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Abstract

In the 1970s,most researchin roboticspresupposedthe availability of exact models,of robotsand
their environments. Little emphasiswas placedon sensingand the intrinsic limitations of modeling
complex physical phenomena.This changedin the mid-1980s,when the paradigmshifted towards
reactive techniques.Reactive controllersrely on capablesensorsto generaterobotcontrol. Rejections
of modelsweretypical for researchersin this �eld. Sincethe mid-1990s,a new approachhasbegun
to emerge: probabilisticrobotics.This approachrelieson statisticaltechniquesto seamlesslyintegrate
imperfectmodelsandimperfectsensing.Thepresentarticledescribesthebasicsof probabilisticrobotics
andhighlightssomeof its recentsuccesses.

1 Intr oduction

In recentyears,the�eld of roboticshasmadesubstantialprogress.In thepast,robotsweremostlycon�ned
to factory�oors andassemblylines,boundto performthesamenarrow tasksoverandoveragain. A recent
seriesof successfulrobotsystems,however, hasdemonstratedthatroboticshasadvancedto a level whereit
is readyto conquermany new �elds, suchasspace,medicaldomains,personalservices,entertainment,and
military applications.Many of thesenew domainsarehighly dynamicanduncertain.Uncertaintyarisesfor
many differentreasons:the inherentlimitations to modelthe world, noiseandperceptuallimitations in a
robot'ssensormeasurements,andtheapproximatenatureof many algorithmicsolutions.In thisuncertainly
liesoneof theprimarychallengesfacedby roboticsresearchtoday.

Threeexamplesof successfulrobot systemsthat operatein uncertainenvironmentsareshown in Fig-
ure1: a commerciallydeployedautonomousstraddlecarrier[3], aninteractive museumtourguiderobot[7,
11], andaprototyperoboticassistantfor theelderly. Thestraddlecarrieris capableof transportingcontain-
ersfasterthantrainedhumanoperators.The tourguiderobot—onein a seriesof many—cansafelyguide
visitors throughdenselycrowdedmuseums.The Nursebotrobot is presentlybeingdevelopedto interact
with elderlypeopleandassistthemin variousdaily tasks.All of theserobotshave to copewith uncertainty.
Thestraddlecarrierfacesintrinsic limitationswhensensingits own locationandthatof thecontainers.A
similarproblemis facedby themuseumtourguiderobot,but heretheproblemis aggravatedby thepresence
of people. The elderly companionrobot facesthe additionaluncertaintyof having to understandspoken
languageby elderlypeople,andcopingwith their inability to expresstheir exactwishes.In all theseappli-
cationdomains,theenvironmentsarehighly unpredictable,andsensorsarecomparatively poorwith regard
to theperformancetasksathand.
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(a)StraddleCarrier (b) Roboticmuseumtourguide (c) PersonalRoboticAssistantfor theElderly

Figure1: Threerobotscontrolledby probabilisticsoftware:A roboticstraddlecarrier, a museumtourguide
robot,andtheNursebot,a roboticassistantfor nursesandtheelderly.

As theseexamplessuggest,theability to accommodateuncertaintyis a key requirementfor contempo-
rary robotic systems.This raisesthe questionasto appropriatemechanismsfor copingwith uncertainty.
Whattypeof internalworld modelsshouldrobotsemploy? And how shouldsensormeasurementsbeinte-
gratedinto their internalstatesof information?How shouldrobotsmakedecisionsevenif they areuncertain
abouteventhemostbasicstatevariablesin theworld?

Theprobabilisticapproachto roboticsaddressesthesequestionsthroughasinglekey idea:representing
informationprobabilistically. In particular, world modelsin theprobabilisticapproachareconditionalprob-
ability distributions,which describethedependenceof certainvariableson othersin probabilisticterms.A
robot's stateof knowledgeis alsorepresentedby probabilitydistributions,which arederivedby integrating
sensormeasurementsinto theprobabilisticworld modelsgivento therobot. Probabilisticrobotcontrolan-
ticipatesvariouscontingenciesthatmightarisein uncertainworlds,therebyseamlesslyblendinginformation
gathering(exploration)with robustperformance-orientedcontrol(exploitation).

Themoveto probabilistictechniquesin roboticsis paralleledin many othersub�eldsof arti�cial intelli-
gence,suchascomputervision, language,andspeech.Probabilisticroboticsleveragesdecadesof research
in probability theory, statistics,engineeringandoperationsresearch.In recentyears,probabilistictech-
niqueshave solvedmany outstandingroboticsproblems,andthey have led to new theoreticalinsightsinto
thestructureof roboticsproblemsandtheir solutions.

2 Models,Sensors,and The PhysicalWorld

Classicalroboticstextbooksoftendescribeat lengththekinematicsanddynamicsof roboticdevices.These
topics addressthe questionof how controlsaffect the stateof the robot and, more broadly, the world.
However, textbooksoftensuggestadeterministicrelationship:Theeffectof applyingcontrolactionu to the
robotatstatex is governedby thefunctionalrelationshipx0 = f (u; x), for some(deterministic)functionf .
For example,x mightbethecon�gurationandvelocityof a roboticarm,andu mightbethemotorcurrents
assertedin a �x ed time interval. Suchan approachcharacterizesidealizedrobotsonly—freeof wearand
tear, inaccuracies,control noise,and the alike. In reality, the outcomesof control actionsareuncertain.
For example,a robot thatexecutesa control leveragingits positionby onemeterforwardmight expectto
be exactly onemeteraway from whereit started,but in reality will likely �nd itself in an unpredictable
locationnearby. Theprobabilisticapproachaccountsfor this uncertaintyby usingconditionalprobability
distributionsto modelrobots.Suchmodels,commonlydenotedp(x0ju; x), specifytheposteriorprobability
overstatesx0thatmightresultwhenapplyingcontrolu to arobotwhosestateis x. Putdifferently, insteadof
makingadeterministicprediction,probabilistictechniquesmodelthefactthattheoutcomeof robotcontrols
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Algorithm particleFilters(X ; u; z)

let X 0 = X 0
aux = ;

// forwardprojectionstep
for i = 1 to N do

retrieve i -th particlex i from particlesetX
draw x0

i � p(x0ju; x i ) usingthemotionmodelp(x0ju; x)
addx0

i to X 0
aux

endfor

// resamplingstep
for j = 1 to N do

draw randomx0
j from X 0

aux with probabilityproportionalto p(zjx0
j )

addx j to X 0

endfor
returnX 0

endalgorithm

Table1: Basicparticle�lter algorithm,which implementsBayes�lters usingapproximateparticlerepre-
sentation.Theposterioris representedby asetof N particlesX 0, which is roughlydistributedaccordingto
theposteriordistributionof all statesx giventhedatathatis commonlycalculatedby Bayes�lters.

is uncertain,by assigninga probabilitydistribution over thespaceof all possibleoutcomes.As such,they
generalizeclassicalkinematicsanddynamicsto real-world robotics.

In the samevein, many traditional textbookspresupposethat the stateof the robot x be known at all
times.Usually, thestatex comprisesall necessaryquantitiesrelevant to robotpredictionandcontrol,such
astherobot'scon�guration,its poseandvelocity, thelocationof surroundingitems(obstacles,people,etc.).
In idealizedworlds, the robot might possesssensorsthat can measure,without error, the statex. Such
sensorsmaybecharacterizedby a deterministicfunctiong, capableof recoveringthefull statefrom sensor
measurementsz, that is, x = g(z). Real sensorsare characterizedby noiseand, more importantly, by
rangelimitations. For example,camerascannotseethroughwalls. Theprobabilisticapproachgeneralizes
this idealizedview by modelingrobot sensorsby conditionalprobability distributions. Sensorsmay be
characterizedby forwardmodelsp(zjx), which reasonfrom stateto sensormeasurements,or their inverse
p(xjz)—dependingonalgorithmicdetailsbeyondthescopeof thisarticle.

As this discussionsuggests,probabilisticmodelsareindeedgeneralizationsof their classicalcounter-
parts.Theexplicit modelingof uncertainty, however, raisesfundamentalquestionsasto whatcanbedone
with theseworld models.Canwerecover thestateof theworld?Canwestill controlrobotssoasto achieve
setgoals?

3 Probabilistic StateEstimation

A �rst answerto thesequestionscanbe found in the rich literatureon probabilisticstateestimation.This
literatureaddressestheproblemof recoveringthestatevariablesx fromsensordata.Commonstatevariables
include

� parametersregardingtherobot's con�guration,suchasits locationrelative to anexternalcoordinate
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Figure2: Evolution of theconditionalparticle�lter from globaluncertaintyto successfullocalizationand
tracking.

frame.Theproblemof estimatingsuchparametersis oftenreferredto aslocalization,

� parametersspecifyingthe locationof itemsin theenvironment,suchasthe locationof walls, doors,
andobjectsof interest.This problem,known asmapping, is regardedoneof themostdif�cult state
estimationdueto thehighdimensionalityof suchparameterspaces[1], and

� parametersof objectswhosepositionchangesover time,suchaspeople,doors,andotherrobots.This
problemis similar to themappingproblem,with theaddeddif�culty changinglocationsover time.

The predominantapproachfor stateestimationin probabilisticroboticsis known asBayes�lter s. Bayes
�lters offer a methodologyfor estimatinga probability distribution over the statex, conditionedon all
availabledata(controlsandsensormeasurements).They dosorecursively, basedonthemostrecentcontrol
u andmeasurementz, thepreviousprobabilisticestimateof thestate,andtheprobabilisticmodelsp(x 0jx; u)
andp(zjx) discussedin theprevioussection.Thus,Bayes�lter donot just “guess”thestatex. Rather, they
calculatethe probability that any statex is correct. Popularexamplesof Bayes�lters arehiddenMarkov
models,Kalman�lters, dynamicBayesnetworks andpartially observableMarkov decisionprocesses[5,
10].

For low-dimensionalstatespaces,researchin roboticsandappliedstatisticshasproduceda wealthof
literatureonef�cient probabilisticestimation.Remarkablypopularis analgorithmknown asparticle �lter s,
which in computervision is known ascondensationalgorithm and in roboticsasMonteCarlo localiza-
tion [2]. This algorithmapproximatesthedesiredposteriordistribution througha setof particles. Particles
aresamplesof statesx whicharedistributedroughlyaccordingto theveryposteriorprobabilitydistribution
speci�ed by Bayes�lters. Table1 statesthebasicparticle�ltering algorithm. In analogyto Bayes�lters,
thealgorithmgeneratesa particlesetX 0 recursively, from themostrecentcontrolu, themostrecentmea-
surementz, andtheparticlesetX thatrepresentstheprobabilisticestimatebeforeincorporatingu andz. It
doesso in two phases:First, it “guesses”statesx0

i basedon particlesdrawn from X andtheprobabilistic
motion modelp(x0ju; x). Subsequently, theseguessesareresampledin proportionto the perceptuallike-
lihood, p(zjx0

i ). Theresultingsamplesetis approximatelydistributedaccordingto theBayesianposterior,
takingu andz into account.

Figure2 illustratesparticle�lters via anexample.A mobile robot,equippedwith a laserrange�nder,
simultaneouslyestimatesits locationrelative to a two-dimensionalmapof a corridorenvironmentandthe
numberandlocationsof nearbypeople.In thebeginning(Panel2(a)),therobot is globally uncertainasto
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Figure3: (a)3D volumetricmap,acquiredby amobilerobotin real-time.Thelowerpartof themapis below
therobot's sensors,henceis not modeled.(b) Map of underwaterlandmarks,acquiredby thesubmersible
vehicleOberonat theUniversityof Sydney. Courtesyof StefanWilliams andHughDurrant-Whyte.

whereit is. Consequently, theparticlesrepresentingits locationandthatof thepersonarespreadthroughout
the freespacein themap. As the robotmoves(Panel2(b)), theparticlesrepresentingthe robot's location
quickly converge to two distinct locationsin the corridor, asdo the particlesrepresentingthe person's lo-
cation. A few time stepslater, the ambiguity is resolved andboth setsof particlesfocuson the correct
positionsin themap,asshown in Panel2(c). Localizationalgorithmsbasedon particle�lters arearguable
themostpowerful algorithmsin existence.As this exampleillustrates,particle�lters canrepresenta wide
rangeof multi-modaldistributions. They areeasilyimplementedasresource-adaptivealgorithm, capable
of adaptingthenumberof particlesto theavailablecomputationalresources.And �nally , they convergefor
a largerangeof distributions,from globallyuncertainto near-deterministiccases.

4 Towards Millions of Dimensions

In high-dimensionalstatespaces,computationalconsiderationsmayposeseriousobstacleswhenestimating
state.Robotmapping, to namea popularexampleof a high-dimensionalproblem,ofteninvolvesthousands
of dimensions,if not millions! For example,the volumetric map shown in Figure 3(a) is comprisedof
severalmillions of texturevalues,in additionto thousandsof structuralparameters.This raisesthequestion
asto whetherprobabilistictechniquesareequippedto performstateestimationin suchhigh-dimensional
spaces.The answeris quite intriguing. To date,virtually all state-of-the-artalgorithmsin areassuchas
localization,mapping,andpeopletrackingareprobabilistic.

Many probabilisticapproachesestimatethemodeof theposterior, which is simply themostlikely state
x (theremight be more thanone). Sometechniques,suchasKalman�lters, alsocomputea covariance
matrix, which measuresthecurvatureof theposteriorat themode. Thespeci�c techniquesfor estimating
themodeandthecovariancevary widely, dependingon thenatureof thestateestimationproblem. In the
roboticmappingproblem,two of themostwidely usedalgorithmsareextendedKalman�lter s (EKFs) [5]
and the expectationmaximization(EM) algorithm[6]. ExtendedKalman �lters areapplicablewhen the
posteriorcanreasonablyassumedto beGaussian.This is usuallythecasewhenmappingthe locationsof
landmarksthatcanbeuniquelyidenti�ed. Kalman�lter techniqueshave provento becapableof mapping
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large-scaleoutdoorandunderwaterenvironmentswhile simultaneouslyestimatingthelocationof therobot
relative to the map[1]. Figure3(b) shows an examplemapof landmarksin an underwaterenvironment,
obtainedby researchersat theUniversityof Sydney [12].

In the generalmappingproblem,thedesiredposteriormayhave exponentiallymany modes—notjust
one. Differentmodescommonlyarisefrom uncertaintyin calculatingthe correspondencebetweenmap
itemssensedat differentpointsin time—aproblemcommonlyknown asdataassociationproblem. Many
of today's bestalgorithmsfor stateestimationwith unknown dataassociationarebasedon the EM algo-
rithm [6]. Thisalgorithmperformsa localhill-climbing searchin thespaceof all statesx (e.g.,maps),with
theaim of calculatingthemode. The“trick” of theEM algorithmis to searchiteratively, by alternatinga
stepthat calculatesexpectationsover the dataassociationandrelatedlatentvariables,followed by a step
thatcomputesa new modeunderthese�x edexpectations.This leadsto a sequenceof stateestimates(e.g.,
maps)of increasinglikelihood.In caseswhereboththesestepscanbecalculatedin closedform, EM canbe
ahighly effectivealgorithmfor estimatingthemodeof complex posteriors.For example,themapshown in
Figure3(a)hasbeengeneratedthroughanon-linevariantof theEM algorithm,accommodatingerrorsin the
robotodometryandexploiting a Bayesianprior thatbiasestheresultingmapstowardsplanarsurfaces[4].
In all theseapplications,probabilisticmodelselectiontechniquesareemployed for �nding modelsof the
“right” complexity.

5 Probabilistic Planning and Control

Stateestimationis only half thestory. Clearly, theultimategoalof any roboticssoftwaresystemis to control
roboticdevices.It shouldcomeatnosurprisethatprobabilistictechniquesspeci�cally takeuncertaintyinto
considerationwhendevising robot control. By doing so, they arerobust to sensornoiseand incomplete
information. Probability theoryprovidesa soundframework for active informationgathering,smoothly
blendingexplorationandexploitationasmostbene�cial for thecontrolgoalsathand.

Existing probabilisticcontrol algorithmscanmainly be groupedinto two categories: greedyandnon-
greedy. Both familiesassumethe availability of a payoff function,which speci�es the costsandbene�ts
associatedwith thevariouscontrolchoices.Whereasgreedyalgorithmsmaximizethepayoff for theimme-
diatenext time step,non-greedyalgorithmconsiderentiresequencesof controls,therebymaximizingthe
(moreappropriate)cumulative payoff of the robot. Clearly, non-greedymethodsaremoredesirablefrom
a performancepoint of view. Thecomputationalcomplexity of planningunderuncertainty, however, make
greedyalgorithmswelcomealternativesthathave foundwidespreadapplicationsin practice.

Theimmediatenext payoff is easilycalculatedby maximizingtheconditionalexpectationof thepayoff
undertheposteriorprobabilityover thestatespace.Thus,greedytechniquesmaximizeaconditionalexpec-
tation. In themuseumtourguideproject,suchanapproachwassuccessfullyemployedto preventtherobot
from falling down staircases.Similar techniqueshave beensuccessfullybroughtto bearfor active environ-
mentexplorationwith teamsof robots[9], usingpayoff functionsthatmeasurethe residualuncertaintyin
themap.

Non-greedilyoptimizingrobotcontrol—overmultipletimesteps—remainsachallengingcomputational
problem. This is becausethe robothasto considermultiple contingenciesduringplanning,payingtribute
to theuncertaintyin theworld. Worseso,thenumberof contingenciesmayincreaseexponentiallywith the
planninghorizon,whichmakesfor amostchallengingplanningproblem[10].

Nevertheless,recentresearchhasled to a �urry of approximatealgorithmsthat are computationally
ef�cient. Thecoastalnavigationalgorithmdescribedin [8] condensestheposteriorbelief to two quantities:
themostlikely state,andtheentropyof theposterior. This statespacerepresentationis exponentiallymore
compactthanthespaceof all posteriordistributions. It captures,however, still thedegreeof uncertaintyin
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therobot's posterior. Planningwith this condensedstatespacehasled to scalableroboticplanningsystems
thatcancopewith uncertainty. For example,in amobilerobotimplementationreportedin [8], thistechnique
hasbeenfound to navigaterobotsclosedto known landmarks,in orderto minimize thedangerof getting
lost—eventhoughthismight increasetheoverallpathlength.Experimentally, coastalnavigationwasshown
to besuperiorto motionplannersthatdonotregarduncertaintyin theplanningprocess,in denselypopulated
environments. This and many other examplesin the literatureillustrate how a careful considerationof
uncertaintyoftenleadsto superiorcontrolalgorithms,whichexplicitly consideruncertaintyin planningand
control.

6 Conclusion

This article provided a brief introductioninto the vibrant �eld of probabilisticrobotics. The key ideaof
probabilisticapproachesis a commitmentto probabilitydistribution asthebasicrepresentationof informa-
tion. They provide soundsolutionsfor the integrationof inaccuratemodel informationandnoisy sensor
data.

To date,probabilisticroboticsis oneof the most rapidly growing sub�eld of robotics. While many
researchchallengesremain,theapproachhasalreadyled to fundamentallymorescalablesolutionsto many
hardroboticsproblems,speci�cally in the areaof mobile robotics. They have led to deepmathematical
insightsinto the structureof roboticsproblemsand solutions,And �nally , probabilistictechniqueshave
proventheir valuein practice.They areat thecoreof dozensof successfulroboticsystemsto date.

Thisarticlewasnecessarilybrief, andtheinterestedreaderis invited to consulttherich literatureonthis
topic. Additionalintroductorymaterialcanbefoundattheauthor'sWebsitehttp://www.cs.cmu.edu/ � thrun .
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