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Abstiact— The Extended Kalman Filter (EKF) has been the
de facto approach to the Simultaneous Localization and Mapping
(SLAM) problemfor nearly fifteen years. However, the EKF hastwo
seriousdeficienciesthat prevent it from being applied to large, real-
word ervironments: quadratic complexity and sensitvity to failur es
in data association.FastSLAM, an alternative approachbasedon the
Rao-Blackwellized Particle Filter, has beenshown to scalelogarith-
mically with the number of landmarks in the map [10]. This effi-
ciency enablesFastSLAM to be applied to environmentsfar larger
than could be handled by the EKF. In this paper, we will show that
FastSLAM also substantially outperforms the EKF in ervironments
with ambiguousdata association. The performance of the two algo-
rithms is compared on a real-world data setwith various levels of
odometric noise. In addition, we will show how negative information
canbeincorporated into FastSLAM in order to impr ovethe accuracy
of the estimatedmap.

I. INTRODUCTION

The problemof simultaneousocalizationandmapping,
alsoknown as SLAM, hasattractedmmenseattentionin
the mobile roboticsliterature. SLAM addressethe prob-
lem of building amapof anunknavn ervironmentfrom a
sequencef noisy landmarkmeasurementsbtainedfrom
amoving robot. Sincerobotmotionis alsosubjectto error,
themappingproblemnecessarilynducesa robotlocaliza-
tion problem—hencé¢he nameSLAM. SLAM is consid-
eredby mary to beanessentiatapabilityfor autonomous
robotsoperatingin ervironmentswhereprecisemapsand
positioningarenot available[3], [7], [14].

The dominantapproachto the SLAM problemwasin-
troducedin a seminalpaperby Smith, Self, and Cheese-
man[13]. This paperproposedthe useof the Extended
KalmanFilter (EKF) for incrementallyestimatinghejoint
posteriordistribution over robot poseand landmarkpo-
sitions. In the last decade,this approachhas found
widespreadacceptancén field robotics,as a recenttuto-
rial paperdocumentg2].

EKF-basedapproacheso SLAM suffer from two im-
portant limitations. First, sensorupdatesrequire time
guadraticin the total numberof landmarksK in the map.
This compleity stemsfrom the fact that the covariance
matrix maintainedby the Kalman filter has O(K?) ele-
ments, all of which must be updatedeven if just a sin-
gle landmarkis obsered. Quadraticcompleity limits the
numberof landmarkghatcanbe handledby this approach
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to only afew hundred—whereasaturalervironmentmod-
elsfrequentlycontainmillions of features.

Second EKF-basedSLAM algorithmsrely heavily on
theassumptiorthatthe mappingbetweerobsenationsand
landmarksis known. Associatinga small numberof ob-
senationswith incorrectlandmarksn the EKF cancause
thefilter to diverge. The problemof determiningthe cor
rect mappingof obsenationsto landmarksis commonly
referredto asthedataassociationgr correspondencarob-
lem.

An alternatve approactto the SLAM problemhasbeen
introducedthat factorsthe SLAM posteriorinto a local-
ization problemand K independentandmarkestimation
problemsconditionedon the robot poseestimate.This al-
gorithm, called FastSLAM [10], usesa modified particle
filter for estimatingthe posteriorover robot paths. Each
particlepossesse& independenKalmanfilters that esti-
matethe landmarklocationsconditionedon the particle’s
path. The resultingalgorithmis an instanceof the Rao-
Blackwellizedparticlefilter [5], [11]. By representingar
ticlesasbinarytreesof KalmanFilters,obsenationscanbe
incorporatednto FastSLAM in O(MlogK) time, where
M is the numberof particles,and K is the numberof
landmarks.FastSLAM hasbeendemonstratedvith up to
100,000landmarks problemsfar beyond the reachof the
EKF.

Sinceeachparticlerepresentsa differentrobot posehy-
pothesisdataassociatiorcanbe consideredseparatelyor
every particle. This hastwo advantages.First, the noise
of robot motion doesnot affect the accurag of dataasso-
ciation. Secondjf obsenationsareassociatedorrectlyin
someparticlesandincorrectlyin otherstheincorrectpar
ticleswill receize lower probabilitiesandwill beremoved
in future resamplingsteps. In this way, FastSLAM can
“forget” incorrectassociationgrom the past,when other
correctassociationgetterexplain thedata.

We will demonstratehat FastSLAM substantiallyout-
performsthe Kalman Filter on real-world datawith am-
biguousdataassociationBy addingextraodometricnoise,
we will shav thatFastSLAM continueso performwell in
situationsin which the KalmanFilter inevitably diverges.
In fact, FastSLAM can estimatean accuratemapin this
ervironmentwithout any odometryat all. Finally, we will
shav how to incorporatenegative information into Fast-
SLAM. Theconsideratiorof negative evidenceresultsin a
measurabléncreasan the accurag of theresultingmap.



Il. SLAM PROBLEM DEFINITION

The SLAM problemis bestdescribedasa probabilistic
Markov chain. Therobot’s poseat time ¢ will be denoted
s¢. If therobotis operatingin a planarervironment,this
poseis therobot’s z, y positionandits headingorientation.
Therobot's ervironmentis assumedo be comprisedf K
immobile, point landmarks. Eachlandmarkis character
izedby its locationin spacedenoted); fori = 1,..., K.
Thesetof all landmarkswill be denotedasé.

Robotposesavolve accordingto a probabilisticlaw, re-
ferredto asthemotionmodel

p(St | Ut,Stfl) 1)

Thecurrentposes; is a probabilisticfunction of therobot
controlu; andthepreviousposes; 1.

To mapits ervironment,therobotcansensdandmarks.
It maybeableto measureangeandbearingto landmarks,
relative to its local coordinateframe. The measurement
attimet will bedenoted:;. Sensomeasurement@realso
governedby aprobabilisticlaw, referredto asthemeasue-
mentmodel

p(zt | Sty gnt 3 nt) (2)

wheren; is theindex of thelandmarkcurrentlybeingper
ceived. The obsenration z; is a probabilisticfunction of
the currentposeof the robot s; andthe landmarkbeing
obsered 6,,,. While robots often can sensemore than
onelandmarkat a time, we follow the commonpractice
of assumingthat eachobsenation correspondso a mea-
suremenbf exactly onelandmark[2]. This conventionis
adoptedsolely for mathematicatorvenience.lt posesno
restriction,asmultiple landmarksightingsat a singletime
stepcanbe processedequentially

In short, SLAM is the problemof determiningthe lo-
cationsof all landmarksf androbot posess? from mea-
surements?’ = zq,...,z andcontrolsu® = uq, ..., u;.
In probabilisticterms, this is expressedy the following
posterior:

p(s', 0| 2", u") ©))

Herewe usethe superscript to referto a setof variables
from time 1 totimet. If theassociations® areknown, the
SLAM problemis simpler The posteriorbecomes:

p(s', 0] 2 uf n) 4)

I1l. DATA ASSOCIATION

In real-world SLAM problemsthe mappingn! between
obsenations and landmarksis rarely known. The total
numberof landmarksK is alsounknavn. Every time the
robot makes an obsenation, that readingmust be corre-
spondedvith anexisting landmarkor considerecascom-
ing from a previously unseenlandmark. If this mapping
is not obvious, picking the wrong associationcan cause

Landmark position
uncertainty
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Fig. 1. Measuremenfmbiguity: Two landmarks(shavn asblack cir-
cles)arecloseenoughthatthe obsenation (shovn asanx) plausibly
couldhave comefrom eitherone.

afilter to diverge. A betterunderstandingf how uncer
tainty in the SLAM posteriorgenerateambiguityin data
associatiorwill demonstratdnow simple dataassociation
heuristicsoftenfail.

Two factorscontrituteto uncertaintyin the SLAM pos-
terior: measuremenhoiseand motion noise. Eachleads
to a differenttype of dataassociatiorambiguity Noisein
the measurementnodel will resultin higher uncertainty
in the landmarkpositions. Uncertainlandmarkpositions
will leadto measuementambiguity or confusionbetween
nearbylandmarks.(SeeFigurel.) A mistale dueto mea-
surementmbiguity will have a relatively small effect on
estimationerror becauseahe obsenation plausibly could
have comefrom eitherlandmark.
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Fig. 2. Motion Ambiguity: Obsenationsmay be associateavith com-
pletely differentlandmarksif the orientationof the robot changesa
smallamount.

Ambiguity dueto motionnoisecanhave muchmorese-
vereconsequenceslighermotionnoisewill leadto higher
robotposeuncertaintyafterincorporatinga control. If this
uncertaintyis high enoughdifferentplausibleposesf the
robotwill leadto drasticallydifferentdataassociatiorhy-
pothesegor the subsequentbsenations.Motion ambigu-
ity is easilyinducedif thereis significantangularuncer
tainty in the robot poseestimate.(SeeFigure2.) If mul-
tiple obsenationsare incorporatedper timestep,the mo-
tion of the robot will correlatethe associationof all of
the landmarks. If a SLAM algorithm chooseghe wrong
associatiorfor a single landmarkdue to motion ambigu-
ity, with high probability the restof the associationswill
alsobewrong. Thiswill addalargeamountof errorto the
robot’s pose andoftencauseafilter to diverge.

EKF SLAM algorithmscommonlydeterminedataasso-
ciationusingamaximumlik elihoodapproachEachobser
vationis associateavith thelandmarkthatwasmostlik ely
to have generatedt. At every time step,only the single
most probabledataassociatiorhypothesisis considered.
More sophisticatedEKF dataassociatioralgorithmshave



Fig. 3. The SLAM problem: The robot movesthroughposess ... st
basedon a sequencef controls,u; - . . u¢. Asit moves,it obseres
nearbylandmarks. At time ¢t = 1, it obseneslandmarkf,. The
measuremenis denotedz;. At timet¢ = 2, it obseresthe other
landmark,02, andattime ¢ = 3, it obseresé; again. The SLAM
problemis concernedvith estimatingthe locationsof the landmarks
andtherobot’s pathfrom thecontrolsu andthemeasurements. The
gray shadingillustratesthe fact that knowledge of the robot’s path
renderghelandmarkpositionsf; andéy conditionallyindependent.

beendevelopedto considerthe bestassociatiorof all ob-
senationssimultaneously12], however theseapproaches
still rely on a single dataassociatiornypothesisat every
timestep. In a scenariowith ambiguousdataassociation,
an algorithmthat maintainsa single dataassociatiorwill
sometimegick thewrongassociationlf theambiguityis
dueto the robot’s maotion, this will leadto divergenceof
the EKF.

The following sectionsof this paperwill describeFast-
SLAM, analternatve approacho the SLAM problemthat
cansampleover multiple dataassociatiorhypothesesEx-
perimentaldatawill shov thatthis resultsin betterperfor
mancein situationswith significantmotionambiguity

IV. FASTSLAM WITH KNOWN DATA ASSOCIATION

Figure3illustratesa generatie probabilisticmodel(dy-
namicBayesnetwork) thatdescribegshe SLAM problem.
Fromthis diagramit is clearthatthe SLAM problemcon-
tains importantconditionalindependencesin particular
knowledgeof therobot's pathsy, . .., s; rendersheindi-
vidual landmarkmeasurementsdependent So for ex-
ample,if anoracleprovided uswith the exact pathof the
robot, the problemof determiningthe landmarklocations
could be decouplednto K independengestimationprob-
lems, one for eachlandmark. This conditionalindepen-
denceis the basisfor the FastSLAMalgorithm.

This conditional independencémplies that the poste-
rior (4) canbe factoredasfollows into a robot path pos-
terioranda productof individual landmarkposteriorscon-
ditionedon therobot's path:

p(s',0 | 24, ut nt)
K
= p(s' | 2t nt) [T p(0: | s, 2% ut ) (5)

i=1

A derivationof this factorizationis givenin the Appendix.
FastSLAM estimatesghefactoredSLAM posteriorusinga
modifiedparticlefilter, with K independenKalmanFilters
for eachparticleto estimatethe landmarkpositionscondi-
tionedon the hypothesizedobot paths. The resultingal-
gorithm is an instanceof the Rao-Blackwellizedparticle
filter [5], [11].

A. Particle Filter Path Estimation

FastSLAM estimateghe robot path posteriorin (5) us-
ing a particlefilter, in away thatis similar (but not identi-
cal) to theMonteCarlo Localization(MCL) algorithm[1].
At eachpoint in time, FastSLAM maintainsa setof par
ticlesrepresentinghe posteriorp(st | 2, uf, n'), denoted
S,. Eachparticle s™ e S, represents “guess”of the
robot’s path:

Sy = {sttm}, = LM sl sl (6)

We usethe superscriptotation ! to refer to the m-th
particlein theset.

The particlesetS; is calculatedncrementallyfrom the
setS;_; attimet — 1, arobotcontrolu;, anda measure-
mentz,. First, eachparticles®!! in S,_; is usedto gen-
eratea probabilisticguesf therobot's poseattime ¢:
s~ plse | ugs™) @)
This guessis obtainedby samplingfrom the probabilis-
tic motion model. This estimateis thenaddedto a tem-
porary setof particles,alongwith the path st~ Un-
derthe assumptiorthatthe setof particlesin S;_ is dis-
tributedaccordingto p(st=1 | =1, ut=1 nt=1) (whichis
anasymptoticallycorrectapproximation)the new particle
is distributedaccordingo:

p(s' | 271l ) )

This distribution is commonlyreferredto asthe proposal
distribution of particlefiltering.

After generatingM particlesin this way, the newv set
S; is obtainedby samplingfrom the temporaryparticle
set. Eachparticles® ™! is dravn (with replacementjvith
a probability proportionalto a so-calledmportancefactor

wt[""} , whichis calculatedasfollows [9]:

p(st,[m] | Zt7 ut, nt)

m) _ tametdist.
~ proposaldist.  p(st:ml | zt—1 gt pi1)

Wy

C)

The exact calculationof (9) will be discussedurther be-
low. The resulting sampleset .S; is distributed accord-
ing to an approximationto the desired path posterior
p(st | 2%, ut,n?), anapproximationwhich is correctas
thenumberof particlesM goesto infinity. We alsonotice
thatonly the mostrecentrobotposeestimatecz[f’f]1 is used
whengeneratinghe particlesetS;. Thiswill allowsusto
silently“forget” all otherposeestimatestenderinghesize
of eachparticleindependenof thetime index ¢.



B. LandmarkLocationEstimation

FastSLAM representsthe conditional landmark esti-
matesp(6; | st, 2% ut,nt) in (5) using Kalman filters.
Sincethis estimateis conditionedon the robot pose,the
Kalmanfilters are attachedo individual posepatrticlesin
S¢. More specifically the full posteriorover pathsand
landmarkpositionsin the FastSLAM algorithmis repre-
sentecby thesampleset

(stlml el sbml ] wbmhy (10)

Here 4™ and %I are the meanand covarianceof the
Gaussiamepresentinghei-th landmarkd;, attachedo the
m-th particle.In theplanarrobotnavigationscenariogach
meany™ is a two-elementvector and X" is a 2 by 2
matrix.

The posteriorover the i-th landmarkposed; is easily
obtained. Its computationdependn whetheror not the
landmarkwas obsened. If the landmarkis obsered, we
obtain:

Oien, | 8%, 2%, ul, nt (12)
p( t k) k) )

X p(zt | enta St nt) p<9nt | St_la Zt_lvut_17 nt_l)

St =

If landmarki is notobsened,we simplyleavetheGaussian
unchanged:

D(Oitn, |st, 2t ut,nt) = p(0i|st71,zt71, ut ™t ntfl) (12)

The FastSLAMalgorithmimplementghe updateequation
(11) usingthe extendedKalmanfilter (EKF). As in exist-

ing EKF approacheto SLAM, thisfilter usesalinearized
versionof the perceptuamodelp(z; | s¢, 0,,,n¢) [2]. One

significantdifferencebetweerFastSLAM's useof Kalman

filtersandthatof thetraditionalSLAM algorithmis thatthe

updatesn the FastSLAM algorithminvolve only a Gaus-
sianof dimensiontwo (for the two landmarklocation pa-

rameters).In the EKF-basedSLAM approacha Gaussian
of size2K + 3 hasto be updatedwith K landmarksand

3 robot poseparameters).This calculationcan be done
in constanttime in FastSLAM, whereasit requirestime

guadratidn K in the EKF.

C. Importance\eights

Before the robot path particlescan be resampledthe
importanceweights(9) mustbe calculated. For the sale
of brevity, the derivation of theseimportanceweightshas
beenomitted. Theweightw; is equalto:

w[m] p(st,[m] Ztautant)
t p(stml | zt=1 yt nt-1)

- / p(z | 0 sU™) p(olm) o, (13)

This quantitycanbe computedn closedform because¢he
landmarkestimatorsare Kalman filters. For a complete
derivationof theimportanceweights,see[10].

V. FASTSLAM WITH UNKNOWN DATA ASSOCIATION

If the mappingbetweenobsenationsandlandmarksis
known, theFastSLAMalgorithmsamplesverrobotpaths,
andcomputeghe conditionallandmarkestimatesanalyti-
cally for every path sample. When this mappingis un-
known, FastSLAM can be extendedto sampleover pos-
sible dataassociationsswell asrobot paths. Thereare
severalwaysthatthis samplingcanbedone.

A. Per-Particle MaximumLikelihoodData Association

The simplestapproachto samplingover dataassocia-
tionsis to adoptthe maximumlik elihoodassignmenpro-
cedureusedby EKFs, but on a perparticle basis. Parti-
clesthatpick the correctdataassociatiorwill receie high
probabilitiesbecausehey explain the measurementsell.
Particlesthat assignobserationsincorrectly will receve
lower probabilitiesand be removed in future resampling
steps.This procedurecanbewritten as:

n)[gm] _

argmax p(z | s,[fm], Oy t) (14)

-

Perparticle data associationhas two clear conse-
guences.First, robot motion noisedoesnot affect the ac-
curay of dataassociationgivenanappropriatenumberof
particles. This fact alonewill resultin significantly im-
proved performancen situationswith substantiamotion
ambiguity If appliedto the scenarioshavn in Figure 2,
someof theparticleswill representheposeontheleft and
pick thefirst dataassoociatioftypothesisandotherparti-
cleswill pick theseconchypothesis.

The secondconsequencef perparticle data associa-
tion is built-in, delayeddecision-making. At ary given
time, somefraction of the particleswill receve plausible,
but wrong dataassociations.In the future, new obsena-
tionsmaybereceiedthatclearlyrefutetheseprior assign-
ments.Theseparticleswill receve low probabilityandbe
removed from thefilter. As a result, the effect of wrong
associationsnadein the pastcanbe removedfrom thefil-
ter atalatertime. Thisis in starkcontrastto the EKF, in
which the effect of anincorrectdataassociatiorcannever
be removed onceit is incorporated.Moreover, no heuris-
tics areneededo manageheremoval of old associations.
Thisis donein astatisticallyvalid mannersimplyasacon-
sequencef theresamplingstepof the particlefilter.

Naturally, samplingover robot pathsand dataassocia-
tionswill requiremore particlesthansamplingover robot
pathsalone.Resultsn the next sectionwill shav thateven
a modestnumberof particles(M = 100) will resultin
substantiallyimproved dataassociatiorover the EKF.

B. Monte-CarloData Association

Perparticle data associationcan be taken a step fur-
ther Insteadof assigningeach particle the most likely
dataassociationeachparticle can drav a randomasso-
ciation weighted by the probabilities of eachlandmark



having generatedthe obsenation. Using this approach
FastSLAMwill alsogeneratecorrectdataassociatiorhy-
pothesegivenmeasuremerambiguity If asmallnumber
of landmarksexhibit measuremerambiguity this proce-
dure canhave a small positive effect on estimationaccu-
ragy. However, uniformly high measuremergrrorinduces
a combinatorialnumberof plausibledataassociationgor
every set of obsenations. This, in turn, would require
exponentiallymore particlesthanthe samescenariowith
known dataassociation.

C. Mutual Exclusion

If more than one obseration is receved per timestep,
mutualexclusioncanbe usedto eliminatedataassociation
hypotheseshatassignmultiple measurement® the same
landmark. Mutual exclusioncanbe appliedin EKFs, but
only if the dataassociation®f all obserationsare con-
sideredsimultaneously This consideratioris, in general,
computationallydifficult with a large numberof obsena-
tions. SinceFastSLAM maintainsa setof dataassocia-
tion hypothesesthe mutual exclusion constraintcan be
appliedin a greedyfashion. Eachobsenation is associ-
atedwith themostlikely landmarkin eachparticlethathas
not received an obsenration yet. Sincethe greedyheuris-
tic will sometimesapply the mutual exclusion constraint
incorrectly more particleswill be neededvhenapplying
this technique However, mutualexclusionmakesthe pro-
cessof decidingwhento addnew landmarksa muchsim-
pler problem.Insteadof incorrectlyassigningan obsena-
tion from anunseerandmarkto a nearby previously seen
landmark mutualexclusionwill forcethecreationof anen
landmark.

D. Negativelnformation

Modeling the world asa collectionof point landmarks
is anaffirmative representationit allows usto make infer-
encesaboutwhereobjectsare in the world, but not where
objectsare not However, inferencesn feature-basedtate
spacesanbe madeusingthe absencef obsenations,of-
tenreferredto as“negative information’ In particular if
a robotexpectsto seea landmarkand doesnot, the robot
shouldbecomelessconfidentthat this landmarkactually
exists.

In orderto exploit negative informationin SLAM, we
will borrowv a techniquenormally usedfor making evi-
dencegrids. For eachlandmarkin every particle, we will
estimatea singlebinary variabler indicatingwhetherthis
landmarkrepresents reallandmarkin theworld. Instead
of keepingtrackof the probability p(r|z?), we will instead
estimatethe log oddsratio:

p(r] 2")
oI e T )
The log-oddsformulationof the binary Bayesfilter is ex-
tremelyeasyto update A completedescriptiorof this pro-

Fig. 4. Typical FastSLAMrun. Theyellow pathis the estimatedathof
the vehicle. The blue dashedine is the GPSgroundtruth data. The
yellow circlesarethe estimatedgositionsof thelandmarks.

cedureis givenin [15]. In short,every time the landmark
is obsered,a constanwalueis addedo thelog oddsratio.
Every time the landmarkis not obsened whenit should
have beenaconstanwalueis subtractedrom thelog odds
ratio. If this ratio falls belon a giventhreshold the land-
markis consideredo be spuriousandremoved.

Negative informationis particularlyusefulfor removing
spuriousfeaturesfrom the map. Thesefeaturesmay be
theresultof falsepositvesgeneratedby the featuredetec-
tion algorithm,or they may correspondo moving objects.
Resultsin the next sectionwill showv that using negative
information dramaticallyreducesthe numberof spurious
landmarksn the estimatednap.

V1. EXPERIMENTAL RESULTS

TheFastSLAMandEKF algorithmswerecomparedis-
ing the University of Sydne’s Victoria Park dataset. An
instrumentedvehicle with a laserrangefindemwvas driven
throughVictoria Park. Encoderson the vehicle recorded
velocity andsteeringangle.Rangesindbearingdo nearby
treeswereextractedfrom the laserdatausingalocal min-
ima detector The vehiclewasdriven aroundthe park for
approximately30 minutes,covering a distanceof over 4
km. Filter accurag wascalculatedby comparingthe esti-
matedvehicle pathwith GPS.An exampleof a complete
run of FastSLAMis shown in Figure4.

Figure 5(a) shavs the estimatedpath of the vehicle
basedsolely on odometry Eventhoughthis demonstrates
thatthe vehicles odometryis quite inaccuratedataasso-
ciation is this datasetis generallystraightforvard. The
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Fig. 5. (a) raw odometry(b) EKF with low odometricerror (c) FastSLAM with low odometricerror (d) EKF with high odometricerror (e) FastSLAM
with high odometricerror- In Figures(b) through(e) thered solid pathis the estimatedath. The blue dashedpathis the GPSdata.

accurag of the lasersensor and the widely spacedfea-
turesrarely generateary kind of dataassociatiorambigu-
ity. It comesasno surprisethatthe performanceof Fast-
SLAM andthe EKF are comparable. Examplepath es-
timatesfor the EKF and FastSLAM with low odometric
noiseareshavn in Figures5(b) and5(c).

The performanceof the two algorithmswas also com-
paredafteraddingvariousamountsf noiseto theobsened
controls. Theresultsof this comparisorareshovn in Fig-
ure6. Theincreasednotionnoisehadnomeasurableffect
on the accurag of FastSLAM. Additional motion noise
causedhe EKF to diverge, resultingin very high position
erroron average. In all experiments FastSLAM wasrun
with 100 particles. Examplepath estimatedor the EKF
and FastSLAM with high odometricnoise are shovn in
Figures5(d) and5(e). In Figure5(d), the EKF hasclearly
diverged.

FastSLAM was also run on the Victoria Park dataset
without any odometryestimatesat all. This wasaccom-
plishedby addingvelocity to the vehicles state,and as-
suminga overly conserative motionmodel. The vehicles
translationabndrotationalvelocity wereassumedo vary
asacontinuougandomwalk. Figure7 shovstheestimated
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Fig. 6. Accuragy of the vehicle pathwith varying levels of odometry
noise

pathof thevehicle.

Not all of the featuresdetectedby the featureextractor
belongedto staticobjects. Somefeatureswere generated
by cars, and other moving objects. Featuredfrom mov-
ing objectsfrequentlyresultedn spurioudandmarkseing
addedto the map. In general,it is difficult to measurdghe
accurag of the estimatednap with this datasetbecause
thereis no groundtruth dataavailablefor the landmarks.
However, incorporatingnegative informationdid resultin
44 percentfewer landmarkson average,and mary fewer
landmarksn dynamicareadqe.g.thestreet).

VII. CONCLUSIONS

We have presentechn extensionof the FastSLAM al-
gorithm to the caseof unknovn dataassociation.In ad-
dition to samplingover robot paths, this formulation of
FastSLAM also samplesover potentialdataassociations.
Theresultingalgorithmconsistentlyoutperformedhe Ex-
tendedKalman Filter on a real world datasetwith vari-
ouslevelsof odometricnoise.In addition,we have shavn
how to incorporatenegative informationinto FastSLAM.
This techniqueis not specificto FastSLAM and canalso
be appliedto otherSLAM algorithms,includingthe EKF.
Useof negative evidenceresultsin a measurabl@ecrease
in the numberof falselandmarksgspeciallyif the feature
detectorbeingusedgenerates large numberof spurious
features.

Fig. 7. Robotpathestimatedvithoutodometry



VIII. APPENDIX: DERIVATION OF FACTORIZATION

The SLAM posterior(4) canberewritten as:
p(st | 2t ut,nt) p(6 | st, 2%, ut, nt) (16)
Thus,to derive thefactoredversion(5) it suficesto shav
that:
K
p(0]s", 25 ut nt) = Hp(t% | s*, 2" ul,n') 17)
=1
This will be shawvn usinginduction. To do this we will
needtwo intermediateresults. The first is the probability
of thelandmarkbeingobsered d,,, giventhe robot path,

the obsenations,andthe controls.

t,ut,nt)

p(Op, | 8% 2 (18)
Bayes P(2t | On,r 8% 2"
N p(z¢ | sty zt=1, ut, nt)
p(2t | On,, 5¢,11)
p(zg | sty 271 ut, nt)
Next we solve for therightmostterm.

t717ut71’ n

1 ut nt _
) ) )p(gm |8t72t 1’ut,nt)

I\/Iagmv p(ent | St—l7 zt_l,ut_l,nt_l)

PO, | s 2 )

p(zt | St,Ztil,’U,t,nt)
p(Zt | ent s Sty nt)
For our secondintermediateresult, we will computethe

probability of arny landmarkthat is not being obsenred
giventherobotpath,the obsenations,andthe controls.

(19)

p(On, | .25 ut,nt)

P(Oizn, | st 2t nt)

M (B, |8 (20)
We will assumehefollowing inductionhypothesis:
p(a | Stfl’ztflvutfl’ntfl)
K
— Hp(el ‘ Stil,ztil,util,ntil) (21)
i=1

For thebasecaseof K = 1 equation(17)is trivially true.

In generalwhenK > 1:
p(0]s', 2" ut n") (22)
Bayes (2 | 0,s', 2171 uf, nt)
p(z¢ | sty 2t 1 ut, nt)
Markov  P(2t | On, s St,14)

p(’Zt | Sta Ztila utvnt)

p(9 | St,Zt_l,ut,nt)

p(0 | Stflvztfl, utfl,ntfl)

Induction p(Zt | enta St nt)
p(zy | sty 2871 ut, nt)

K
Hp(ez | Stil, Ztil,util,ntil)
i=1

By replacingthetermsof the productwith (19) and(20):

p(f | s, 2" u',n)

K
=p(0,, | s*, 25 ut, nt) H p(0; | s*, 2% ul,n?)
i#ny
K
Hp<91 | Sta Zt; Ut7 nt)

i=1

(23)
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