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Abstract— We present a particle �ltering algorithm to con-
struct topological maps of an uninstrument envir onment. The
algorithm presentedhere constructs the posterior on the space
of all possibletopologiesgiven measurements,and is basedon our
previous work on a Bayesianinferenceframework for topological
maps [21]. Constructing the posterior solves the perceptual
aliasing problem in a general, robust manner. The use of a
Rao-BlackwellizedParticle Filter (RBPF) for this purposemakes
the inferencein the spaceof topologies incremental and run in
real-time. The RBPF maintains the joint posterior on topological
mapsand locationsof landmarks. We demonstratethat, using the
landmark locations thus obtained, the global metric map can be
obtained fr om the topological map generatedby our algorithm
thr ough a simple post-processingstep. A data-driven proposal
is provided to overcome the degeneracy problem inherent in
particle �lters. The useof a Dirichlet processprior on landmark
labels is alsoa novel aspectof this work. We uselaser range scan
and odometry measurementsto presentexperimental results on
a robot.

I . INTRODUCTION

The last decadeof researchin the �eld of robotic mapping
has seen the emergenceof two major paradigms- metric
maps and topological maps. Metric maps [18][17], which
have enjoyed more popularity, provide a �ne-grained, scale-
consistentrepresentationof the environment with the added
bene�t of being easy to use for navigation. However, they
arehardto build accuratelydueto their �ne-grainedstructure.
Topologicalmaps[23][4], on theotherhand,areagraph-based
descriptionof the environmentthat offer an orthogonalsetof
bene�ts and drawbacks in the sensethat they are a coarse
representationbut not directly amenablefor usein navigation.
For a detaileddiscussioncomparingmetric and topological
maps,see[27]. In this work, we usethestandardde�nition of
a topologicalmap, i.e a set of landmarknodesconnectedby
edgesthat denotetraversibility [13].

A major problem in topological mapping is perceptual
aliasingin theenvironment,wherebymany distinct landmarks
appearto be similar to the robot's sensors.Thus, the robot
hastroublelabelingthe landmarkcorrectly, andconsequently,
in inferring the correct topology. Previous work in this area
hasattemptedto solve theperceptualaliasingproblemthrough
the useof HiddenMarkov Models (HMMs) [25][8], multiple
hypothesistracking using POMDPs[29], maintaininga tree
of all consistenttopologiesat eachstep [24], and clustering
of measurementsfrom the landmark locations [12]. Other
approachesuse local appearanceat a landmark to perform

placerecognition[6][26]. However, many of theseapproaches
arebrittle andproneto silent failure in dif�cult environments.

Recently, we have proposeda Bayesian framework for
inferring the posterior distribution on the spaceof topolo-
gies[21][22]. This technique,calledProbabilisticTopological
Maps (PTMs) provides a general, robust solution to the
problemof perceptualaliasing.PTMs are generatedthrough
inference in the space of topologies, which is equivalent
to the spaceof all possibleset partitions of the landmark
measurements.This latterspaceis combinatorialin natureand
the numberof possibletopologiesbecomesintractably large
even for a modestnumberof distinct landmarks.

As our primary contribution in this paper we proposea
particle �ltering algorithm for topologicalmappingbasedon
the PTM framework using a laser scanneras sensor. The
use of particle �lters makes our algorithm incremental,as
opposedto our previous work on PTMs that used Markov
Chain Monte Carlo (MCMC) [21], which is inherently a
batchalgorithm. While the useof importancesamplingin a
highly combinatorialspacemay seemsuspect,it is justi�ed
by the fact that the posterior in the spaceof topologiesis
highly peaked; only a handful of topologiesget a non-zero
probabilitymass.Additionally, theuseof laserrangescanners
in the PTM framework is also a novel aspectof this work.
Rangescansare usedto constructlocal map patchesaround
landmarklocationsthat the robot visits. Thesemap patches
are subsequentlymatchedusing scanmatchingtechniquesto
provide a likelihood of their being from the samephysical
location.

We presenta data-driven proposaldistribution that makes
use of odometry measurementsto overcome the samples
degeneracy problem in the particle �lter and encouragefast
convergence.A novel prior distribution on the type of land-
mark that the robot expects to see next is also provided.
This prior takes the form of a Dirichlet processand encodes
intuitive characteristicsof the problemdomain.

Our algorithm uses a Rao-BlackwellizedParticle Filter
(RBPF)[19][17] to maintaina joint posterioron the landmark
locationsand topologies.Hence,the posteriordistribution on
the metric locations of the landmarkscan be obtained as
a side effect of inferring the topology. A Lu-Milios style
smoothingoperationthat incorporatestopologicalconstraints
[9], performedasa post-processingstepafter the addition of
a landmark to the PTM, can be used to producea metric



Fig. 1. Scanmeasurements,obtainedby concatenatingscansfrom around
landmarklocations,usedby the RBPFalgorithm.

map of reasonableaccuracy. Combinedwith the topological
map, this metric information makes navigation using PTMs
simple. Also, sincea PTM is a posterioron topologies,this
stepgivesusa posterioron hybrid metric-topologicalmapsof
theenvironment.As we have anestimateof thecorrectnessof
any map in the posterior, navigation can be donein a robust
mannerusingan ensembleof maps.

In this work, we do not deal with the problem of land-
mark detection,which is largely an orthogonalissueto the
mainproblemof inferring topologies.Any landmarkdetection
scheme,suchas the onesin [15][12], can be usedwith our
algorithm.Theonly assumptionmadeis that theoutputof the
landmarkdetectionoperatordoesnot have falsenegatives,i.e
landmarksdo not get skippedover without the robot sensing
them. However, as our algorithm is capableof dealing with
falsepositives from the landmarkdetector, any of the above
mentionedschemescanbetunedto avoid falsenegativeswhile
giving a fair numberof falsepositives.Thus our assumption
in this regarddoesnot restricttheuseof our algorithmin any
way. We presentexperimentsperformedon an ATRV-Mini
robot to validate our algorithm that make use of manually
selectedlandmarklocations.

I I . THE SPACE OF TOPOLOGIES

Our aim is to computethe posteriorover topologiesgiven
measurements,P(T n jzn ), whereT n is a topologyconstructed
from n landmarksobserved by the robot in its run so far,
and zn is the set of measurementsupto the nth landmark.
In our case, the measurementsconsist of odometry and
laser range scans,so that zn =

�
sn ; on � 1

	
, where sn =

f s1; s2; : : : ; sn g is thesetof rangemeasurementsandon � 1 =
f o1; o2; : : : ; on � 1g is the set of odometrymeasurementsbe-
tweenlandmarks.The scanmeasurements,usedin oneof our
experiments,are given in Figure 1. Before we can perform
inferencein the spaceof topologies,we needto understand
the natureof this space.
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Fig. 2. Two topologieswith 6 observations,eachcorrespondingto
set partitions (a) with six landmarks(f 0g; f 1g; f 2g; f 3g; f 4g; f 5g)
and(b) with � ve landmarks(f 0g; f 1; 5g; f 2g; f 3g; f 4g), illustratethe
equivalencebetweentopologiesandsetpartitions.

A. Topologiesas setpartitions

The key ideabehindinferencein the spaceof topologiesis
theequivalencebetweentopologiesof an environmentandset
partitions of landmarkmeasurements.A set partition on the
measurementsgroupstheminto a setof equivalenceclassesin
whicheachsetis associatedwith a distinctlandmark.Whenall
the measurementsfrom the samephysicallandmarkareclus-
teredtogether, this naturally de�nes a partition on the set of
measurements.An exampleof the one-to-onecorrespondence
betweentopologiesandsetpartitionsis shown in Figure2. Let
usassume,asbefore,that the robothasobservedn landmarks
so far. If the numberof distinct landmarksout of theseis m
(m � n), then a topology T n can be representedas the set
partition of the set measurementz, T n = f Sj j j 2 [1; m]g,
whereeachSj is asetof measurementssuchthatSj 1\ Sj 2 = �
8j 1; j 2 2 [1; m], j 1 6= j 2 and

S m
j =1 Sj = zn . The set Sj

containsthe measurementscorrespondingto the j th physical
landmarkin the environment.

It canbe seenthat a topologyis nothingbut an assignment
of measurementsto setsin the partition. This results in the
above mentionedisomorphismbetweentopologies and set
partitions. The number of possible topologies for a given
environment is thus equal to the number of set partitions
of the set of measurements.This number is called the Bell
number[20], andgrows hyper-exponentiallywith the number
of measurements.

If we associatea label with each landmark,we can also
representthe topology T n by a label sequenceL n = L 1:n ,
whereL i is the labelof the i th landmark.Furtherthenumber
of uniquelabelsin this sequenceis equalto thenumberof sets
in the setpartition correspondingto the topologyT n , i.e. m.
The posterioron topologiesthat we seekcan thenbe written
asp(L n jzn ).

I I I . PARTICLE FILTERING FOR TOPOLOGICAL MAPPING

Sincethe spaceof topologiesis discreteandcombinatorial
in size, it is not possibleto computethe posterior in ana-
lytical form. ProbabilisticTopological Maps (PTMs), which
we introducedin earlierwork [21], overcomethis problemby



Symbol Meaning
n Total numberof landmarksobserved
m Numberof distinct landmarksobserved

on � 1 The n odometrymeasurements
sn Rangescanmeasurementsaroundthe n landmarks
zn Combinedsetof measurementszn =

�
sn ; on � 1

	

L n TopologyT n representedasa label sequence
X n Landmarklocationsfor the topologyL n

� n (X n ) Analytic distribution on the landmarklocations

TABLE I

NOTATION USED IN THE EXPLANATION OF THE ALGORITHM

maintaininga histogrammed,sample-basedapproximationto
theposteriordistribution over topologiesgivensomemeasure-
ments. In this work, we use the particle �ltering framework
to computethis sample-basedapproximation.A summaryof
the notationusedin our exposition of the algorithm is given
in Table I.

The posterioron topologiesthat we seekis representedas
p(L n jsn ; on � 1). Applying Bayeslaw on therequiredposterior
to obtain the measurementlikelihoodandprior, we get

p(L n jsn ; on � 1) / p(L n jzn � 1)p(sn ; on � 1jL n ; zn � 1) (1)

where the measurementsupto the (n � 1)th landmarkhave
beenrepresentedaszn � 1 =

�
sn � 1; on � 2

	
andthe likelihood

of the measurementsfrom the nth observed landmark is
p(sn ; on � 1jL n ; zn � 1). The prior p(L n jzn � 1) can be further
factorizedto give an incrementalprior on the label in the
current(nth) time step-

p(L n jzn � 1) = p(L n jL n � 1; zn � 1)p(L n � 1jzn � 1) (2)

where p(L n jL n � 1; zn � 1) is the prior (proposal)distribution
for the labelon thenth observedlandmarkandp(L n � 1jzn � 1)
is the posterior from the previous step containing n � 1
measurements.The prior givesa distribution on which of the
distinct landmarkswe are likely to see next, including the
possibility of the next landmarkbeing a previously unvisited
one.

Sinceouralgorithmis basedonaparticle�lter , werepresent
the posteriorby a setof weightedparticles

Sn =
n

L n; ( i ) ; w( i )
n

oN

i =1
(3)

wherew( i )
n is theweighton the i th particle.It canbeseenthat

equations(1) and(2) togethergive a recursive formulationfor
the posterioron topologiesthat is amenablefor performing
particle �ltering. An illustration of a set of samplesfrom the
particle �lter is given in Figure3.

The two componentsrequiredto perform �ltering are the
proposaldistribution anda methodfor computingthe impor-
tanceweights.Theseareexplainedin the following sections.

A. TheProposalDistribution

We usethepredictive prior distribution on thecurrentland-
mark label p(L n jL n � 1; zn � 1), given in (2), as our proposal

distribution. Using the samplenotation of (3), the proposal
distribution canbe written as

L ( i )
n � p

�
L n jL n � 1;( i ) ; zn � 1

�
(4)

This is a discrete probability distribution on a vector of
size p + 1, where p is the number of distinct landmarks
observedupto the (n � 1)th step.The distribution (4) encodes
our expectationof the robot revisiting one of the previously
observedlandmarksor visiting a completelynew one.While a
uniform distribution canbe usedfor this purpose,it doesnot
captureall the characteristicsof the problem. For example,
with a uniform distribution, the probability of a robot visiting
a new landmarkremainsconstantwith time. However, we can
reasonablyexpect the robot to visit fewer new landmarksas
its run progresses.Similarly, landmarksthathave beenvisited
frequently in the pastshouldbe bettercandidatesfor revisi-
tations.This is especiallytrue for indoor environmentswhere
lobbiesandcorridor junctionsarevisitedmorefrequentlythan
other locations.

A distribution thatmodelstheseproblemcharacteristicswell
is the Dirichlet processprior [7][1]. The Dirichlet processis
an extensionof the standardDirichlet distribution to in�nite
mixture models,i.e it alsoincludesa probability of observing
previously unobservedmeasurementclasses,in our caseland-
marks.Theprior on thenth landmarklabelusingtheDirichlet
processis given as

p
�

L ( i )
n jL n � 1;( i )

�
=

(
n (L ( i )

j )

n + c 1 � j � p
c

n + c j = p + 1
(5)

where p is the numberof distinct landmarksobserved upto
the (n � 1)th step as before,and n(L ( i )

j ) is the numberof
occurencesof the label j in the label sequencecorresponding
to the topology.

The parameterc encodesour belief in the number of
distinct landmarksin the environment. A large value of c
increasestheprobabilityof observinga new landmarkat every
step and consequently, the numberof distinct landmarksin
the topology. Note that the probability of observinga new
landmarkdecreasesasn increasesthoughit never goesdown
to zero. Also, the probability of revisiting a landmark is
proportionalto thenumberof timesit hasbeenvisitedbefore,
given by n(L ).

B. Rao-Blackwellizationin the ImportanceWeight Computa-
tion

Using the de�nition of the importancesamplingweights,
we seethat the expressionfor the importanceweights is the
sameas the measurementlikelihood

w( i )
m;n =

Target distribution
Proposaldistribution

(6)

/ p(sn ; on � 1 jL n; ( i ) ; zn � 1) (7)

where we have used the target distribution from (1) and
proposalfrom (2).



Fig. 3. Exampleof a setof samplesfrom the spaceof topologiesfor an environment.Eachsampleis associatedwith a weight in the particle �lter .

We introducethe landmarklocationsby marginalizingover
them,thusperformingRao-Blackwellization[2]. This is nec-
essarysincethemeasurementlikelihoodp(sn ; on � 1 jL n ; zn � 1)
cannotbe evaluatedwithout knowledgeof the landmarkloca-
tions. Upon performingthe marginalization,we obtain(using
the notationof (3))

p(sn ; on � 1 jL n; ( i ) ; zn � 1) =
R

X n p(sn ; on � 1jL n; ( i ) ; X n )
p(X n jL n; ( i ) ; zn � 1)

(8)
where X n is the vector of landmark locationsof length n
and we have usedthe chain rule in the integrand.Note that
the prior on landmark locations p(X n jL n; ( i ) ; zn � 1) can be
further factorizedinto a predictive prior on the locationof the
current(nth) landmarkandtheposterioron locationsfrom the
previous step

p(X n jL n; ( i ) ; zn � 1) = p(X n jL n; ( i ) ; X n � 1; zn � 1)
p(X n � 1jL n � 1;( i ) ; zn � 1)

(9)

where X n is the location of the nth landmark and
p(X n � 1jL n � 1;( i ) ; zn � 1) is theposterioron landmarklocations
from the previous step.Furthermore,the integrandof (8) is
equal to the posterioron X n upto a normalizationconstant.
Hence,we alsohave a recursive formulationfor the posterior
on landmarklocationsp(X n jL n; ( i ) ; sn ; on � 1).

Since storing the posterioron landmarklocationsat each
stepaidesin the computationof the measurementlikelihood,
we add this information to each of the particles.However,
this is a large continuousspaceand joint sampling of this
spacewith the spaceof topologiesis not possible.Instead,
the posterior is stored in an analytical form, a Gaussian
distribution in our case,andupdatedat eachstep.

A Rao-BlackwellizedParticle Filter (RBPF) maintainsthe
joint posteriorover two disparatespacesin exactly themanner
describedabove. Hence,our motivation for using an RBPF
in our algorithm is clear. The RBPF maintainsthe posterior
p(L n ; X n jsn ; on � 1) on the joint spaceof landmarklocations
andtopologiesbut in a hybrid discrete-continuousform. This
posteriorcan be denotedby a set of samples,eachof which
alsoincludesananalyticalmarginal posterioron the landmark
locationsconditionedon the samplevalue

Rn =
n

L n; ( i ) ; w( i )
n ; � ( i )

n (X n )
o N

i =1
(10)

where� ( i )
n (X n ) is the analyticdistribution on landmarkloca-
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Fig. 4. A samplefrom the RBPF that contains(a) a topology and (b) an
analyticaldistribution on the landmarklocationsin the form of a Gaussian.
Theredpointsin (b) arethemeanlandmarklocationswhile thegreenellipses
denotemarginal covariances.



tions associatedwith the label sequenceL n; ( i ) de�ned as

� ( i )
n (X n )

�
= p(X n jL n; ( i ) ; sn ; on � 1) (11)

This analyticaldistribution canbe calculatedusingBayeslaw

p(X n jL n; ( j ) ; zn � 1; sn ; on � 1) / p(sn ; on � 1 jL n; ( j ) ; X n )

p(X n jL n; ( j ) ; zn � 1) (12)

Note that thesecondtermon the right sideof (9) corresponds
to � ( i )

n � 1(X n � 1).
An exampleof a joint samplefrom the RBPF is shown in

Figure4.

C. Computingthe Importanceweights

Computing the importance weights involves calculating
the integral in the marginalization step (8). First, consider
the measurementlikelihood given the landmark locations
p(sn ; on � 1jL n; ( i ) ; X n ; zn � 1). Assumingthe independenceof
the scan and odometry measurementsgiven the landmark
measurements,we obtain

p(sn ; on � 1jL n; ( i ) ; X n ; zn � 1) = p(sn jL n; ( i ) ; X n ; zn � 1)
p(on � 1 jL n; ( i ) ; X n ; zn � 1)

(13)
The scanlikelihood p(sn jL n; ( i ) ; X n ; zn � 1) is obtainedby

performingscanmatchingbetweenthe mappatchesfrom the
landmarklocations.Themappatchesareobtained,in turn, by
simply concatenatinglaserscansfrom a local areaaroundthe
landmarkas the robot movesthroughit. To performthe scan
matching,we usethe schemeof Chenand Medioni [3] that
involves point-to-planematching. The odometry likelihood
p(on � 1jL n; ( i ) ; X n ; zn � 1) is evaluatedsimply throughthe use
of an odometrymodel.

The prior on the landmark location
p(X n jL n; ( i ) ; X n � 1; zn � 1) encodesthe notion that distinct
landmarks do not usually occur close together in the
environment.We use the sameprior on landmark locations
as given in [21]. Topologieswhich placedistinct landmarks
close togetherin location are penalizedby this prior. More
detailscanbe found in [21].

The weight computation,which is donevia the integration
in (8), can now be performedin closedform by linearizing
aroundthe most likely landmarklocation and integrating the
Gaussianresultingfrom this. Theodometrymodelis assumed
to beGaussianandtheresultof thescanmatchingoperationis
also a Gaussiandistribution. However, the landmarklocation
prior is non-Gaussian.Hence,it is necessaryto perform an
optimization to �nd the most likely landmark location and
subsequently, linearizearoundthis optimum.

We now have all the componentsto perform the inference
using the RBPF. A summaryof the algorithm is provided in
Algorithm 1.

IV. DATA DRIVEN PROPOSAL

We suggesttheuseof a data-drivenproposalto overcomea
commonmodeof failure in particle�lters, namelythe lack of
diversity in the particlesetastime progresses[5]. The reason

Algorithm 1 The RBPFalgorithmfor inferring PTMs

1) Randomlyselecta particle L n � 1;( i ) from the previous
time stepaccordingto the weightsw( i )

n � 1.
2) Proposea new topology sample using the proposal

distribution p
�

L ( j )
n jL n � 1;( i )

�
in (5)

3) Calculatethe posterior density on landmark locations
� ( j )

n (X n ) usingBayeslaw as in (12) .
4) Calculatethe importanceweights w( j )

n as the integral
over the unnormalized� ( j )

n (X n ).

for this failure is that many samplesfall into regions of low
probabilityanddieoutduringthe�ltering process.This results
not only in the failure to converge to the correctposteriorbut
also in wastedcomputation,sincethe algorithmis evaluating
the weightsof samplesthat will be lost in any case.

A data-driven proposalovercomesthis problemby propos-
ing more samplesfrom regions of high probability so that
samplesand computationare not wasted.Note that the pro-
posal distribution in (4) does not make use of the current
measurement.We rectify the situation in this section by
presentinga proposaldistribution that usesthe odometryto
provide more likely samples.

The key idea behind the data-driven proposalis that the
odometry likelihood can be incorporatedinto the proposal
distribution while only thescanlikelihoodis usedto compute
the importanceweights. The measurementlikelihood in (1)
is thus split into two parts. This split also entails a two-
stepprocessfor updatingthe analytic posterioron landmark
locationssincethis posteriorneedsto be updatedusing both
the odometryandscanmeasurements.

Startingwith the posterioron topologies,we obtain using
BayesLaw the likelihoodandprior

p(L n jsn ; on � 1) / p(L n jzn � 1)p(sn ; on � 1 jL n ; zn � 1)

= p(L n jzn � 1)p(on � 1 jL n ; zn � 1)

p(sn jL n ; zn � 1; on � 1) (14)

wherethelikelihoodis factoredinto two termsusingthechain
rule. The prior term can in turn be written using Bayeslaw
as the productof the odometrylikelihoodand a prior on the
currentlabel.

p(L n jzn � 1; on � 1) / p(L n jL n � 1; zn � 1)p(L n � 1jzn � 1)
p(on � 1jL n ; zn � 1)

(15)
The proposaldistribution is taken to be the right handsideof
(15), which canbe written usingthe samplerepresentationof
(10) as

L ( i )
n � p

�
L n jL n � 1;( i ) ; zn � 1

�
p(on � 1 jL n; ( i ) ; zn � 1)(16)

The form of the predictive label distribution p(L n jzn � 1) is
the Dirichlet processprior as before.However, the odometry
likelihood in (15) is evaluatedby marginalization over the



landmarklocations

p(on � 1 jL n ; zn � 1) =
R

X n p(on � 1jL n; ( i ) ; X n ; zn � 1)
p(X n jL n; ( i ) ; zn � 1)

(17)
where the same landmark prior and odometry model are
usedas in SectionIII-C. Note that the prior in (17) can be
evaluatedusing the posterioron the landmarklocationsfrom
the previous by useof the chain rule as in (9).

One drawback of this proposaldistribution is the needto
perform m optimizationsto computeit. Theseoptimizations
arerequiredsincethe integral in (17), evaluatedby linearizing
aroundtheoptimum,needsto becomputedfor all thepossible
label valuesfor L n (except for the casewhen L n is a new
landmark),which are m in total. However, performingthese
extra optimizationsonceper �ltering stepis still preferableto
evaluatingthe importanceweight for all the particlesthat do
not survive whena vanilla proposalis used.

A. Calculating Importanceweights

Fromthe target (14) andproposal(15) distributionsandthe
de�nition of theimportanceweights(6), we gettheexpression
for the importanceweightsin this caseas

w( i )
n / p(sn jL n; ( i ) ; zn � 1; on � 1)

This is evaluatedby marginalization over landmark loca-
tions

w( i )
n /

R
X n p(sn jL n; ( i ) ; X n ; zn � 1; on � 1)

p(X n jL n; ( i ) ; zn � 1; on � 1)

where the scanlikelihood is evaluatedusing scanmatching
exactly as in Section III-C, since it is independentof the
odometry given the landmark locations. The location prior
p(X n jL n; ( i ) ; zn � 1; on � 1) is the sameasthe integrandof (17)
upto a normalizingconstantand the Gaussianapproximation
found thereinis usedagainhere.

V. EXPERIMENTS

We validatedour algorithmsthroughrobotexperiments.We
used the samedatasetsin our experimentsas used in our
previous work [21][22]. The particle �ltering was performed
using 50 samplesand the data-driven proposalwas used in
all the experiments.A valueof 3.0 wasusedfor the Dirichlet
prior parameterc. The landmarklocationprior wasusedwith
a value of 10 metersfor the penalty radius and 15 for the
maximumpenaltyvalue.For a descriptionof theseparameters
and their effect on the inferredposterior, see[21].

The �rst experiment was conductedusing data from an
ATRV-mini robot in an indoor setting.A map of the experi-
ment areaalong with the robot path,which is approximately
100meterslongandpassesthroughtwelve landmarklocations,
is shown in Figure 5. The odometryfrom the run with the
laserscansalsoplottedis given in Figure6. The mappatches
obtainedby concatenatingscansaroundthelandmarklocations
areshown in Figure1.

The result of the �ltering using the RBPF algorithm is
a joint distribution on topologies and landmark locations.

Fig. 5. Schematicof robot pathoverlaid on a �oorplan of the environment
for the �rst experiment.

Fig. 6. Robotodometryusedin �rst experiment.

The maximumlikelihood sampleis shown in Figure 4. The
distributionon thelandmarklocationsis displayedin the�gure
throughthe marginal covarianceellipsesalongwith the local
mappatchesalignedusingscanmatching.The corresponding
topology, shown in Figure 4(a), is also the ground truth
topology and obtains 94% of the probability mass in the
posterior. The topologyconstraintsandthe inferred landmark
locationscan be usedto producea global metric map using
the global optimizationtechniqueof Lu andMilios [14]. The
resultantmetric map is given in Figure7. It canbe seenthat
this simplepost-processingstepproducesa globally consistent
metric map.

A secondexperimentwasperformedin a largerenvironment
(about60 metersacross)to con�rm our �ndings. A �oorplan
of the test areais shown in Figure 8. The RBPF algorithm
computesthe PTM that gives the ground-truthtopology in
Figure 10, 82% of the probability mass. The probability



Fig. 7. Global metric map obtained using topological constraintsand
landmarklocationsfor the �rst experiment.The robot path is in red.

Fig. 8. Floorplanof experimentalareafor secondexperiment.

Fig. 9. Metric map obtained using topological constraintsfor second
experiment.The robot path is in red.
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Fig. 10. Groundtruth topology for secondexperiment.This receives 89%
of the probability massin the PTM.

Fig. 11. Maximumlikelihoodsamplefrom theRBPFfor secondexperiment.
Theredpointsarethemeanlandmarklocationswhile thegreenellipsesdenote
marginal covariances.

masson the ground truth is lower in this casesince there
is perceptualaliasingaroundthe cornersof the building that
scanmatchingis unableto resolve completely. Themaximum-
likelihoodsamplewith the distribution on landmarklocations
is shown in Figure 11. The metric map obtainedfrom the
Lu-Milios stepis given in Figure9.

VI . DISCUSSION

We presenteda novel techniquefor constructingtopological
mapsin an incrementalbut robustmanner. Our algorithmuses
laserrangedataandodometryin a Rao-BlackwellizedParticle
Filter (RBPF)settingto performinferencein thejoint spaceof



topologiesand landmarklocations.The resulting topological
mapsnot only solve the problem of perceptualaliasing but
also provide the basis for the constructionof global metric
maps.The use of a Dirichlet processprior on the landmark
labelsis alsoa signi�cant andnovel contribution of this work.
The use of a data-driven proposaldistribution to overcome
degeneracy in the particle �lter is anothercontribution. We
presentedexperimentson data gatheredfrom robot runs to
validateour algorithm.

An interestingaspectof this work is that computationonly
needsto be performed at landmark locations. Apart from
gatheringodometryanddetectingfor landmarks,the robot is
free to perform other tasksbetweenlandmarks.Also, since
the discreteproposalspaceat eachstep is only as large as
the numberof landmarksobserved so far, the particle �lter
doesnot require a large numberof samples.This fact also
contributesto the ef�ciency of the algorithm.

Recentwork by Modayil et. al. [16] is similar to oursin the
sensethat they too generatean ensembleof topologicalmaps
andusethemto constructa globalmetricmap.However, they
do not provide a probabilisticordering to their ensembleof
mapsas the posterioron topologiesconstructedby our algo-
rithm does.Moreover, since the topological mapsgenerated
in that work do not containsuf�cient metric information, the
processof constructinga globalmetricmapusingthetopology
is a complicatedprocess.By maintaining a joint posterior
on the landmark locations in the RBPF, we overcomethis
drawback.

Otherrecentwork [11][28] hasfocussedon the creationof
hybrid metric-topologicalmapsusing local referenceframes
aroundlandmarksthatareconnectedusingtheglobal topolog-
ical map . By maintainingmetric mapsonly in local frames,
theseapproachessidestepthe problemsin creatinglargescale
metric maps.While we do not maintaindetailedlocal maps
aroundlandmarksin this work, our approachcan easily be
extendedto generalizesuchapproaches.As an example,each
landmarkcould be associatedwith a grid mapthat is updated
analytically in the RBPF using a techniquesimilar to [10].
It is future work to implementsuch a techniquethat brings
the completepower of probabilistic inferenceto bearon the
problemof hybrid metric-topologicalmap construction.It is
also future work to integrate the PTM constructionwith an
automaticlandmark detectorto obtain a completemapping
systemon a robot.
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