thereis a setof dif-
ferentialequationghatdescribethe relationshipbetweerthe
variouscontinuousvalues,andthe way thosevaluesevolve
over time. Thereis alsoa transitionfunction that describes
how the systemmovesfrom one modeto another In mary
casesnotall of thehybrid systemwill be obserable. There-
fore, we also have an obsenration function that de nes the
likelihood of an obsenation given the modeandthe values
of the continuousvariables. All theseprocessesre inher
ently noisy, andthe representatiome ects this by explicitly
includingnoisein the continuoussalues,andstochastidran-
sitionsbetweersystemmodes We describeour hybrid model
in moredetailbelow.

The complex dynamicsof the rover, alongwith its interac-
tion with an extremelycomple&, poorly modeled,andnoisy
ernvironment—thesurfaceof Mars—malesit very dif cult to
determinghetrue stateof therover atary pointin time with
certainty To combatthis, we advocatediagnosisalgorithms
thatexplicitly representincertaintyatevery point, thusallow-
ing control of therover to reasoraboutthe uncertaintywhen
selectingactionsto perform. This is extremelyimportantfor
therover asactionsthatappeaigoodfor the mostlikely state
may be catastrophidf therover turnsoutto bein anotherof
its possiblestates.Explicitly representingincertaintyabout
statealsomakesdiagnosiseasieraswe automaticallyhave a
setof alternatestatesvhena new obserationis inconsistent
with themostlik ely stateor states.

To representuncertaintyabout the state of the rover, the
diagnosis algorithms we will present maintain a belief
distribution—a probability distribution over the statesthe
rover could be in. To maintain this distribution, the al-
gorithms will perform Bayesianbelief updating In this
approach,we begin with a prior probability distribution
P(So) = thatrepresent®ur initial beliefsaboutthe state
of the system,and as a sequenceof obsenationsy;.; are
madeof the system,we updatethe distribution to produce
P(Stj ;vyi1:t), theprobabilityattimet of eachstategiventhe
prior andthe obsenrations. Unfortunately aswe will seebe-
low, doingthis computatiorexactly is computationallyinfea-
sibleon-boardtherover, sowe mustapproximatet.

We will approximateBayesianbelief updatingusinga par-
ticle lter [10], [6]. A particle lter approximateshe belief
distribution usinga setof pointsamplesin contrastthe pop-

ularKalmanFilter (seefor example[7]) approximateshedis-
tribution by a singleGaussiardistribution. The particle Iter
hasa numberof importantadwantages:

It canbe appliedmore easilyto hybrid models. The par
ticle Iter simply maintainsa discreteand continuousstate
for every sample sothewholeis adistribution overthecom-
pletemodel. Banksof Kalman Iters—one for eachdiscrete
state—caralsobe used,but thereis no simpleway to deter
minethecontritution of each lter to the overall distribution.

It can representnon-Gaussiandistributions. This al-
lows modelswith non-linearcontinuousdynamicsandnon-
Gaussiamoise.As we shall see theseareimportantconsid-
erationsfor therover domain.

It caneasilybe adjustedto available computation simply
by increasingor decreasinghe numberof samplesThis can
bedoneonthe y asthealgorithmis running.

The essencef the particle Iter approachs to simulatethe
behaiour of the system. Eachsamplepredictsa future be-
haviour of the systemin a Monte-Carlofashion,andthesam-
plesthatmatchtheobseredsystembehaiour arekept,while
onesthatfail to predictthe obsenationstendto die out. We
describehebasicparticle Iter algorithmin Section2.

The new algorithmswe have developedfor this projectare
motivatedby a numberof problemswith applyingthe stan-
dardparticle Iter to diagnosigproblems:

1. Very low prior fault probabilities: Diagnosisproblems
areparticularlydif cult for approximationalgorithmsbased
on samplingbecausehe low probabilitiesof transitionsto
fault statescanleadto incorrectdiagnosedecausehereare
nosamplesn astateeventhoughit hasanon-zergprobability
of occurring.

2. Restricted computational resources: For spaceapplica-
tions,computatiortimeis oftenata premium particularlyfor
on-boardreal-timediagnosis For this reasondiagnosignust
beasefcient aspossible.

3. High dimensionalstatespaces:As thedimensionalityof
a problemgrows, the numberof samplesrequiredto accu-
rately approximatehe posteriordistribution grows exponen-
tially.

4. Non-linear stochastic transitions and obsewations:
Many algorithmsarerestrictedto linear modelswith Gaus-
siannoise. Our domainsfrequentlybehae non-linearly so
we would preferanalgorithmwithout this restriction.

5. Multimodal systembehaviour: Evenin asinglediscrete
mode,the obserationsareoften consistentith several val-
uesfor the continuousvariables,and so multi-modal distri-
butions appear For example,whena rover is commanded
to acceleratewe areoften uncertainaboutexactly whenthe
commands executed. Differentstarttimesleadto different
estimate®f currentspeedandhencea multi-modaldistribu-
tion.

While thesdasttwo pointsarenotaproblemfor thestandard
particle Iter, mary of the moreefcient particle Iter vari-



antsrely on assumptiongnconsistentith them. Sincenon-
lineardynamicsandmultimodalbehaiour oftenoccurin our
domainswe would lik e to take advantageof theef ciency of
theseapproachewithouttheir representationakstrictions.

In this reportwe presentthreealgorithmseachdesignedo
addresssomeof theseproblems. The threealgorithmsare
all somavhat complementaryin the sensethat ideasfrom
all threecanbe combinedinto a single system. In Section
3 we presentthe risk-sensitve particle lter, an algorithm
motivatedby Probleml. Section4 looks at Problems2 and
3, applyingan approachbasedon abstractionin which sys-
tem statesareaggreyatedtogetherin a hierarcly, andthe full
complity of the individual statemodelsis only looked at
in detailif thereis sufcient evidencethatthe rover is actu-
ally in thatstate.Thethird algorithmwe presenis motivated
by Problemsl and2, andis basedon the recentlydeveloped
Rao-Blackwellizedharticle Iter . However, thatalgorithmis
restrictedto linearGaussiarmodels. We presentthe Gaus-
sianparticle Iter, which removesthis restriction,thustack-
ling Problemst and5 aswell. We concludein Section6 and
describeplannedfuture work on putting all thesetechniques
togetherandwaysto make moreprogreson Problem3, the
least-welladdressedly our currentalgorithms.

Hybrid Systems$/odeling

Following [8] and[13], we modelthesystento bediagnosed
asadiscrete-timeprobabilistichybrid automator{PHA):

Z = z7;:.:;z, isthesetof discretemodesthe systemcan
bein
X = Xjp::ii;Xm is the setof continuousstatevariables

which capturethe dynamicevolution of the automaton.We
write P(Zo; X o) for the prior distributionoverZ andX .

Y is thesetof obserablevariables.We write P(Y;jz;; X¢)
for thedistribution of obsenationsin state(z;; X;).

Thereis atransitionfunctionthatspeci es:

P(Zijze 1%t 1)

the conditionalprobability distribution over modesat time t
giventhatthe systemis in state(z; x) att 1. In somesys-
tems,thisis independentf the continuousvariables:

P(Zijze 1%t 1) = P(Zijz 1)

We write P(Xjz; 1;%¢ 1) for the distribution over X at
timet giventhatthe systemis in state(z; x) att 1.

We denotea hybrid stateof the systemby s = (z; x), which
consistof adiscretemodez, andanassignmento the state
variablesx.

Diagnosisof a hybrid systemof this kind is determining,at
eachtime-stepthe beliefstateP(S;jy1:t), adistribution that,
for eachstates, givestheprobabilitythats is thetrue stateof
the system giventhe obsenationssofar. In principle, belief
statetrackingis an easytask,which canbe performedusing

theforward passequation:
Z

P(ytjst)
P(ytjzt; %)

P(stjst 1)P(st 1jy1t 1)dst 1

P(stiy1:t)

Z
P(Xtjze; Xt 1)P(ztjze 1;%e 1)P(St 1jy1t 1)dse 1

where is a normalizingconstant. Unfortunately comput-
ing the integral exactly is intractablein all but the smallest
of problems,or in certainspecialcases. The mostimpor
tant specialcaseis a unimodallinear model with Gaussian
noise.Thisis solved optimally andef ciently by the Kalman
lter (KF). We describethe KF below; then,we wealenthe
modelrestrictionsand describealgorithmsfor moregeneral
models suchasParticle FiltersandRao-BlackwellizedParti-
cle Filters. We endwith the mostgeneralproblemfor which
we proposethe GaussiarParticle Filter.

2. HYBRID DIAGNOSIS USING PARTICLE
FILTERS

Whenthe systemwe wantto diagnosenasonly onediscrete
mode lineartransitionandobsenationfunctionsfor the con-
tinuousparameterand Gaussiamoisethereexists a closed
form solutionto the tracking problem. In this case,the be-
lief stateis a multivariateGaussiarandcanbe computedn-
crementallyusing a Kalman lter (KF). At eachtime-step
t the Kalman Itering algorithmupdatessufcient statistics
(t 1; t 1), prior meanand covarianceof the continuous
distribution, with the new obserationy;. We omit details
andthe Kalman equationshere,andrefer interestedeaders
to [7].

TheKalman lter is anextremelyefcient algorithm. How-

ever, in the caseof non-lineartransformationst doesnot
apply; good approximationsare achieved by the extended
Kalman lter (EKF) andthe unscenteKalman Iter (UKF)

with the UKF generallydominatingthe EKF [22]. Rather
than using the standardKalman Iter updateto compute
the posteriordistribution, the UKF performsthe following:

Given an m-dimensionalcontinuousspace,2m + 1 sigma
pointsare chosenbasedon the a-priori covariance(see[22]

for details). The non-linearsystemequationis thenapplied
to eachof the sigmapoints,andthe a-posterioridistribution

is approximatedby a Gaussiarwhosemeanand covariance
arecomputedrom the sigmapoints. This unscentedalman
Iter updateyields an approximationof the posteriorwhose
error depend=on how differentthe true posterioris from a
GaussianFor linearandquadratictransformationsthe error
is zero.

Particle Filters

While the succesof the above approacheslependon how
strongly the belief stateresemblesa multivariate Gaussian,
theparticle Iter (PF)[10] is applicableregardlessof theun-
derlying model. A particle Iter is a Markov chain Monte
Carloalgorithmthatapproximateshe belief stateusinga set



1. ForN particlespt),i = 1;:::;
2. For eachparticlep(", samplao) from the prior P(XOJZO))
3. for eachtime-stept do
(a) For eachparticlept) = (z{",;
i. Sampleanen mode:

x(i); ;) do

(b) ResampleN new samplep) = (z"): x

N, sampledlscretemodesz(') from the prior P(Zy).

2 P(zijz{",
ii. Samplenew continuousparameters:
20 p(xj2;xM,
iii. Computetheweightof particlep():
w P(yjg(; )

i)) where:P(pt) = pk)) / Wt(k) =

Wl

P

N (k)
k=1 Wi

Figure 1. Theparticle Itering algorithm.

of samplegparticles),andkeepsthe distribution updatedas
new obsenationsaremadeovertime. ThebasicPFalgorithm
is shawvn in Figurel. To updatethe belief distribution given
a new obsenation, the algorithm operatesn threestepsas
follows:

The Monte Carlo step: This stepconsidershe evolution
of the systemover time. It usesthe stochastianodel of the
systemto generate possiblefuture statefor eachsample.ln
our hybrid model(and Figure 1), this is performedby sam-
pling adiscretemode andthenthecontinuousstategiventhe
new mode.

The reweightingstep: This corresponds$o conditioningon
the obsenations. Eachsampleis weightedby the likelihood
of seeingthe obsenationsin the (updated)staterepresented
by the sample. This stepleadssampleghat predictthe ob-
senationswell to have highweight,andsampleghatareun-
likely to generatehe obsenationsto have low weight.

The resampling step: To producea uniformly weighted
posterior we thenresample setof uniformly weightedsam-
plesfrom the distribution representedy the weightedsam-
ples.In thisresamplingheprobabilitythata new sampleis a
copy of aparticularsamples is proportionalto the weight of
s, so high-weightsamplesmay be replacedby several sam-
ples,andlow-weightsamplesnaydisappear

At ary timet, the PFalgorithmapproximateshe true poste-
rior belief stategivenobsenationsy;.; by asetof samplegor
particles):

P(Zy; X+tjy1t) B(Z; X1jyrt)
LN |
= 5 W @@ ix)
i=1
wherew!", z{") andx{" areweight, discretemodeandcon-

tmuousparametersf particlep(‘) attimet, N is thenumber
of samplesand  (y) denoteghe Dirac deltafunction.

Particle lters have a numberof propertiegshatmake thema
desirableapproximatioralgorithmfor diagnosis.As we said
aborve, unlike the Kalman lter, they canbe appliedto non-
linear modelswith arbitrary prior belief distributions. They
are also contract anytime algorithms, meaningthat if you
specifyin advancehowv muchcomputatiortime is available,
a PFalgorithmcanestimatea belief distribution in the avail-
abletime—bychanginghe numberof samplesyoutradeoff
computationtime for the quality of the approximation. In
fact, the computationakequirementf a particle Iter de-
pendonly on the numberof samplesnot on the compleity
of themodel.

Unfortunately aswe saidin theintroduction,diagnosigrob-
lems have somecharacteristicghat make standardparticle
Itering approachesessthanideal. In particular on-board
diagnosisfor applicationssuchas spacecrafand planetary
rovers mustbe performedusing very limited computational
resourcesandtransitionsto fault modestypically have very
low probability of occurring. This secondproblemleadsto a
form of sampleimpoverishmentin which modeswith anon-
zeroprobabilityof beingtheactualstateof thesystencontain
no samplesandarethereforetreatedby the particle Iter as
having zeroprobability Thisis particularlya problemfor di-
agnosishecauseheseareexactly the statefor whichwe are
mostinterestedn estimatingthelikelihood. Therehave been
afew approacheto tacklingthis issue,mostnotably[5] and
[17].

Anothertraditionalproblemof particle Iters is thatthenum-
berof samplesieededo copewith high dimensionaktontin-
uousstatespacess enormousEspeciallyin the caseof high
noiselevelsandwidespreadlistributions,approximationsia
samplingdo not yield goodresults.If it is possibleto repre-
sentthe continuousvariablesin a compactway, e.g. in the
form of sufcient statisticsthis generallyhelpsby greatlyre-
ducingthe numberof particlesneeded.In the next section,



we introduceoneinstanceof this, the highly efcient Rao-

BlackwellizedParticle Filter which only sampleghediscrete
modesand propagtessufcient statisticsfor the continuous
variables.

3. RISK-SENSITIVE PARTICLE FILTERS

Oneway to think aboutProblem1l in our list, the presence
of very low-probability fault transitions,is in termsof risk.
Thereasorthesetransitionsarea seriousconcernn faultde-
tection,but muchlesssoin otherapplicationsof particle I-
ters,is thefactthatthelow-probabilitytransitionscorrespond
to faults, the very thing we aremostinterestedn detecting.
The occurrenceof faults hasthe potentialfor greatrisk to
therover, because perfectlyreasonabl@ctionin a nominal
modeof roverbehaiour maybecatastrophidf anundetected
faulthasoccurred.

RSPFH20], [17] incorporatea modelof costwhengenerat-
ing particles. This approachis motivatedby the obsenation
thatthe costof nottrackinghypothesess relatedto risk. Not
trackinga rarebut risky statemay have a high cost,whereas
not tracking a rare but benignstatemay be irrelevant. In-
corporatinga costmodelinto particle Itering improvesthe
trackingof stateghataremostcritical to the performanceof
therobot.

Faults are low-probability high-costevents. The classical
particle Iter generategparticlesproportionalonly to thepos-
terior probability of an event. Monitoring a systemto detect
andidentify faultsbasedn astandard®Fthereforerequiresa
very large numberof particlesandis computationallyexpen-
sive. RSPFgenerateparticlesby factoringin the cost. Since
faultshave ahigh cost,eventhoughthey have alow probabil-
ity, a smallernumberof particlesthanthe PF maybe usedto
monitortheseeventsbecaus¢he RSPFensuregparticleswill
be generatedo representhem.

Thecostfunctionassignsareal-\aluedcostto statesandcon-
trol. The control selectedgiven the exact state, resultsin
the minimum cost. The approximatenatureof the particle
representatiomay resultin sub-optimalcontrol and hence
increasedaost. The goal of risk-sensitve samplingis to gen-
erateparticlesthat minimize the cumulatie increasen cost
dueto the approximateparticlerepresentationThis is done
by modifying the classicalparticle Iter to generateparticles
in arisk sensitve mannerwhererisk is de ned asafunction
of the costandis positive and nite. Given a suitablerisk
functionr(d), a risk-sensitve particle Iter generateparti-
clesthataredistributedaccordingo theinvariantdistribution,

t 1(zt) P(z¢; Xtjy1:t) 1)

where, ; is anormalizationconstanthatensureghatequa-
tion (1) is aprobability distribution. Insteadof usingjustthe
posteriordistribution to generatethe particles,a productof
therisk timestheposterioris used.To achieve this, two mod-
i cations aremadeto the PFalgorithmfrom Figurel. First,

Figure 2. TheHyperionrover.

theinitial setof particles(stepl) is generatedrom:
o I'(z0) P(Zo)

andthe equationin step3(a)iii is replacedwith:

(i)
- r(R
w = M

L p(yja); 2y
t t t
r(x{"y)

Thesesimple modi cations resultin a particle Iter with
particlesdistributed accordingto (r(z)P(z; X¢jy1t). The
choiceof risk functionis important. For the experimentse-
portedbelaw, the risk function was computedheuristically
Thrunet. al. in [17] presenta methodfor obtainingthis risk
functionvia aMarkov decisionprocesgMDP) thatcalculates
the approximatduturerisk of decisionamadein a particular
state. Although we don't presenit here,a similar approach
to biasingthe proposaMistribution appearsn [5].

Results:Risk-Sensitiv@article Filter

The Hyperionrobot [23], gure 2, wasthe platform for the
experimentwith the RSPFE In a simulationof Hyperion,we
explicitly introducedfaultsandrecordeda sequencef con-
trolsandmeasurementhatwerethentrackedby aRSPFand
a standardPF In the experimentthe robot was driven with
a variety of differentcontrolinputsin the normaloperation
mode. For this experimentthe measurementseretherover
pose(x;y; ) andsteeringangle.At the17th timestepwheel
#3 becomesstuckandlocked againsta rock. The wheelis
then driven in the backward direction, xing the problem.
Therobotreturnsto thenormaloperatiormodeandcontinues
to operatenormally until the gearon wheel#4 breaksatthe
30th time step.Figure3 shavstheresultsof trackingthestate
with aclassicaparticle Iter andwith theRSPF;only thedis-
cretestateestimatesareshovn. Eachcolumnrepresentsests
with differentsamplesizes(100, 1000,10,000and 100,000
samplegespectiely from left to right). We don't shaw re-
sultswith the RSPFfor 100,000samplessincetheresultsare
alreadyaccuratefor smallersamplesizes. In eachof these
gures, alongthex-axisis time. Thetop row shavs the most
likely discretestateestimatealongthey-axis. Thefaultsrep-
resentedy thenumbersarelistedin the gure caption.Even
with 100,000particlesin theclassicallter , Figure3(a),there
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Figure 3. (a) Resultswith a simpleparticle Iter. Here (1) normal,(2) wheell or wheeP motoror gearbroken, (3) wheeB
broken, (4) wheelt broken, (5) wheell stuck, (6) wheeP stuck, (7) wheeB stuck, (8) whee# stuck, (9) wheeB gearbroken,

(10) wheeklt gearbroken (b) Resultswith a RSPF

is a slight lag in fault detection. With smallersamplesizes
the mostlik ely stateestimatenever transitionsfrom the nor-
mal state. Occasionallyparticledo jump to fault states(see
column2), but the sampleimmediatelydies sinceit did not
jump to the correctfault state. With the RSPE Figure 3(b),
themostlikely statesapturehetruefaultstatedor asfew as
a1l00samplesRow two in the gures shows thevariancein
the discretestateestimate.It containsthe sameinformation
asin row one,but makesclearthatwith theclassicallter the
samplesarein the nominalstatealmostall thetime. Row 3
shavs themeansquarederrorusing1-0loss;it demonstrates
thattheRSPFhasalow errorwith 100samplesandzeroerror
with largernumbersof samplesTheclassicallter hasmax-
imum error wheneer thereis a fault. In addition, we also
shaw the variancein the errorin Figure 3(b) to demonstrate
thatthe RSPFconsistentlyprovidesestimatesvith low error.

4. VARIABLE RESOLUTION PARTICLE FILTER

As we saidin the introduction,a well known problemwith
particle lters is that a large numberof particlesare often
neededo obtainareasonabl@pproximatiorof the posterior
distribution. For real-timestateestimationrmaintainingsucha
large numberof particlesis typically not practical(Problems
2 and3 on our list). In this section,we presenthe variable
resolutionparticle lter [21], which addresseshis problem
by tradingoff biasandvariance . Theideais basedntheob-
senationthatthe varianceof the particlebasedestimatecan
be high with alimited numberof samplesparticularlywhen
the processs not very stochastiandpartsof the statespace
transitionto otherpartswith very low, or zero, probability.
Considerthe problemof diagnosinglocomotionfaultson a

robot. The probability of a stalledmotoris low andwheels
on the sameside generatesimilar obserations. Motors on
ary of thewheelsmay stall atary time. A patrticle Iter that
producesan estimatewith a high varianceis likely to result
in identifying somearbitrary wheelfault on the sameside,
ratherthanidentifying the correctfault.

Thevariableresolutionparticle Iter introduceghe notionof
anabstracparticle,in which particlesmayrepresenindivid-
ual statesor setsof states With this methoda singleabstract
particlesimultaneouslyracksmultiple states A limited num-
ber of samplesarethereforesufcient for representindarge
statespacesA bias-\ariancetradeof is madeto dynamically
re ne andabstracstatedo changeheresolutiontherebyab-
stractinga setof statesandgeneralizinghe samplesor spe-
cializingthesamplesn thestateinto theindividual stateghat
it representsAs aresultreasonablgosteriorestimatesan
be obtainedwith arelatively smallnumberof samplesin the
exampleabove, with the VRPFthe wheelfaultson the same
sideof theroverwould beaggrejatedtogethetinto anabstract
fault. Givenafault,theabstracstaterepresentinghe sideon
which the fault occurswould have highlikelihood. The sam-
plesin this statewould beassignedhighimportanceveight.
This would resultin multiple copiesof thesesampleson re-
samplingproportionalto weight. Oncethereare sufcient
particlesto populateall the re ned statesrepresentetby the
abstractstate, the resolutionof the statewould be changed
to the statesepresentingheindividual wheelfaults. At this
stage,the correcthypothesisis likely to be includedin this
particle basedapproximationat the level of the individual
statesandhencethecorrectfaultis likely to bedetected.



For the variableresolutionparticle lter we need:(1) A vari-

ableresolutionstatespacemodelthatde nestherelationship
betweenstatesat differentresolutions,(2) an algorithm for

stateestimatiorngivena x edresolutionof the statespace(3)

a basisfor evaluatingresolutionsof the statespacemodel,
and(4) andalgorithmfor dynamicallyalteringtheresolution
of the statespace.

Variable resolutionstatespacemodel

We could use a directedagyclic graph (DAG) to represent
the variableresolutionstatespacemodel, which would con-
sider every possiblecombinationof the (abstract)statesto
aggreate or split. But this would male our statespaceex-
ponentiallylarge. We mustthereforeconstrainthe possible
combinationf stateghatwe consider Therearea number
of waysto do this. For the experimentsn this paperwe use
amulti-layeredhierarcly whereeachphysical (non-abstract)
stateonly exists along a single branch. Setsof stateswith
similar statetransitionandobsenationmodelsareaggreated
togetherto createsuccessiely higherlevelsin the hierarcly.
In additionto the physical statesetf Z, g, the variablereso-
lution model,M consistof a setof abstracstates S; g that
represensetsof statesandor otherabstracstates.

fZxg
[igi @

Sj =
Figure4(a)shavs anarbitraryMarkov modeland gure 4(b)
shavs anarbitraryvariableresolutionmodelfor 4(a). Figure
4(c) shavsthemodelin 4(b) ata differentresolution.

FromthedynamicsP(zjz; 1), andmeasuremergrobabili-
tiesP(y;jz;), we computehestationarydistribution (Markov
chaininvariantdistribution) of the physicalstates (Z) [1].

Beliefstateestimationat a xed resolution

This sectiondescribeghe algorithmfor estimatinga distri-
bution over the statespacegivena x edresolutionfor each
state, wheredifferentstatesnay be at different x edresolu-
tions. For eachparticlein a physical state,a sampleis dravn
from the predictive modelfor thatstatep(z;jz; 1). It isthen
assignedh weight proportionalto the likelihood of the mea-
suremengiven the prediction,p(y;jz;). For eachparticlein
an abstractstate,S;, one of the physical states,z;, that it
representin abstractioris selectedbroportionatlto the prob-
ability of the physical stateunderthe stationarydistribution,

(Z1). Thepredictve andmeasurememhodelsfor this phys-
ical statearethenusedto obtainaweightedposteriorsample.
Thepatrticlesarethenresamplegroportionatto theirweight.
Basedon the numberof resultingparticlesin eachphysical
statea Bayesestimatewith aDirichlet(1) prior is obtainedas
follows:

n(z)+ (z) .

P(zijy1) = NG (z)=1 3)

Zy

where n(z;) representthenumberof samplesn thephysical
statez; andj N j representshe total numberof particlesin

theparticle Iter. Thedistribution over anabstracstateS; at
timet is estimateds:

P(Sjjyi) = P(zijy1t) (4)

Z(ZSJ

Bias-varianceradeof

Thelossl, from a particlebasedapproximatior(z;jy:.t ), of
thetruedistribution p(z;jy1:t) is:
| E[P(ztjy1:t)
fP(ziyi)  EP(ziyi0)lg +
fP(zijy1)®  E[P(ziiyr))’g
B(P(zijy11)) % + V(P(zijy1:)) 5)

where,b(P(z:jy1.)) is the biasandv(P(zjy:.)) is the vari-
ance.

P(zijyr0)l?

The posteriorbelief stateestimatefrom trackingstatesat the

resolutionof physical statesntroduceso bias. But the vari-

anceof this estimatecanbehigh, speciallywith smallsample
sizes.An approximatiorof thesamplevarianceattheresolu-
tion of the physical stateamay be computedasfollows:

ﬁ)(ztjylzt) [1 p(ztjyl:t)]
n(z)+ (z)

Thelossof anabstracstateS; , is computedasthe weighted
sumof thelossof thephysicalstates; 2 Sj, asfollows':

I(S) = p(thY1:t) [(z) (7)

21251

(6)

V(z) = p(ztjyl:t)

The generalizatiorto abstractstateshiasesthe distribution
overthephysicalstatego thestationarydistribution. In other
words,theabstracttatehasnoinformationabouttherelative
posteriodik elihood,giventhe data,of the stateghatit repre-
sentsin abstractionlnsteadt usesthe stationarydistribution
to projectits posteriorinto the physicallayer The projection
of the posteriordistribution ﬁ’(SJ- jy1:t), of abstractstateS;,
to theresolutionof thephysicallayerP(z:jy:.t), is computed
asfollows:

P(ziys) = ((éf)) B(S iya) ®)
where, ()= .5 (2).

As a consequencef the algorithmfor computingthe poste-
rior distribution over abstracstatesdescribedn the previous
subsectionan unbiasedposteriorover physical statesz; is
availableat no extra computationasshawvn in equation(3).
The biash(S;), introducedby representinghe setof phys-
ical statesz; 2 §j, in abstractionasS; is approximateds
follows:

b(S) =

ZIZSJ'

p(ztjyl:t) [p(ztjyl:t) P(zijy1:)]? )

1Therelative importance/costf the physical statesmay alsobe included
in theweight
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(b) Variableresolutionmodel
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(c) S2ata ner resolution

(a) Arbitrary Markov model (b) Arbitrary variableresolutionmodel correspondingo the Markov modelin (a).

Circlesthatencloseothercirclesrepresenabstracstates.S2andS3andS6 areabstracstates StatesS2,S4andS5form one
abstractiorhierarcly, andstatesS3, S6, S7, S8 and S9 form anotherabstractiorhierarcly. The statesat the highestlevel of
abstractiorareS1,S2andS3. (c) Themodelin (b) with statesS4 andS5 ata ner resolution.

It is the weighedsum of the squaredifferencebetweenthe
unbiasedpbosteriorP(zjy:.t), computedat the resolutionof
the physical statesandthe biasedposteriorP(z;jy;.;), com-
putedat the resolutionof abstracstates; .

An approximatiorof thevarianceof abstracstateS; is com-
puted as a weightedsum of the projectionto the physical
statesasfollows:

() *P(Siy)ll  P(Sjiy1)]

X
v(S) = (S) S+ (S)

ZIZSj

ﬁ’(ZtIY1:t)

Thelossfromtrackingasetof states; 2 S;, attheresolution
of the physicalstateds thus:
X

v(z) (10)
2y 2 Sj

Thelossfrom trackingthe samesetof statesn abstractioras
S is:

la= B(S) + V(S)) (11)
Thereis a gainin termsof reductionin variancefrom gener
alizingandtrackingin abstractionbut it resultsin anincrease
in bias. Here,a tradeof betweerbiasandvariancerefersto

the procesof acceptinga certainincreasen onetermfor a
largerreductionin theotherandhencein thetotal error

Dynamicallyvaryingresolution

The variable resolution particle lter usesa bias-\ariance
tradeof to make a decisionto vary the resolutionof the state
space.A decisionto abstracto the coarseresolutionof ab-
stractstateS; , is madeif the statespaceis currently at the
resolutionof statesS;, andthe combinationof biasandvari-
ancein abstracstateS; , is lessthanthe combinationof bias

anvarianceof all its childrenS;, asshavn below:

b(S;) + v(S) [b(Si) + v(Si)]

S; 2f chil dren(Sj)g

(12)

On the otherhandif the statespaceis currentlyat the reso-
lution of abstracstateS; , andthereverseof equation(12) is

true,thena decisionto re ne to the ner resolutionof states
S; is made. Theresolutionof a stateis left unalteredif its

bias-\ariancecombinationis lessthanits parentandits chil-

dren. To avoid hysteresisall abstractiordecisionsare con-
sideredbeforeary re nementdecisions.

Eachtime a newv measuremeris obtainedthe distribution of

particlesover the statespaceis updated.Sincethis altersthe
biasandvariancetradeof, the statesxplicitly representedt

the currentresolutionof the statespaceare eachevaluated
for gain from abstractioror re nement. Any changein the
currentresolutionof the statespaceis recursvely evaluated
for furtherchangen the samedirection.

Results:Variable ResolutorParticle Filter

Theproblemdomainfor our experimentonthevariableres-
olution PFinvolvesdiagnosingocomotionfaultsin aphysics
basedsimulationof a six wheelrover. Figure5(a) shovs a
snapshobf theroverin the Darwin2K[12] simulator

The experimentis formulatedin termsof estimatingdiscrete
fault and operationalmodesof the robot from continuous
controlinputsandnoisy sensorreadings.The discretestate,
Xt, representshe particularfault or operationalmode. The
continuousvariables z;, provide noisy measurementsf the
changen rover positionandorientation. The particle setP;

thereforeconsistsof N particles,whereeachparticle x{'] is

a hypothesisaboutthe currentstateof the system. In other
words, thereare a numberof discretefault and operational
stateghata particlemaytransitionto basedon the transition
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Figure 5. (a) Snapshofrom the dynamicsimulationof the six wheelrocker bogierover in the simulator (b) An example
shaving the normaltrajectory(ND) andthe changen the sametrajectorywith afaultateachwheel.(c) Original discretestate
transitionmodel. Thediscretestatesare: Normaldriving (ND), right andleft, front, middleandrearwheelfaulty (RF RM, RR,
LF, LM, LR) (d) Abstractdiscretestatetransitionmodel. The statesRF, RM andRR have beenaggregatedinto the Right Side
wheelfaulty statesandsimilarly LF, LM andLR into Left Sidewheelfaulty stategRS andLS). (e) Statespacemodelwhere
RShasbeenre ned. All stateshave selftransitionshathave beenexcludedfor clarity.

model. Eachdiscretefault statehasa differentobsenation
andpredictive modelfor the continuousdynamics.Theprob-
ability of a stateis determinedby the densityof samplesn
thatstate.

The Markov modelrepresentinghe discretestatetransitions
consistof 7 states As shovn in gure 5(c) the normaldriv-
ing (ND) statemaytransitionbackto thenormaldriving state
or to ary oneof six fault states:right front (RF), right mid-
dle (RM), right rear (RR), left front (LF), left middle (LM)
and left rear (LR) wheelstuck. Eachof thesefaults cause
a changein the rover dynamics,but the faults on eachside
(right andleft), have similar dynamics.

Given that the threewheelson eachside of the rover have
similar dynamicswe constructed hierarcly thatclusterghe
faultstateson eachsidetogether Figure5(d) shavs this hier-
archicalmodel,wheretheabstracstategight sidefault (RS),
andleft sidefault (LS) represensetsof stated RF, RM, RRg
andf LF, LM, LRg respectiely. Thehighestlevel of abstrac-
tion thereforeconsistsof nodesf ND, RS, LSg. Figure5(e)
shawvs how the statespacein gure 5(d) would bere ned if
the biasin the abstractstateRS given the numberof parti-
clesoutweighsthereductionin varianceover the specialized
stateRF, RM andRR ata ner resolution.

When particle Itering is performedwith the variablereso-
lution particle lter, the particlesareinitialized at the highest
levelin theabstractiorhierarcly,i.e. in theabstracstate\ND,
RSandLS. Saya RF faultoccurs thisis likely to resultin a
high likelihood of samplesn RS. Thesesampleswill mul-
tiply which may thenresultin the biasin RS exceedingthe

reductionin variancein RSover RF, RM andRR thusfavor-
ing trackingat the ner resolution. Additional obserations
shouldthenassigna high likelihoodto RFE

Themodelis basednthereal-world andis notvery stochas-
tic. It doesnotallow transitiondrom mostfaultstatego other
fault states.For example,the RF fault doesnot transitionto
the RM fault. This doesnot exclude transitionsto multiple
fault statesandif the modelincludedmultiple faults,it could
still transitionto a“RF andRM” fault,whichis differentfrom
aRM fault. Hence,if thereareno samplesn theactualfault
state,sampleshatendup in fault stateswith dynamicsthat
aresimilar to the actualfault statemay endup beingidenti-
ed asthe fault state. The hierarchicalapproachtracksthe
stateat an abstractevel anddoesnot committo identifying
ary particularspecializedfault stateuntil thereis sufcient
evidence.Henceit is morelikely to identify the correctfault
state.

Figure6(a)shavs a comparisorof the errorfrom monitoring
thestateusingaclassicaparticle Iter thattracksthefull state
space,and the VRPF that variesthe resolutionof the state
space.The X axis shavs the numberof particlesused,the
Y axis shaws the KL divergencefrom an approximationof
thetrue posteriorcomputedusingalarge numberof samples.
1000samplesvereusedto computean approximatiorto the
truedistribution. The Kullback-Leibler(KL) divergence[11]
is computedover the entirelength of the datasequenceand
is averagedover multiple runsover the samedataset?. The
datasetincludednormaloperationandeachof the six faults.

2Theresultsarean averageover 50 to 5 runswith repetitionsdecreasing
asthe samplesizewasincreased.
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Figure 6. Comparisorof theKL divergencefrom thetruedistribution for the classicabatrticle Iter andthe VRPF against(a)

numberof particlesused,(b) wall clocktime.

Figure 6(a) demonstratethat the performanceof the VRPF
is superiorto thatof theclassicallter for smallsamplesizes.
In addition gure 6(b) shavstheKL divergencealongtheY
axisandwall clock time alongthe X axis. Both Iters were
codedin matlabandshareasmary functionsaspossible.

TheVariableResolutiornParticle Iter hasalsobeenextended
to uselookaheadisingUKFs [9]. Lookaheadequirescom-
putinga UKF for every possibletransitionto a fault or nom-
inal stateat eachinstancein time. The VRPF introduced
the notion of abstractstateshat may represensetsof states.
Therearefewer transitionsbetweenstatesvhenthey arere-
pentedn abstractionWe shawv thatthe VRPFin conjunction
with a UKF proposaiimprovesperformancendmay poten-
tially beusedin large statespace$19].

5. RAO-BLACKWELLIZED PARTICLE FILTERS

Much recentwork on Rao-Bla&wellized Particle Filter-
ing (RBPF)[2], [14] hasfocusedon combiningPFsandKFs
for trackinglinearmulti-modalsystemsavith Gaussiamoise.
This approachis very effective at trackingsystemstateusing
a very small numberof sampleqgProblem2 on our list). In
thiskind of model,the belief stateis a mixture of Gaussians.
Ratherthan samplinga completesystemstate,in RBPFfor
hybrid systemspne combinesa Particle Filter that samples
the discretemodesz;, anda KalmanFilter for eachdiscrete
modez; 2 Z thatpropagtessufcient statistics( V; ()
for the continuougparameters;. Thealgorithmis shavn in
Figure7. At eachtime-stept, rst, thediscretemodeis sam-
pledaccordingto the transitionprior. Then,for eachparticle

p() aKalman lter is calledto computetheprior meanyt(jit) N

and covariance§fi) of the obsenration andupdatethe mean

fi) andcovariance Ei) for the continuougparametersThe

variable (zt(i )) denoteghe parametersf the KalmanFilter

belongingto modezt(i). Finally, the particleweightis com-

putedasthe obsenation probability P (ytjyt(jit) i ét(i)) of y;
giventhe prior obserationmeanandcovariance As in regu-
lar ParticleFiltering,aresamplingstepis necessaro prevent

particleimpoverishment.

As shawvn in [14], it is possiblein Rao-BlackwellizedParti-
cle Filtering to samplethe discretemodesdirectly from the
posterior It is alsopossibleto resamplébefoie the transition
accordingto the expectedposteriorweight distribution such
thatthoseparticlesget multiplied which arelik ely to transi-
tion to statesof high con dence. Theseimprovementsesult
in anevenmoreefcient algorithmcalledRBPF2[14].

Non-LinearEstimation

SinceRBPFusesa KF for its continuousstateestimation,it

is restrictedto linear problemswith Gaussiamoise. Many

of the problemswe areinterestedn do not have theseprop-
erties. To overcomethis, we proposethe Gaussianparticle
Iter (GPF).In generalhybrid systemsthereis no tractable
closed-formsolutionfor the continuousvariables sowe can-
notmaintainsufcient statisticawith every sample.lt is how-

ever possibleto propagte an approximationof the continu-
ousvariables. We samplethe modeas usualand for every

particle updatea Gaussiarapproximationof the continuous
parametersisingan unscentedalman lter. Sincethe un-
scentedKalman Iter only approximateghe true posterior
distribution, the GPFis abiasedestimatotin non-lineamod-
els;however, by notsamplingthecontinuousstate we greatly
reducethe estimators variance.



2. For eachparticlep®, set {
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iii. Computetheweightof particlep():

e

(()i) , from theprior P(Z).
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(b) Resamplasin step3.(b) of the PFalgorithm(seeFigurel).

()

"))

Figure 7. TheRBPFalgorithm.

TheGPFalgorithmis very similarto theRBPFalgorithmpre-
sentedn Figure7. In both of thesealgorithmsparticle p(!)
representshe continuousvariableswith a multivariateGaus-
sianN( 7; ). In the caseof linear modelsand RBPE
this Gaussiaris a sufcient statistic,in the caseof non-linear
modelsandGPF it is anapproximationln thealgorithm,the
only changeis in line 3.(a)ii of Figure 7, which is replaced
by:

3.a(ii) Performanunscentedalmanupdateusingpa-

rameterdrom mode2!:

@ oSN |
UKF( D Wy (2))

This changeis dueto the non-linearity of transitionand/or
obsenationfunction. A Kalmanupdateis simply not possi-
ble, but a goodapproximatioris achieved with anunscented
Kalman lter. Theapproximationof continuousvariablesin
the GPFis a mixture of Gaussiansatherthanthe setof sam-
plesasin a PFE. Sincetheexpressie power of every particleis
higher fewer particlesareneededo achiere thesameapprox-
imationaccurag. This morethanoffsetsthe smalladditional
computationalcost per sample. Furthermore this compact
approximatioris likely to scalesmoothlywith anincreasen
dimensionality

Lookaheador Low-Probability Transitions

Like RBPF, the GPF canbe improved by samplingdirectly
fromtheposteriodistributionandresamplingpefoe thetran-
sition. This allows usto improve the probability of having a
samplefollow a low-probability transition (Problem1) be-
causethe probability of sucha sampleis basedon the poste-
rior likelihood (the obsenationis takeninto account)of the
transition,ratherthanthe prior. We call the resultingalgo-
rithm GPF2anddetailit in Figure8. For eachparticle,before
actuallysamplinga discretemode,we look at eachpossible

modem, updateour approximationsof the continuouspa-
rametersassumingve hadsampledm, and computethe ob-
senation likelihoodfor thoseapproximations.This andthe
transitionprior give the posteriorprobability of transitioning
to m. Thenfor eachparticlewe samplea new discretemode
from the posteriorwe computedor it.

At eachtime-stept, for every particle p{), rst we enu-
merateeachpossiblesuccessomode m, i.e. eachmode
m 2 Z such that P(mjzt(i)l) > 0. For eachm,
we do an unscentedKalman update,and computeanalyt-
ically the obseration likelihood P (y;jm; Ei)l; Ei)l) =
P(ytjyt(].i;tm );5{"™)y. Then, we computethe unnormalized
posteriorprobability P ost(i; m) of particlep(!) transitioning
to m; this is the productof the transitionprior to m andthe
obserationlikelihoodin m. Next we computethe weightof
eachparticlep’) asthe sumof the posteriorprobabilitiesof
it's successomodesandresampleN particlesaccordingto
this weight distribution. Note, that P ost(i; m), ﬁ”m) and
M) alsoneedto be resampledi.e. when particle p® is
sampledo beparticlep®), thenPost(i; m)  Flost(k; m),
km) o alkim) gng M) A for all m.

Finally, for every particlep(), a successomodem is sam-
pledaccordingto the posteriomprobability; this modeis used

aszt(i); Ei) and Ei) are setto the alreadycomputedvalue
(m)
N

M) and
GPF2only differsfrom the RBPF2algorithmin thatit is call-
ing an unscentedKalman Iter updateinsteadof a Kalman
updatedueto thenon-linearcharacteof thetransformations.
It is a very efcient algorithmfor stateestimationon non-
linear modelswith transitionand obsenation functionsthat
transforma Gaussiaristribution to adistribution that's close
to a Gaussian.Very low fault priors are handledespecially
gracefullyby GPF2sinceit sampleghediscretemodesfrom
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Figure9. Performancéor the GPF the GPFwhensampling
from the posterior the UPF, and traditional particle Iters.

Thex-axisis CPUtime, they-axisis errorrate(percentagef
thetime themostprobablestateaccordingo the algorithmis
notthetruestateof thesystem).Estimationbasedn 25runs.

their true posteriordistribution. Whenthereis strongenough
evidencethefaultwill be detectedegardlessof how low the
prior is.

Results:TheGaussiarParticle Filter

We usea simplemodelof the suspensiosystemof the K-9
rover (Figure 11) at NASA AmesResearctCenter K-9 is
a six wheeledrover with a rocker-bogey suspensionandwe
model the suspensios responsedo driving over rocks and
otherobstacledo anticipatesituationswherethe rover's sci-
enti ¢ instrumentscould collide with an obstacle,or where
therovercouldbecoméhigh-centered’dnarock. Themodel
hassix discretemodesand six continuousvariables,two of
which are obsenable. The continuousparameterdollow
non-lineartrajectoriesn threeof themodes.

Figure9 shawvstherateof stateestimatiorerrorsfor the GPE
GPF2andtraditionalparticle Iters, aswell astheunscented
particle Iter (discussedelon) on datageneratedrom the
model. The diagnosesretaken to be the maximuma pos-
teriori (MAP) estimatefor the discretemodes;a discrepang
betweerthis MAP estimateandthe real discretemodeis an
error Figure9 shaws the error rates(*- 92900508 -€LL0T) for
different numbersof samples;the x-axis is the CPU time.
The graphshavs that GPFis a betterapproximatiorthanPF
giventhesamecomputingresourcesparticularlyasthenum-
berof sampledncreasesindthe discretestatesbecomeade-
guatelypopulatedvith samplesGPF2is considerablslower
persamplebut its approximatioris superiorto PFor GPE

We arealsointerestedn diagnosingthe continuougparame-
tersof the system. Figure 10 shawvs the meansquarecerror

(MSE) of thealgorithmson arti cial datawheregroundtruth

is available.

Continuous state estimation errors vs. available time for diagnosis
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Figure 10. Meansquarederrorsof thefour algorithms aver-
agedover 50 runs. Notethelogarithmicscalefor boththe X-
andY- axes.At realtime (ca. 1/3spertime step) the MSE of
GPF2is aboutsix timeslower thanof GPF, tentimeslower
thanthatfor UPFand10° timeslower thanfor PF.

Figure11l NASA Ames'K-9 rover.

Finally, we appliedGPFto real datafrom the K-9 rover. In
Figure 12, we show the two obsened variables, differential
angle(Y2) andbogey angle(Y1) aswell asthediscretemode
estimatesPF and GPF2yield on this data. Statel repre-
sents at driving, state2 driving over a rock with the front
wheel,state3 with themiddlewheelandstate4 with therear
wheel. State5 representshe rock being betweenthe front
andthe middlewheelandstate6 betweerthe middle andthe
rearwheel. Both lters successfullydetecttherocks,but the
GPF2detectsall of the rocks before PF detectsthem. For
the third rock in the data, GPF2correctlyidenti es thatthe
backwheelpassedvertherock, while theparticle Iter only
tracksthe rst two wheels. Again, we only shav the most
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2. For eachparticlep’), set
3. Foreachtime-stept do
(a) Foreachp® = (z{"; ;) do
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Figure 8. TheGPF2algorithm.
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Figure 12. Discretemode estimateson real data. Y1 is
the bogey angle, Y2 is the rocker angle,and PF and GPF2
shav the mostprobablestateaccordingto the particle Iter
andGaussiamparticle Iter with lookaheadlgorithmsespec-
tively.

probablemodeat eachtime-stepin the gure.

As well asa standardparticle Iter , we compareour results
with theunscentegbarticle Iter (UPF)of [18]. TheGPFand
UPF have a numberof similarities. Both usea setof par

ticles eachof which performsan unscentedalman update
at every time step. In UPF, the Kalman updateapproxima-
tionN (mu¢; ) of theposterioris usedasaproposafor the

particle lter , in GPFthis approximations usedasthe Iter
result.

In our experimentsthereis little differencebetweenthe re-
sultsof GPFandUPFE GPFis generallyfasterby a constant
factorsinceit doesnot needto samplethe continuousstate,
andthe weight computationis faster We would expectthe
UPFtoyield betterresultsvhentheshapeof theposteriordis-
tribution is very differentfrom a Gaussiarandwould expect
the GPFto do betterwhenthereis a big posteriorcovariance

t suchthatthe samplingintroduceshigh varianceonthees-
timate.In this casethe UPFwill needmoreparticlesto yield
the sameresults. Sinceneitherof theseconditionsappliesin
ourdomain,bothalgorithmsshawv similar performancewith
GPFbeingslightly faster

6. FUTURE WORK

The three algorithmswe have presentechere are in mary
ways complementary For example,we can easilyimagine
applying the GPF approachwith the hierercly of abstract
statesintroducedin the variableresolutionalgorithm. Sim-
ilarly, we couldimagineusingtherisk-sensitve algroithmto
biasthe transitionprobabilities,althoughfor the GPF2with
lookaheadthismaynotbenecessargxceptin circumstances
wherethe immediateobsenation doesnot indicatethat the
fault hasoccurred. We plan to begin integratingideasfrom
all threealgorithmsin the nearfuture.

Another approachthat is relatedto the variable resolution
algorithmis the structuredparticle Iter introducedin [16].
Herethe sampleghemselesaresplit betweenstatesgiving



asimilarperformancdoostandtacklingProblem3, thehigh-
dimensionaktatespace We arecurrentlyin theproces®f t-
ting this algorithminto the GPE This alsomalkesprogreson
the problemof system-lgel diagnosis.Traditionaldiagnosis
algorithmsare component-basedyith anemphasion prop-
ertiessuchas“no functionin structure”,meaningthat sub-
systemmodelscanbe composedo make largersystemswith
ease.Thechallengds to achieve thesegoalsfor hybrid mod-
elsaswell, andthe structuredparticle Iter approachshould
be a very effective way to exploit the structurethat sucha
modelimplies.

Finally, we have only just beguntestingthesealgorithmson
real rover problems. Mostly this hasbeendueto a lack of
sensingon-boardthe availablerover platforms,andon alack
of modelsanddatafor rover faults. However, if thesealgo-
rithms are ever going to be usedon a real rover missionto

Mars or elsevhere, considerabldesting on rovers must be
doneto demonstrat¢hatthe algorithmsarerobust, thattheir
computationaheedsarenotunreasonablendthatthey scale
to systemsascomplex asthewholerover. While this project
hasmadeprogreson mary of thesegoals,thereis muchstill

to be done,andin particulay testingon rovers running for

long enoughperiodsthatfaultsdo occut is animportantpri-

ority, andsomethingwe fully intendto doin thefuture.
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