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Abstract— Probabilistic techniqueshave becomethe mainstay
of robotic mapping, particularly for generating metric maps. In
previous work, we have presenteda hitherto nonexistentgeneral
purpose probabilistic framework for dealing with topological
mapping. This involvesthe creation of Probabilistic Topological
Maps (PTMs), a sample-based epresentationthat approximates
the posterior distrib ution over topologiesgiven available sensor
measurements The PTM is inferr ed using Mark ov Chain Monte
Carlo (MCMC) that overcomesthe combinatorial nature of the
problem. In this paper, we addressthe problem of integrating
appearancemeasurementsinto the PTM framework. Speci cally,
we consider appearancemeasurementsin the form of panoramic
imagesobtained from a camerarig mounted on a robot. We also
proposeimpr ovementsto the ef ciency of the MCMC algorithm
through the use of an intelligent data-driven proposal distrib u-
tion. We presentexperiments that illustrate the robustnessand
wide applicability of our algorithm.

I. INTRODUCTION

Mapping an unknavn and uninstrumentedervironmentis
one of the foremostproblemsin robotics. For this purpose,
both metric maps [3] [12] and topological maps [15] [1]
have been explored in depth as viable representationof
the ervironment.In both casesprobabilisticapproachesave
had great successn dealingwith the inherentuncertainties
associatedwith robot sensori-motorcontrol and perception,
thatwould otherwisemake map-huilding a very brittle process.

This work dealswith the problemof topologicalmapping.
Topological mapsattemptto capturethe spatial connectvity
of the ervironmentby representingt as a graphwith arcs
connectingthe nodesthat designatesigni cant placesin the
ervironment, such as corridor junctions and room entrances
[10]. Arguablythe hardestproblemin topologicalmappingis
the perceptualaliasing problem, which is an instanceof the
dataassociatiorproblem,alsovariouslyknown as*“closing the
loop” [5] or “the revisiting problem” [18]. It is the problem
of determiningwhethersensomeasurementskenat different
pointsin time correspondo the samephysicallocation.When
arobotrecevesa new measurementt hasto decidewhether
to assigrthis measuremertb oneof thelocationsit hasvisited
previously, or to a completely new location. The aliasing
problemis hardbecausehe numberof possiblechoicesgrowns
combinatoriallywith the numberof measurements.

In previous work [14], we presentedhe conceptof Proba-
bilistic TopologicalMaps(PTMs)thatdealwith the perceptual
aliasing problem in a systematic probabilistic manner A
PTM is a probability distribution over the discretespaceof
all possibletopologies,and is obtained by computing the

Fig. 1. Camerarig mountedon the robot to obtain panoramicmages

posteriordistribution over this spacegiven the measurements.
However, dueto the combinatorialsize of the statespace,it
is not possibleto computethe PTM analytically and hence,
a sample-basedipproximationto the posterior distribution
is usedfor this purpose.The sample-basedpproximation,
in turn, is computedusing the Markov Chain Monte Carlo
(MCMC) samplingalgorithm [4] that overcomesthe combi-
natorial natureof the statespace.

The intuitive reasonfor computingthe posterioris to solve
the aliasing problem for topologiesin a systematicmanner
Thesetof all possiblecorrespondencdsetweemrmeasurements
and the physical locationsfrom which the measurementare
takenis exactly the setof all possibletopologies By inferring
the posterioron this set, wherebyeachtopology is assigned
a probability it is possible to locate the more probable
topologieswithout committing to a speci ¢ correspondence
at eachstep, as most currentalgorithmsdo. Thus, a general
solutionto the perceptuadliasingproblemis obtained Evenin
pathologicakrvironmentswherealmostall currentalgorithms
fail, our techniqueprovides a quanti cation of uncertaintyby
pegging a probability of correctnesgo eachtopology

In [14], we consideredthe casewhere the measurements
consistof odometry measurementglone. We demonstrated
thatevenin this case,with in nite perceptuahliasing,PTMs
perform well. However, the use of appearancenformation,
if available, clearly provides an adwantagewhich was not
utilized in thatwork. Further the proposaldistribution usedto
mix the Markov chainin statespacewas constructedisinga
simple split-mege algorithm that doesnot take into account



Fig. 2. A panoramicdmageobtainedfrom the robot camerarig

ary domainknowledge.This leadsto slow mixing andresults
in inefciency in somecases.

In this paper we addressboth the abose shortcomings
in our previous work. Hence, our contritution is two-fold.
First, we presenta generaimodelfor incorporatingappearance
measurementdn the constructionof PTMs. As a specic
instanceof this model, we proposethe use of panoramic
imagesobtainedrom a cameraig mountedon arobot(shavn
in Figurel), to obtainappearanceneasurement#in example
of sucha panoramicdmageis givenin Figure 2.

As a secondmajor contrikution, we provide a new data-
driven proposaldistribution for usein the MCMC sampler
The proposalusesdomainknowledgein the form of expected
landmarklocations,and leadsto fastermixing of the Markov
chain,thusmakingthe PTM algorithmmoreefcient. A more
generalaspectof this work is thatit demonstratea meansto
include poseinformationinto any MCMC proposalthat deals
with the spaceof all possibleclusteringsThis s true sincethe
spaceof topologiesis exactly the sameasthat of all possible
clusteringsof available measurements.

We use the Fourier signature[6] of a panoramicimage
as the appearancemeasurementén our appearancemodel.
Fourier signatureswhich have previously beenusedin the
contt of localization using omni-directional vision [11],
are a low-dimensionalrepresentatiof imagesusing Fourier
coefcients. They allow inexpensve matchingof imagesto
determinecorrespondence physical locations.Further due
to the periodicity of panoramidmages,Fourier signaturesare
rotation-irvariant. This propertyis of prime importancewhen
determiningcorrespondencsince the robot may be moving
in different directions when the images are obtained. We
presenta generatie modelfor the appearanceneasurements
that enablestheir usein the PTM algorithm. The adwantage
of usingappearanceneasurements additionto odometryis
illustratedthroughexperiments.

In subsequensections,after providing related work, we
give a brief overview of PTMs andthe meansfor estimating
the posterior over the spaceof topologiesthrough MCMC
sampling. Subsequentlywe describeour appearancenodel
for usein the PTM algorithm, and this is followed by an
explanationof the data-drven proposaldistribution. In Section
VI, we give detailsof the experimentswe conductedand the
resultsobtained following which we conclude.

Il. RELATED WORK

Maintaining the posterior distribution over the space of
topologiesresultsin a systematicand robust solution to the
aliasing problem that plaguestopological mapping. Though

probabilistic methodshave been used in conjunction with
topologicalmapsbefore,noneexist thatarecapableof dealing
with the inferenceof the posteriordistribution over the space
of topologies.A recentapproachby Remolinaand Kuipers
[15], improved upon by Savelli and Kuipers[16], gives an
algorithmto build a tree of all possibletopologicalmapsthat
conformto the measurementdut in a non-probabilisticnan-
ner. Most instancesf previous work extantin the literature
thatincorporateuncertaintyin topologicalmaprepresentations
do not deal with generaltopological maps,but with the use
of Markov decisionprocesseso learna policy that the robot
follows to navigate the environment.

ShatkayandKaelbling [17] usethe Baum-Welch algorithm,
avariantof the EM algorithmusedin the context of HMMs, to
solwve the aliasingproblemfor topologicalmapping.However,
this approachis well-known to be proneto local minimain
the solution space.The useof a limited, multiple-hypothesis
spaceover correspondencethrough the use of POMDPsis
prevalentalsoin the literature[20].

Othersuse a non-probabilisticapproachto the perceptual
aliasing problem by applying a clustering algorithm to the
measurement® identify distinctive places,an instancebeing
[9]. Numerousapproachesalso exist for the use of local
appearancén placerecognition,for example[19] [2]. How-
ever, all thesemethodsare inherentlybrittle in the sensethat
they are proneto failing silently in ervironmentswith severe
perceptuahliasing.

Data-driven proposalshave previously been used various
elds - for examplein ComputerVision for imagesegmenta-
tion [21], andin Statisticsto analyzemixture models[7]. In
general,data-drven proposalscausea signi cant speed-ugn
the samplingalgorithmin caseswherethe statespacebeing
consideredis enormous.In such cases,a normal proposal
would provide a numberof samplesthat are from regions of
low probability and henceget rejected wastingthe computa-
tion involved in their generation A proposalthat utilizes the
data,on the otherhand,directsthe proposedsamplegowards
regions of higher probability thus increasingthe MCMC
acceptanceatio and reducingthe numberof caseswvherethe
proposedsampleis rejected.

We bagin by giving a brief overview of ProbabilisticTopo-
logical Maps (PTMs). A PTM is a sample-basedepresen-
tation that approximatesthe posterior distribution P(TjZ)
over topologiesT given measurement®. While the spaceof
possiblemapsis combinatoriala probability densityover this
spacecan be approximatecby draving a sampleof possible
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Two topologieswith 6 obsenations each correspondingto set
partitions (a) with six landmarks (f Og; f 1g; f 2g; f 3g; f 49; f 5g) and (b)
with ®ve landmarkéf Og; f 1; 5g; f 2g; f 3g; f 4g) wherethe secondand sixth
measuremendre from the samelandmark.

. (b)
Fig. 3.

mapsfrom the distribution. Using the samplesit is possible
to constructa histogramon the supportof this sampleset.

For the purposeof this work, we assumehe availability of
a “landmarkdetector”that detectsa landmarkwhenit is near
While the problemof landmarkdetectionis animportantone
in itself, we do not considerit in this paper No knowvledgeof
the correspondencbetweenlandmarkmeasurementand the
actuallandmarkss givento therobot - indeed,thatis exactly
the topology that we seek.The problemthenis to compute
the discreteposteriorprobability distribution P (TjZ) over the
spaceof topologies.

A. Topolagies as set partitions

To infer the PTM from the measurementswe exploit
the equialence betweentopologiesof an ervironment and
set partitions of landmark measurementswhich group the
measurementimto a setof equivalenceclassesWhenall the
measurementsf the samelandmark are clusteredtogether
this naturally de nes a partition on the set of measurements.
Let the set of measurementbe denotedas Z = fzji 2
[1; N]g, whereN is the numberof measurement@he number
of landmarksseenby the robot). If the numberof distinct
landmarksn theervironmentisM (M N), thenatopology
T can be representedis the set partition of the setZ, T =
fS; jj 2 [1;M]g, whereeachS; is a setof measurements
sucl’sthatsjl\ Sj2 = 8Lj2 2 [1;M],j1 6 j2
and jM:1 S; = Z. The set§; containsthe measurements
correspondindo thej th distinctlandmarkin the ervironment.
As an aside,we notethatwe only dealwith planartopologies
in this work.

It canbe seenthat a topologyis nothingbut an assignment
of measurementto setsin the partition. This resultsin the
abore mentionedisomorphismbetweentopologies and set
partitions. An example of the encodingof topologiesas set
partitions is shavn in Figure 3. The number of possible
topologiesis thus equalto the numberof setpartitionsof the
setof measurement&@ndhence alsoto the setof all possible
clusteringsof the setof measurementsY.his numberis called
the Bell number[13], andgrows hyperexponentiallywith the
numberof measurements.

Algorithm 1 The Metropolis-Hastingsalgorithm
1) Startwith avalid initial topologyT:; theniterateoncefor each
desiredsample .
2) Proposea new topology T; using the proposal distribution

Q(Te! TY

3) Calculatethe acceptanceatio

_ P9zYH (1! T
CPMIZH QT TY

where Z'is the set of measurementobsened up to and
including time t.

4) With probability p = min(1; a), acceptT? andsetT,  T..
If rejectedwe keepthe stateunchangedi.e. returnT; asa
sample).

1)

B. Inferring PTMs using Markov chain Monte Carlo

The aim of inferencein the spaceof topologiesis to obtain
the posterior probability distribution on topologiesP (TjZ).
We useMarkov chainMonte Carlo (MCMC) samplingto per
form inferencein the combinatorialstatespaceof topologies,

All MCMC methodswork by runninga Markov chainover
the state spacewith the property that the chain ultimately
converges to the tamet distribution of interest,in this case
the posteriorover topologies.Oncethe chain has corverged,
subsequenstatesvisited by the chain are consideredto be
samplesfrom the target distribution. The Markov chainitself
is generatedusing a proposal distribution that is used to
proposethe next statein the chain, a move in state space,
possiblyby conditioningon the currentstate. The Metropolis-
Hastings algorithm, a general MCMC method, provides a
techniquewhereby the Markov chain can corverge to the
targetdistribution usingary arbitraryproposaldistribution, the
only importantrestriction being that the chain be capableof
reachingall the statesin the statespace.

The pseudo-coddo generatea sequenceof samplesfrom
the posterior distribution P(TjZ) over topologiesT using
the Metropolis-Hastingsalgorithm is shavn in Algorithm 1
(adaptedrom [4]). Intuitively, the algorithmsampledrom the
desiredprobability distribution P (TjZ) by rejectinga fraction
of the moves generatedy a proposaldistribution Q(TS, Ty),
whereT; is the currentstateand T is the proposedstate. The
fraction of movesrejectedis governedby the acceptanceatio
a given by (1), the computationof which requiresthe design
of a proposaldensityand evaluationof the target density

Thetargetdistribution P (TjZ) is computedhroughthe use
of BayesLaw

P(Tjz) 1 P(ZJT)P(T) ()

where P(T) is a prior on topologiesand P(ZjT) is the
obsenation likelihood. In [14], we consideredhe casewhere
Z is just the set of odometrymeasurementsThe odometry
likelihood was computedby Rao-Blackwellizationof land-
mark locations using a prior distribution on the landmark
locations.We useda simple split-mege proposaldistribution
to move the Markov chainthroughthe statespace.For more
details,see[14].
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If, in addition to odometry appearanceneasurementare
alsotakeninto considerationthe setof measurement& con-
sistsof odometrymeasurement® and appearanceneasure-
mentsA, sothatZ = fA; Og. Also, note that the odometry
and appearanceneasurementare conditionally independent
given the topology T, sincethe topology determineghe cor-
respondencéetweenmeasurementand physical landmarks.
Using this independencén (2), we get

P(T jO;A) kP(O; AJT)P(T)
kP(OJT)P(AJT)P(T)

INCORPORATING APPEARANCE MODELS IN PTMs

®3)

where k is the normalization constant. The evaluation of
the odometrylikelihood P (OjT) is discussedn [14] andis
not consideredhere. We deal with modeling appearanceo
evaluatethe appearancékelihood P (AjT) in this section.

Fourier signatureswhich we use as appearanceneasure-
ments,arecomputedby calculatingthe 1-D Fouriertransform
of eachrow of the panoramidmageandstoringonly the rst
few coefcients correspondingo the lower spatialfrequencies
[11]. While more populardimensionalityreductiontechniques
suchas PCA [8] exist, the dravback of suchsystemsis the
needto further preprocesghe measuremenimagesin order
to obtainrotationalinvariance.ln contrast,the magnitudesof
Fouriercoefcients in a Fouriersignaturearerotation-irvariant
sincepanoramicdmagesare periodic. Hence,a Fourier signha-
tureyieldsalow-dimensionalyotation-irvariantrepresentation
of theimage.We useimagesobtainedrom aneight-cameraig
mountedon a robotto producepanoramidmagesasshavn in
Figuresl and2. Theeightimagesthusobtainedaremosaicled
automaticallyto form a 36(P view of the ervironment.

In our case Fouriersignaturesrecalculatedusinga modi -
cationof the procedurggivenin [11]. First, a singlerow image
obtainedby averagingtherows of theinputimageis calculated
and subsequentlythe one-dimensionaFourier transform of
this imageis performed.This gives us the Fourier signature
of the image.lt is to be notedthat Fourier signaturesdo not
comprisean errorfree sourceof measurementdf that were
the case,then the needfor a probabilistic treatmentwould
not arise. Most of the errorsin the measurementsake the
form of falsepositives, in the sensethatimagesfrom distinct
physical locationsoften yield similar Fourier signaturesThis
is dueto perceptuakliasingand the extreme compressiorof
the imagedatainto a Fourier signature.However, when used
in the PTM algorithmin conjunctionwith odometry they still
producegoodresultsaswe demonstratén SectionVI.
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Fig. 4. TheBayesiametwork (b) thatencodeshemdependencessumptlons
for theappearanceneasurements thetopology(a) giventhetrue appearance
Y = fyi;:::;ysg at all the landmarklocations.

needto computeY wheninferring topologieswe mamginalize

over it sothat
Z

PAAjT)= PAjJYT)P(Y|T) 4)
Y

whereP (AjY; T) is the measurementodelandP (Y j T) is
the prior on the appearanceéWe assumethat the appearance
of a landmarkis independenbf all otherlandmarks,so that
eachy; is independendf all othery;jo. The prior P(Y j T)

canthusbe factoredinto a productof priors on the individual

PIYIT)=  PWY)
j=1

(®)

As seenin Section lll-A, the topology T introducesa
partition on the set of appearancaneasurementby deter
mining which “true appearance’y; each measurementg;
actuallymeasuresd, e the partitionencodeghe correspondence
betweerthe setA andthesetY . Also, givenY , thelikelihood
of theappearanceanbe factoredinto a productof likelihoods
of theindividual appearancastancesThis s illustratedusing
anexampletopologyin Figure4, wherethe Bayesiametwork
encodesthe independenceassumptionsin the appearance
measurements-Hence, denotingthe jth setin the partition
asS;j, we rewrite P(Aj Y, T) as-

Y

PAjYT)= P(ajy) (6)

j=1 a2s

where the dependenceon T is subsumedin the partition.

We begm by denotingthe setof appearanceneasurements Combining Equations(4), (5) and (6), we get the expression

as A = fajl i N g, where N is the number of
measuremeni@he numberof landmarkobsenred by therobot
during its run). Let the numberof distinct landmarksin the
ervironmentbe M (M
likelihoodis performedby introducingthe hidden parameter
Y = fyjl M g, where eachyj; correspondsto a

appeaance€ of eachlandmarkin the topology As we do not

N). Evaluationof the appearance

for the appearancéikelihood as
w Z
P(AjT) = P;)
j=1 Vi a2

Y .
Paijy) (1)
In our case eachappearancmeasuremerm. is a Fourier
;aik 0, whereaj
is the kth Fourier Componennn the Fourler signature.Also,



we assumea similar vector form for the hidden appearance

assumehatthefrequeny componentsf the Fouriersignature
given the correspondingappearanceariableareindependent,
andhence canbefactoredascanbethe prior over the hidden
appearance&ariables.Consequentlywe canrewrite (7) to get
the expressionfor the appearancékelihoodas

Z
PAJT)=
j=1 k=1

P(yijk)
Yik aiZSj

Pai jyjk)  (8)

In theabove equationP (y; k) is aprior onappearanc the
environment,andP (aj j yjk) is the appearanceneasurement
model. Evaluation of the appearancdik elihood requiresthe
speci cation of thesetwo quantities.

We assuméhe measurementoisein the Fourier signatures
to be Gaussiandistributed so that the model for appearance
instanceay, , belongingto the jth setS;, is also a Gaussian
centeredaroundthe “true appearancey; with variance J?k.
Sincewe do not know either of theseparametersye further
model them hierarchicallyin a proper Bayesianmanner Hi-
erarchicalconjugate priors are placedon jzk andy;i : the
prior on ]_2k being an inverse gammadistribution while the
prior ony;y is tazken to be a Gaussiardistribution with mean

andvariance-*. This particularchoiceof conjugate priors
allows the integrationin (8) to be performedanalytically The
appearancenodel canthenbe summarizedas

ak s N(ak;Yjk; jzk) wherea; 2 S;

2
Yik s Nk ; =) )

2 I G( jk2; ki k)

jk
wherel G denotesthe inversegammadistribution. Note that
while the value of is generallychosenso that the prior on
yjk is vague,we usually have someextra “world knowledge”
that canbe usedto setthe valuesof the hyperparameters
and . For example,if we expect the value of the Fourier
signatureto vary by only a smallamountin the neighborhood
of a given location, the prior on jzk should re ect this
knowledgeby being pealed abouta speci ¢ value.

The generatte model for Fourier signaturemeasurements
specied by (9) is now usedto compute the appearance
likelihoodgivenby (8). In additionto integratingover y;, we
also integrate over the variance jzk as we are not interested
in its value. It follows that

z

S

PAJT)= 1G( «; «)

. 2
El k=1 j
i s
N(G L) N 20
Yik
Due to the useof conjugate priors, this computationcan be
performedanalytically

Now that the appearancéik elihood can be evaluatedfrom
(10), this canbe usedin (3) to computethe targetdistribution.

(10)

Algorithm 2 The ProposalDistribution

1) Selectamemgeor asplit with probability NMNfMNSNMNfSNS
2) Merge move:

if T containsonly one set, re-proposeT® = T, hence

r=1

otherwiseselecttwo setsat random,sayR andS

a) Let D be the distance betweenthe locations cor-
respondingto R and S obtainedby optimizing the
odometrywrt T
TO= (T2 fRg fSg)[ fR[ SgandQ(T! T9 =

D

exp

b)
02

Nm +Nsg
Q(T%! " T) is obtainedfrom the reversecase3(c),

2
hencer = N¥-=N% exp 2> , whereNy andN?
M S . .
arethenumberof melgeandsplit movespossiblefrom

c)

N

TO
3) Split move:
if T containsonly singletonsets, re-proposeT® = T,
hencer = 1

otherwiseselecta non-singletorsetU at randomfrom T
andsplit it into two setsR andS.

a) T°= (T fUg)[ fR;Sg

b) Let D be the distance betweenthe locations cor
respondingto R and S obtainedby optimizing the
odometrywrt T°

QUT! T9= giwg

Q(T°! T) is obtainedfrom the reversecase2(b),

2
hencer = N¥-tgexp 25 , whereNy andN?

are asde®nedin i(c)

The tamet distribution, in turn, is neededto compute the
acceptanceatio in the Metropolis-Hastingslgorithm,as has
beenmentionedbefore.

The appearancenodel presentedabore is not speci c to
Fourier signaturesindeed,it is a generalpurposeclustering
modelthat assumeghat the dataare distributed as a mixture
of GaussiansA topologylabelseachdatainstanceas arising
out of one of the mixture componentswherethe numberof
mixture componentss equalto the numberof setsin the set
partition correspondingo the topology

V. DATA-DRIVEN PROPOSAL DISTRIBUTION

Considera topology T = fS;jj 2 [1;M]g, wherethe S
are setsin a set partition of the measurementas before. If
the Markov chainis currentlyin the stateT, the task of the
proposaldistribution is to proposea new topology T°from T .
With referenceto the calculationof the Metropolis-Hastings
acceptanceatio in (1), the probability of the stepfrom T to
TO aswell asthe reversestephasto be computed.We now
presenta data-drven proposaldistribution that accomplishes
thistaskin anefcient mannersothatthe Markov chainmixes
rapidly acrossthe statespace.

The basic stepsof the proposalconsistof the mege and
the split movesasin [14]. A meige move occurswhentwo of
the setsin the setpartition correspondingo T are melgedto
yield T Analogously a split move occurswhena setin T is
split into two. The numberof waysin which a meige move



Fig. 5. Odometryof the robot plotted with the lasermeasurementfor the
®rst experiment.

canoccuris givenasNy = '\g , M > 1. To calculatethe

numberof possibleways a split move canoccur let Ns; be
the numberof non-singletorsetsin the partition. Clearly, N s;

is the numberof setsin the partition that can be split. Out of

theseNs; sets,we pick a randomsetR to split. The number
of possiblewaysto split R into two subsetss givenby 5 .

Here 1 denoteghe Stirling numberof the secondkind that
givesthe numberof possiblewaysto split a setof sizen into

m subsetg13]. Hence,the total numberof waysa split move
canoccuron T is givenby Ns = Ng¢ 15 .

The data-drven proposaldistribution, which computesthe
proposalratio r usedin the calculation of the acceptance
ratio in (1), is given in Algorithm 2. The proposalbegins by
picking a split or meige move accordingto the proportionof
the numberof waysthesemaves are possible.

Subsequentlyif a meige move is chosentwo randomsets
from the partitionarechoserto be meiged.Now, howvever, the
knowledgeof the odometrymeasurements usedto calculate
the probability of the proposal.Intuitively, measurementthat
aretakenwhentherobotposeis almostthe samehave a higher
probability of beingfrom the samelandmark,andshouldhave
a higher probability of being merged.

The landmark locations correspondingto the setsto be
meiged are obtainedfrom the optimal robot trajectory which
in turn is obtainedby optimizing the odometryunderthe con-
straintsrequiredby topology T [14]. Thetopology T requires
certain landmark measurements$o correspondto the same
physical landmark,i.e to occurat the samephysical location.
However, enforcingthis constraintcauseghe trajectoryof the
robot to diverge from the odometrymeasurements he opti-
mal trajectoryminimizesthetotal errordueto divergencefrom
the odometrymeasurementand not enforcingthe constraints
dictatedby the topology T. The probability of the meige step
is then obtainedusing the distanceD betweenthe landmarks
that we are proposingto meige as exp D—f , Where 2 is
a variancethat encodesour belief in the distancebetween
landmarks,or equivalently, the scaleof the ervironment.

The analogouscalculationfor the split stepis now simple

Fig. 6. Schematioof robot path overlaid on a oorplan of the ervironment
for the ®rst experiment.

Fig. 7. Landmarklocationsobtainedfrom simulatedodometryfor the second
experiment.

Data-driven Geneal proposal
proposal
15t experiment || 9 minutes 46 minutes
2" experiment|| 51 minutes > 6 hours

Fig. 8. Runningtimesfor computingthe PTM using the two proposalsin
both the experiments The data-drven proposalspeedsup the algorithmby at
leasta factorof ®ve.

sincethe probability of the splititself is justtheinverseof total

possiblemovesfrom T. Note that the meige moves proposed
in theabore schemewill oftenhave alow probability sincethe

majority of landmarkschosenfor merging will not be close
together To prevent this, a gating schemeis usedthat selects
thelandmarkgo be memgedpreferentiallybasedon their being

closertogetherthana pre-de nedthreshold.

VI. EXPERIMENTS

We now presentexperimentsto validateour algorithm. The
experimentsvereperformedon an ATRV-Mini robotmounted
with an eight camerarig andthe landmarksin the runswere
selectedmanually

The rst experimentwas conductedover an entire oor of
a building and consistedof a robot run containingtwo loops,
a bigger loop enclosinga smaller loop. Twelve landmarks
were obsered by the robot during the run, shavn overlaid
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Fig. 9. Topologieswith highestposteriorprobability massfor the ®rst experimentusing only odometry (a) receves43% of the probability masswhile (b),
(c), (d) and (e) receve 14%, 7.3%, 3.9% and 2.8% of the probability massrespectiely. The groundtruth topologyis (c).

() (b) (©) (e)
Fig. 10. Topologiesconstitutingthe PTM for the ®rst experimentusing both odometryand appearance(a) receves 99.5% of the probability masswhile
(b), (c), (d) and(e) receie 0.25%,0.14%,0.12%and 0.01% of the probability massrespectiely. The groundtruth topologyis (a).

on a oorplan of the experimentalareain Figure 6. The
odometryof therobotwith the laserplottedontopis shavn in
Figure5. Using only the odometrymeasurementshe ground
truth topology receved a low probability massdue to noisy
odometry The ve most probable topologiesin the PTM
obtainedare givenin Figure9.

We now repeatthe experiment,but this time alsousingthe
appearancaneasurementin addition to the odometry The
rst ve frequenciesof the Fourier signatureswvere usedfor
this purpose.The valuesof the variancehyperparametersn
the appearancemodel were set so that the prior over the
varianceis centeredat 500 with a variance of 50. When
appearancés alsoincluded,the results(shavn in Figure 10)
shift dramaticallysincethereis little perceptuabliasingin this
ervironment.Although ve topologiesappeaiin the PTM, the
ground truth topology receives almostall of the probability
mass.This experimentillustratesthe fact that when reliable
measurementsre available, our approachproducesa PTM
thatis sharplypealedin the spaceof topologicalmaps.More
speci cally, the appearanceneasurementlelp disambiguate
noisy odometrydatain this case.Theimprovementin running
time using the data-drven proposalis given in Table 8.To
demonstratehe scalability of our algorithm, we conducted
a secondexperimentin simulationin an environmentwhere

(d) e

the robot was madeto traversea numberof loops. A total
of 33 landmarkswere obsenred by the robotin the run. The
landmarklocationsobtainedfrom odometrygeneratediuring
the simulatedrun areshavn in Figure7. Usingthe data-driven
proposalspeedap the algorithm by a factor of six (Table 8)
ascomparedo the generakplit-mege proposal14]. Thefour
mostlikely topologiesin the PTM are shawn in Figure 11.
In the abore experiments,we test the corvergenceof the
MCMC procedureby initializing the chain randomly and
observingif the chains converge to the same distribution.
While this provides a rough estimateof corvergence,it is
notarohusttheoreticameasurelmplementinga theoretically-
groundedcorvergencecriterion is future work.

VIlI. CONCLUSION

We presentech generatie model for appearancend used
it in additionto odometryto generateProbabilisticTopolog-
ical Maps. It is seenfrom the experimentsthat addition of
appearancénformation improves the resultssigni cantly by
disambiguatingnoisy odometry This is in spite of the fact
that the appearanceneasurementare themseles noisy. In
addition,we presented data-drven proposathatsigni cantly
speedsup the algorithm by enabling rapid mixing of the
Markov chain. This speed-upis at leastby a factor of ve
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Fig. 11. Topologieswith highestposteriorprobability massfor the secondexperiment.(a) the groundtruth topology receves 71% of the probability mass
while (b), (c), and (d) receie 9.1%, 8.2%, and 6% of the probability massrespectiely. The groundtruth topologyis (a).

as seenfrom the resultswe have presented.

It is to be notedthat the improvementin the resultsupon
addition of appearancénformation is solely due to the fact
thatwe have amorecon dentinferenceof the PTM. The PTM
itself is simply the posteriorover the spaceof topologies,and
hence the PTM obtainedusingonly odometryis notincorrect
in ary sense.Addition of more information simply makes
the posteriormore pealed in the spaceof topologies. This
improvementin the posterioruponuseof moreinformationis
a featureof Bayesianinferencein general.

Currently the appearancenodel requiresthree parameters
to be chosenby the user Thesearethe and variance
hyperparametersindthe numberof frequeng componentso [6]
be consideredin the Fourier signature.The variancehyper
priors encodethe variation in appearancevalues from the
samelocationin the ervironment.Changesn lighting, camera
distortion and other measuremenhoise may make this vari-
ation large. Hence, the valuesof the hyperparametersieed [8]
to be empirically determinedfor eachervironment. It is our (9]
experiencethat there is rarely needto use more than the
rst vefrequeny componentsn the appearancenodel. This
is becausethe higher frequeng componentsnainly contain
noise,which we do not seekto model.lt is alsoto be noted
that while we use Fourier signaturesin this work, ary other
rotation-irvariant dimensionalityreductiontechniquecan be
usedinstead.

While we only use modelsfor odometryand appearance,
a simple extensionto laser datais also possible.360° laser
scansat the landmarklocationscan be usedto computethe
likelihood betweenscansafter an optimal alignment. This
likelihood,extendedto multiple scancomparisoncanbe used
to sampleover partitions.Similarly, we have only considered
the use of odometry measurementin the data-drven pro-
posal. Clearly, appearancenformation can also be usedin
a similar mannerin conjunctionto odometry However, it is
our experiencethat the useof odometryaloneis sufcient to
provide goodproposalandhencejn theinterestof spacewe
have not provided detailsof the analogousiuse of appearance
measurementkere.
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