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Abstract

In the 1970s,most researchin robotics presupposedhe availability of exact models,of robotsand
their ervironments. Little emphasisvas placedon sensingand the intrinsic limitations of modeling
comple physical phenomena.This changedin the mid-1980s,when the paradigmshifted towards
reactve techniques.Reactve controllersrely on capablesensordo generataobot control. Rejections
of modelsweretypical for researchern this eld. Sincethe mid-1990s,a newv approachhasbegun
to emepe: probabilisticrobotics. This approachrelieson statisticaltechniquego seamlesslyntegrate
imperfectmodelsandimperfectsensing.Thepresenarticledescribeshebasicof probabilisticrobotics
andhighlightssomeof its recentsuccesses.

1 Intr oduction

In recentyearsthe eld of roboticshasmadesubstantiaprogressin the past,robotsweremostlycon ned

to factory oors andassemblyines,boundto performthe samenarrov tasksover andover again. A recent
seriesof successfutobotsystemshowever, hasdemonstratethatroboticshasadvancedo alevel whereit

is readyto conquemary new elds, suchasspacemedicaldomainspersonakervicesentertainmentand
military applications Many of thesenenv domainsarehighly dynamicanduncertain.Uncertaintyarisesfor

mary differentreasonsthe inherentlimitations to modelthe world, noiseand perceptualimitationsin a
robot's sensomeasurementgndthe approximatenatureof mary algorithmicsolutions.In this uncertainly
lies oneof the primarychallengegacedby roboticsresearchioday

Threeexamplesof successfutobot systemghat operatein uncertainernvironmentsareshavn in Fig-
urel: acommerciallydeployed autonomoustraddlecarrier[3], aninteractive museuntourguiderobot|[7,
11], anda prototyperoboticassistanfor theelderly Thestraddlecarrieris capableof transportingcontain-
ersfasterthantrainedhumanoperators.The tourguiderobot—onein a seriesof mary—cansafelyguide
visitors throughdenselycronded museums.The Nursebotrobot is presentlybeing developedto interact
with elderly peopleandassisthemin variousdaily tasks.All of theserobotshave to copewith uncertainty
The straddlecarrierfacesintrinsic limitations whensensingts own locationandthat of the containers A
similar problemis facedby the museuntourguiderobot,but herethe problemis aggraatedby thepresence
of people. The elderly companionrobot facesthe additionaluncertaintyof having to understandpolen
languageby elderly people andcopingwith theirinability to expresstheir exactwishes.In all theseappli-
cationdomainstheervironmentsarehighly unpredictableandsensorarecomparatrely poorwith regard
to theperformancdasksat hand.



(a) StraddleCarrier (b) Roboticmuseuntourguide (c) PersonaRoboticAssistantfor the Elderly

Figurel: Threerobotscontrolledby probabilisticsoftware: A roboticstraddlecarrier a museuntourguide
robot,andthe Nursebotaroboticassistanfor nursesandthe elderly.

As theseexamplessuggestthe ability to accommodatencertaintyis akey requirementor contempo-
rary robotic systems. This raisesthe questionasto appropriatemechanismgor copingwith uncertainty
Whattype of internalworld modelsshouldrobotsemplo/? And how shouldsensomeasurementse inte-
gratedinto theirinternalstateof information?How shouldrobotsmalke decisionsvenif they areuncertain
abouteventhe mostbasicstatevariablesn theworld?

Theprobabilisticapproactio roboticsaddressethesequestionghroughasinglekey idea: representing
informationprobabilistically. In particular world modelsin the probabilisticapproachareconditionalprob-
ability distributions,which describehe dependencef certainvariableson othersin probabilisticterms. A
robot's stateof knowledgeis alsorepresentetly probability distributions,which arederived by integrating
sensomeasurementsto the probabilisticworld modelsgivento therobot. Probabilisticrobotcontrolan-
ticipatesvariouscontingencieshatmightarisein uncertairworlds,therebyseamlesslyplendinginformation
gathering(exploration)with robust performance-orientecbntrol (exploitation).

Themove to probabilistictechniquesn roboticsis paralleledn mary othersub eldsof arti cial intelli-
gencesuchascomputervision, languageandspeechProbabilisticroboticsleveragesiecade®f research
in probability theory statistics,engineeringand operationsresearch.In recentyears,probabilistictech-
nigueshave solved mary outstandingoboticsproblems,andthey have led to new theoreticalinsightsinto
the structureof roboticsproblemsandtheir solutions.

2 Models, Sensorsand The Physical World

Classicakoboticstextbooksoftendescribeat lengththekinematicsanddynamicsof roboticdevices. These
topics addresghe questionof how controls affect the stateof the robot and, more broadly the world.
However, textbooksoftensuggest deterministiaelationship:Theeffect of applyingcontrolactionu to the
robotatstatex is governedby thefunctionalrelationshipx®= f (u; x), for some(deterministicfunctionf .
For example,x mightbethecon gurationandvelocity of aroboticarm,andu might bethe motorcurrents
assertedn a x edtime intenal. Suchan approactcharacterizegealizedrobotsonly—free of wearand
tear inaccuraciesgontrol noise,andthe alike. In reality, the outcomesof control actionsare uncertain.
For example,a robotthat executesa control leveragingits positionby one meterforward might expectto
be exactly one meteraway from whereit started,but in reality will likely nd itself in an unpredictable
locationnearby The probabilisticapproachaccountdor this uncertaintyby using conditionalprobability
distributionsto modelrobots.Suchmodels commonlydenotedp(xYu; x), specifythe posteriorprobability
over states<°thatmightresultwhenapplyingcontrolu to arobotwhosestateis x. Putdifferently, insteadof
makinga deterministigorediction probabilistictechniquesnodelthefactthatthe outcomeof robotcontrols



Algorithm particleFilters(X ; u; z)
letX %= X2, =

// forwardprojectionstep

fori = 1toN do
retrievei-th particlex; from particlesetX
dravx? p(xYu; xi) usingthe motionmodelp(xYu; x)
addx®toX Q,,

endfor

// resamplingstep
forj = 1toN do
drav randomx from X {,,, with probability proportionalto p(zjx )
addx; toX?°
endfor
returnXx °
endalgorithm

Table1: Basicparticle Iter algorithm,which implementsBayes Iters usingapproximateparticlerepre-
sentation The posterioris representetly asetof N particlesX © whichis roughlydistributedaccordingto
the posteriordistribution of all statesx giventhe datathatis commonlycalculatedoy Bayes lters.

is uncertain by assigninga probability distribution over the spaceof all possibleoutcomes As such,they
generalizeclassicakinematicsanddynamicsto real-world robotics.

In the samevein, mary traditionaltextbookspresuppos¢hat the stateof the robotx be known at all
times. Usually, the statex comprisesall necessarguantitiesrelevantto robot predictionandcontrol, such
astherobot's con guration,its poseandvelocity, thelocationof surroundingtems(obstaclespeople etc.).
In idealizedworlds, the robot might possessensorghat can measurewithout error, the statex. Such
sensorsnay be characterizedby a deterministicfunctiong, capableof recoveringthefull statefrom sensor
measurements, thatis, x = ¢(z). Realsensorsare characterizedy noiseand, more importantly by
rangelimitations. For example,camerasannotseethroughwalls. The probabilisticapproactgeneralizes
this idealizedview by modelingrobot sensordy conditional probability distributions. Sensoranay be
characterizedy forward modelsp(zjx), which reasorfrom stateto sensormeasurement®r their inverse
p(xjz)—dependingn algorithmicdetailsbeyondthe scopeof this article.

As this discussiorsuggestsprobabilisticmodelsareindeedgeneralization®f their classicalcounter
parts. The explicit modelingof uncertainty however, raisesfundamentatjuestionsasto whatcanbe done
with theseworld models.Canwe recover the stateof theworld? Canwe still controlrobotssoasto achieve
setgoals?

3 Probabilistic State Estimation

A rst answerto thesequestionscanbe foundin therich literatureon probabilisticstateestimation. This
literatureaddressetheproblemof recoreringthestatevariables< from sensodata.Commonstatevariables
include

parametersegardingthe robot's con guration, suchasits locationrelative to an externalcoordinate
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Figure2: Evolution of the conditionalparticle Iter from globaluncertaintyto successfulocalizationand
tracking.

frame. The problemof estimatingsuchparameterss oftenreferredto aslocalization

parameterspecifyingthe locationof itemsin the ervironment,suchasthe locationof walls, doors,
andobjectsof interest. This problem,knovn asmapping is regardedoneof the mostdif cult state
estimationdueto the high dimensionalityof suchparametespaceg$l], and

parametersf objectswhosepositionchange®vertime, suchaspeople doors,andotherrobots. This
problemis similarto the mappingproblem,with theaddeddif culty changingocationsovertime.

The predominantipproachfor stateestimationin probabilisticroboticsis knowvn asBayes Iter s. Bayes
Iters offer a methodologyfor estimatinga probability distribution over the statex, conditionedon all

availabledata(controlsandsensomeasurementsY.hey do sorecussively basednthemostrecentcontrol
u andmeasuremert, thepreviousprobabilisticestimateof thestate andtheprobabilisticmodelsp(x §x; u)

andp(zjx) discussedh the previoussection.Thus,Bayes Iter do notjust“guess”thestatex. Ratherthey

calculatethe probability that any statex is correct. Popularexamplesof Bayes Iters are hiddenMarkov

models,Kalman lters, dynamicBayesnetworks and partially obsenable Markov decisionprocesse$s,

10].

For low-dimensionaktatespacesresearctin roboticsand appliedstatisticshasproduceda wealth of
literatureon ef cient probabilisticestimation.Remarkablypopularis analgorithmknown asparticle lter s,
which in computervision is known as condensatioralgorithm andin roboticsas Monte Carlo localiza-
tion [2]. This algorithmapproximateshe desiredposteriordistribution througha setof particles Particles
aresamplesf statesx which aredistributedroughlyaccordingo thevery posteriorprobability distribution
speci ed by Bayes lters. Table1 statesthe basicparticle Itering algorithm. In analogyto Bayes lters,
the algorithmgenerates particlesetX © recursiely, from the mostrecentcontrolu, the mostrecentmea-
surementz, andthe particlesetX thatrepresentshe probabilisticestimatebeforeincorporatingu andz. It
doessoin two phasesFirst, it “guesses’statesx? basedon particlesdravn from X andthe probabilistic
motion modelp(xYu; x). Subsequentjytheseguessesreresampledn proportionto the perceptualik e-
lihood, p(zjx?). Theresultingsamplesetis approximatelydistrioutedaccordingto the Bayesiarposterior
takingu andz into account.

Figure?2 illustratesparticle lters via anexample. A mobile robot, equippedwith a laserrange nder,
simultaneouslyestimatests locationrelative to a two-dimensionamapof a corridor ervironmentandthe
numberandlocationsof nearbypeople.In the beginning (Panel2(a)), therobotis globally uncertainasto
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Figure3: (a) 3D volumetricmap,acquiredoy amobilerobotin real-time.Thelowerpartof themapis belov
therobot's sensorshenceis not modeled.(b) Map of undervaterlandmarksacquiredby the submersible
vehicleOberonatthe University of Sydneg. Courtesyof Stefan Williams andHugh Durrant-Wiyte.

whereit is. Consequentitheparticlesrepresentingts locationandthatof the persorarespreadhroughout
the free spacen the map. As the robot moves (Panel2(b)), the particlesrepresentinghe robot's location
quickly corverge to two distinctlocationsin the corridor, asdo the particlesrepresentinghe persons lo-
cation. A few time stepslater, the ambiguity is resoled and both setsof particlesfocus on the correct
positionsin the map,asshavn in Panel2(c). Localizationalgorithmsbasedon particle Iters arearguable
the mostpowerful algorithmsin existence.As this exampleillustrates particle Iters canrepresenawide
rangeof multi-modaldistributions. They are easilyimplementedasresouce-adaptivealgorithm capable
of adaptingthe numberof particlesto the availablecomputationatesourcesAnd nally, they corvergefor
alargerangeof distributions,from globally uncertainto neardeterministiccases.

4 Towards Millions of Dimensions

In high-dimensionastatespacesgcomputationatonsiderationsnay poseseriousobstaclesvhenestimating
state.Robotmapping to namea popularexampleof a high-dimensionaproblem,ofteninvolvesthousands
of dimensionsjf not millions! For example,the volumetric map shavn in Figure 3(a) is comprisedof
severalmillions of texturevalues,in additionto thousand®f structuralparametersThis raiseshe question
asto whetherprobabilistictechniquesare equippedto perform stateestimationin suchhigh-dimensional
spaces.The answeris quite intriguing. To date,virtually all state-of-the-aralgorithmsin areassuchas
localization,mappingandpeopletrackingareprobabilistic.

Many probabilisticapproachesstimatethe modeof the posterior whichis simply the mostlik ely state
X (theremight be morethanone). SometechniquessuchasKalman lters, alsocomputea covariance
matrix, which measureshe cunatureof the posteriorat the mode. The speci ¢ techniquedor estimating
the modeandthe covariancevary widely, dependingon the natureof the stateestimationproblem. In the
robotic mappingproblem,two of the mostwidely usedalgorithmsareextendedKalman Iter s (EKFs)[5]
andthe expectationmaximization(EM) algorithm [6]. ExtendedKalman Iters are applicablewhenthe
posteriorcanreasonablyassumedo be Gaussian.This is usuallythe casewhenmappingthe locationsof
landmarkghatcanbe uniquelyidenti ed. Kalman Iter techniquesave provento be capableof mapping



large-scaleoutdoorandundervaterenvironmentswhile simultaneoushestimatingthe locationof therobot
relative to the map[1]. Figure3(b) shavs an examplemap of landmarksin an undervaterernvironment,
obtainedby researcheratthe University of Sydney [12].

In the generalmappingproblem,the desiredposteriormay have exponentiallymary modes—nojust
one. Differentmodescommonlyarisefrom uncertaintyin calculatingthe correspondencbetweenmap
itemssensedt differentpointsin time—aproblemcommonlyknovn asdataassociatiorproblem Many
of today's bestalgorithmsfor stateestimationwith unknavn dataassociatiorare basedon the EM algo-
rithm [6]. Thisalgorithmperformsalocal hill-climbing searchn the spaceof all states< (e.g.,maps)with
the aim of calculatingthe mode. The“trick” of the EM algorithmis to searchiteratively, by alternatinga
stepthat calculatessxpectationsover the dataassociatiorandrelatedlatentvariables followed by a step
thatcomputesa new modeunderthese x ed expectations.This leadsto a sequencef stateestimatege.g.,
maps)of increasindik elihood.In casesvhereboththesestepscanbecalculatedn closedform, EM canbe
a highly effective algorithmfor estimatinghe modeof complec posteriors For example ,themapshavnin
Figure3(a)hasbeengeneratedhroughanon-linevariantof the EM algorithm,accommodatingrrorsin the
robotodometryandexploiting a Bayesiarprior thatbiaseshe resultingmapstowardsplanarsurfaceg4].
In all theseapplicationsprobabilisticmodelselectiontechniquesareemployed for nding modelsof the
“right” compleity.

5 Probabilistic Planning and Control

Stateestimationis only half thestory Clearly, theultimategoalof ary roboticssoftwaresystenis to control

roboticdevices. It shouldcomeatno surprisethatprobabilistictechniquespeci cally take uncertaintyinto

considerationwhen devising robot control. By doing so, they are robustto sensomoiseandincomplete
information. Probability theory provides a soundframework for active information gathering,smoothly
blendingexplorationandexploitationasmostbene cial for the controlgoalsat hand.

Existing probabilisticcontrol algorithmscan mainly be groupedinto two cateyories: greedyandnon-
greedy Both familiesassumehe availability of a payof function, which speci esthe costsandbene ts
associateavith the variouscontrolchoices Whereagreedyalgorithmsmaximizethe payof for theimme-
diate next time step,non-greedyalgorithm considerentire sequencesf controls,therebymaximizingthe
(moreappropriatecumulative payof of the robot. Clearly non-greedymethodsare moredesirablefrom
a performancepoint of view. The computationatompleity of planningunderuncertainty however, make
greedyalgorithmswelcomealternatvesthathave foundwidespreadipplicationdn practice.

Theimmediatenext payof is easilycalculatedoy maximizingthe conditionalexpectationof the payof
underthe posteriorprobabilityover the statespace Thus,greedytechniquesnaximizea conditionalexpec-
tation. In the museumtourguideproject,suchanapproactwassuccessfullyemployedto preventtherobot
from falling down staircasesSimilar technique$ave beensuccessfullyproughtto bearfor active environ-
mentexplorationwith teamsof robots[9], usingpayof functionsthat measurahe residualuncertaintyin
themap.

Non-greedilyoptimizingrobotcontrol—over multiple time steps—remainachallengingcomputational
problem. This is becausdhe robothasto considemultiple contingenciegluring planning,payingtribute
to the uncertaintyin theworld. Worseso, the numberof contingenciesnayincreasesxponentiallywith the
planninghorizon,which makesfor a mostchallengingplanningproblem[10].

Neverthelessrecentresearcthasled to a urry of approximatealgorithmsthat are computationally
ef cient. Thecoastalnavigationalgorithmdescribedn [8] condensethe posteriotbeliefto two quantities:
themostlik ely state andthe entropy of the posterior This statespacerepresentatiois exponentiallymore
compactthanthe spaceof all posteriordistributions. It captureshowever, still the degreeof uncertaintyin



therobot's posterior Planningwith this condensedtatespacehasled to scalablerobotic planningsystems
thatcancopewith uncertainty For example,in amobilerobotimplementatiomeportedn [8], thistechnique
hasbeenfound to navigaterobotsclosedto known landmarks,jn orderto minimize the dangerof getting
lost—eventhoughthis mightincreasdheoverall pathlength. Experimentallycoastahavigationwasshavn
to besuperiorto motionplannerghatdo notregarduncertaintyin theplanningprocessin denselypopulated
ervironments. This and mary other examplesin the literatureillustrate how a careful consideratiorof
uncertaintyoftenleadsto superiorcontrolalgorithms which explicitly considemncertaintyin planningand
control.

6 Conclusion

This article provided a brief introductioninto the vibrant eld of probabilisticrobotics. The key idea of

probabilisticapproaches a commitmento probability distribution asthe basicrepresentationf informa-

tion. They provide soundsolutionsfor the integration of inaccuratemodelinformationand noisy sensor
data.

To date, probabilisticroboticsis one of the mostrapidly growing sub eld of robotics. While mary
researctthallengesemain the approacthasalreadyled to fundamentallynorescalablesolutionsto mary
hardroboticsproblems,speci cally in the areaof mobile robotics. They have led to deepmathematical
insightsinto the structureof roboticsproblemsand solutions,And nally, probabilistictechniqueshave
proventheirvaluein practice.They areatthe coreof dozensf successfutoboticsystemdo date.

This articlewasnecessarilyrief, andtheinterestedeaderis invited to consulitherich literatureon this
topic. Additionalintroductorymaterialcanbefoundattheauthors Websitehttp://www.cs.cmu.edu/ thrun .
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