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Abstract— This paper addressesthe problem of exploring and
mapping an unknown envir onment using a robot equipped with
a stereo vision sensor. The main contribution of our work is a
fully automatic mapping systemthat operateswithout the useof
active ranger sensors(such as laser or sonic transducers), can
operate in real-time and can consistentlyproduceaccurate maps
of large-scaleenvir onments. Our approach implements a Rao-
Blackwellised particle �lter (RBPF) to solve the simultaneouslo-
calization and mapping problemand usesef�cient data structur es
for real-time data association,mapping, and spatial reasoning.
We employ a hybrid map representation that infers 3D point
landmarks fr om image features to achieve precise localization,
coupled with occupancy grids for safe navigation. This paper
describesour framework and implementation, and presentsour
exploration method, and experimental results illustrating the
functionality of the system.

I . INTRODUCTION

For a robot to operateautonomouslyin its environment,it
�rst requiresan accuraterepresentationthat facilitateslocal-
ization and navigation. While the problem of automatically
constructingsucha representationis largely solved for robots
equippedwith active range-�nding devices (and generally
operatingin planarworlds,e.g.[1]), for avarietyof reasonsthe
taskremainschallengingfor robotsequippedonly with vision
sensors.This paper presentsa solution to the autonomous
explorationandmappingproblemusinga robotequippedonly
with a stereocameraand an odometrysensor. In particular,
we demonstratea consistent,convergent simultaneouslocal-
izationandmapping(SLAM) solutionandthegenerationof a
map representationthat facilitatesboth accuratelocalization
and collision-free navigation. Furthermore,the mapping is
accomplishedin real-time under fully autonomousplanning
andcontrol. In this light our work is uniqueamongtheextant
vision-basedmappingframeworks.

The last decadeof roboticsresearchhasgenerateda mul-
titude of approachesto the SLAM problem. Central to this
problemis the probabilisticestimationof a map conditioned
on a robot's noisy actions and observations. In general, it
has been demonstratedthat with a highly accuratesensor
and somestraightforward assumptionsabout the world (e.g.

a planar posespace),a robot can successfullymap a large
indoorenvironmentin real-time.Themaindif�culty with these
approachesis that they rely on active (energy-emitting) laser
range-�ndingsensors,andthey assumethatall of theimportant
obstaclesin the world lie in the plane of the sensor. One
caneasilydemonstratethatmany, perhapsmost,environments
containobstaclesviolating this assumption.Furthermore,the
data returnedby a laser tends to be impoverishedin that
substantialtravel may be required(integrating measurements
along the way) in order to infer a robot's position. Finally,
there are many potential scenariawhere an active sensoris
undesirable.

Theprimaryalternativeto activerangesensingis thepassive
approachaffordedby stereoimagery. Theseapproachesbene�t
in that the informationcontainedin a single imagecanoften
provide substantialdiscriminative power for localization,and
that a stereosensorcan provide a 3-dimensional(or 2.5-D)
representationof potential obstacles.The main drawback of
stereo sensingand image-basedsensingin general is that
noiseplays a substantialrole in diluting a robot's inferential
power, particularly as it applies to geometricreasoning.As
a result, the applicationof successfulrange-basedtechniques
has proven to be a challenge,particularly as it applies to
occupancy-grid-basedSLAM. This fact is evidentin thatof all
of thevision-basedSLAM solutionsto date,thevastmajority
have computedonly landmark(feature)-basedrepresentations
and dependedon humancontrol or active rangesensingfor
planningandobstacledetectionandavoidance.

The goal of our work, therefore,is to use vision to au-
tonomously explore an unknown environment and build a
consistentmapwith anaccuracy thatis competitivewith active
range-sensingsolutions.We aim to overcomethe limitations
of previous vision-basedapproachesby providing a measure
of occupancy of theworld to facilitateobstacleavoidanceand
navigation, and similarly we demonstratethat our approach
canmapobstaclesthat a traditional range�nder would omit.

Our approachto theautonomousmappingproblemis based
on the successfulcombinationof techniquesin SLAM, ef-
�cient data association,data managementand planning. In



particular, our SLAM approachis based on mapping 3D
point landmarksusing the Rao-Blackwellisedparticle �lter
(RBPF) [2]. The landmarksare detectedin imagesusing the
scale-invariant feature transform (SIFT) [3], matchedusing
ef�cient best-bin�rst KD-treesearch[4], andef�ciently stored
using the FastSLAM framework [5]. While in previous work
wehavedemonstratedconsistent,accurateSLAM resultsusing
this framework [6], [7], a landmark-basedmap is insuf�cient
for path planningand obstacleavoidance.As such,we usea
uniquejust-in-time occupancy representation,computedas a
by-productof the SLAM �lter in order to provide a reliable
2.5D spatialrepresentationof the world. Using this represen-
tation, we perform real-timepath planningand we employ a
techniquesimilar to frontier-basedexploration [8] to ensure
coverageof the environment.

The remainderof this paper presentsrelated work, our
approachesto SLAM, representation,and exploration, and
�nally experimentalresultsdemonstratingthe successof our
approach.

I I . RELATED WORK

This paperis an extensionof our previouswork addressing
vision-basedSLAM [6], [7], in which an RBPF framework
was employed to perform SLAM on data sets collected
while navigating a robot using human teleoperation.This
paper extends our prior work by consideringthe problems
of autonomousnavigation andexploration,andpresentingan
ef�cient hybrid mapping approachfor facilitating real-time
occupancy updating. Our work is also distantly related to
that of [9], in which a robot navigates and maps a small
environment.

While the SLAM literatureis vast,only a small numberof
solutionsfacilitate real-timecontrol and consistentmapping.
Furthermore,most of the SLAM literature focuseson active
rangesensing,suchastheSICK laserrange-�nder. For brevity,
we will considerhereonly thosesolutionsthat usevision or
that presentresultsdirectly relevant to our work.

Our SLAM solution is basedon the Rao-Blackwellised
particle�lter approachpresentedby Murphy[2], andlaterpop-
ularizedby a seriesof papersby Montemerloet al. [5], [10]. In
this approach,a setof samplesaremaintainedrepresentingthe
probabilitydistribution over therobot's trajectory, andthemap
features(landmarkor grid cell) probability estimatesbecome
independentwhenconditionedon the sampledtrajectory. The
RBPF approachhas beensuccessfullyapplied using vision-
basedlandmarks,as in [7], and also using occupancy grid
representations,as in [11], [12] and [13]. Other vision-based
SLAM approachesinclude the view-basedinformation �lter
by Eusticeet al [14], and the landmark-basedapproachesby
DavisonandKita [15], [16] andSeet al [17]. In the latterap-
proaches,theenvironmentsconsideredwerereasonablysmall,
and landmarkestimateswere consideredto be independent
undera single trajectoryhypothesis.

This paperalso considersthe problem of exploration for
map construction.This problem has received considerable
attentionin thecontext of both landmark-basedmapping[18],

SIFT ID's Landmark EstimatesSample

Fig. 1. Conceptually, eachsamplehasanassociatedmap,organizedby SIFT
descriptor. EachSIFTdescriptormighthavemultiple landmarkestimates,each
spatiallydistinct.

[19] and occupancy-grids [8], [20], [21]. In general,all of
theseapproacheshave in commonthe conceptof information
gain-which destinationsin theworld aremostinformative for
mapping?While Stachnisset al demonstratea full Bayesian
computationof informative actionsfor exploration using the
RBPF [21], we usethedecidedlysimplerapproachsuggested
by Yamauchi,et al [8].

I I I . SIMULTANEOUS LOCALIZATION AND MAPPING

We representmap estimationas the evolution of a Rao-
Blackwellisedparticle �lter [2]. In this context, the trajectory
and landmark distribution is modeledas a dynamic Bayes
network, wheretrajectoriesareinstantiatedassamples,andthe
landmarkdistribution can be expressedanalytically for each
trajectory. At time t, let st = f s1; : : : ; st g denotethe vehicle
trajectory, mt the map learnedthus far andx t = f st ; mt g be
the completestate. Also, let ut denotea control signal or a
measurementof thevehicle's motion from time t � 1 to time t
andzt be thecurrentobservation.Thesetof observationsand
controlsfrom time 0 to t aredenotedaszt andut respectively.
Our goal is to estimatethe density

p(st ; mt jzt ; ut ) = p(x t jzt ; ut ) (1)

It hasbeendemonstratedelsewherethatp(st ; mt jzt ; ut ) can
beapproximatedby factoringthedistribution in termsof sam-
pled trajectoriesst , and independentlandmarkdistributions
conditionedon the sampledtrajectories[2]:

p(st ; mt jzt ; ut ) � p(st jzt ; ut )
Y

k

p(mt (k)jst ; zt ; ut ) (2)

wheremt (k) denotesthek � th landmarkin themap.That is,
we instantiatea set of samplesst , propagatethem according
to ut , andconstructmapsfor eachaccordingto zt .

A simplisticapproachto runninganRBPFfor SLAM yields
a storagecomplexity of O(N K ), where N is the number
of samplesat eachstepand K is the numberof landmarks.
However, Montemerloet al. introduceda reference-counted
binary searchtree (FastSLAM) datastructurewhich reduces
thiscomplexity to amortizedO(N logK ) by sharinglandmark



Fig. 2. Observation update(refer to text for details)

estimatesbetweensamples[5]. Eachsamplein the �lter will
shareunalteredlandmarkestimateswith othersamples(those
landmarksthat have not been observed since the time the
samplesbecamesiblings).Eachlandmarkobservation results
in a landmarkbeing copied and updatedbut the rest of the
mapremainsunaltered.

Our landmarkmap employs the FastSLAM data structure
with modi�cations to supportvision-baseddata association.
Conceptually, eachsamplehasan associatedsetof landmark
estimates,describedby 3D Gaussiandistributions,comprising
its map. We take advantageof the descriptive power of the
SIFT transform to improve the quality of data association.
EachSIFT ID is mappedto a uniqueinteger which is usedto
index into eachsample's map.Thenodereturnedby querying
a sample for a particular SIFT ID contains a linked list
of landmarkestimates– landmarksthat are visually similar
(sharingthe sameor similar SIFT descriptors),but which are
spatially distinct, as shown in Figure 1. Individual landmark
estimatesareupdatedusing the ExtendedKalmanFilter. The
observation model is describedfurther below.

IV. OBSERVATION MODEL

Algorithm 1 Observation updateprocedure
F := Extract SIFT keys and positions f = f k; pg from
image.
for all featuresf in F do

id:= kd tree lookup(f :k) f Index into kd-tree.g
for all Sampless do

List L := s.maplookup(id)
Find most likely landmarkestimatel in L , given f :p
f Maximizing observation likelihood.g
Copy l if necessaryf If sharedwith othersamples.g
Updatel with f :p usingKalmanFilter update.
Updatewt for s accordingto observation likelihood.

end for
end for

Figure2 andAlgorithm 1 summarizetheobservationupdate
process.We extract points of interest using the difference
of Gaussiandetectordescribedin [3], and constructa 128-

dimensionalSIFT featuredescriptorfor eachpoint. We sub-
sequentlyperforma linearsearchof thekeys in the left stereo
image for the best match to each key in the right, subject
to epipolar constraints,and determineits 3D position and
covarianceaccordingto the well-known stereoequations:

Z = f B =d; X = uZ=f ; Y = vZ=f (3)

wheref is the focal lengthof the camera,B is the base-line
of thestereohead,d is thedisparitybetweenSIFT keys in the
left andright imagesand[u v] is thepixel positionof thekey
in the right camera.

In addition to obtaining a 3D position estimatefor each
key, we computethe associatedcovariancematrix C, �rst by
assuming�x ed noiseparameters� u , � v and � d for u, v and
d respectively, and transformingthe diagonal measurement
covarianceS = diag(� 2

u ; � 2
v ; � 2

d ) accordingto the Jacobian
r h of Equation3:

C = r hSr hT (4)

In our experimentswe typically use� u = � v = 10:0 pixels
and � d = 0:5 pixels.

Once landmarkobservationsare extractedfrom the stereo
pair the landmarkestimatesmustbeupdatedfor theindividual
samples.To ef�ciently store and accesswhat can quickly
becomea large number of SIFT keys we use a best-bin-
�rst KD searchtree.The KD-tree facilitatesnearest-neighbor
matching in time logarithmic in the size of the tree, and
has beendemonstratedto be reliable for object recognition
tasks[4]. The disadvantageof using a KD-tree is that it can
sometimesproducenot the nearestmatchbut a closematch.
We maintain a single tree for the sensorand associatean
arbitrary integer ID with eachSIFT identi�er we add. New
keys are consideredto be candidatekeys and are not passed
as an observation to the particle �lter until they have been
observed for a suf�cient numberof frames.

As describedabove, eachparticle's map is indexed by a
setof IDs associatedwith SIFT descriptorsandeachindexed
node contains a linked list of 3D landmarkssharing that
descriptor. Multiple dataassociationscanbeentertainedby the
�lter becauseeachparticle determinesthe speci�c landmark
to which an observation corresponds.
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Fig. 3. Roll-up procedurefor occupancy updating.The trianglerepresentsthe ancestrytreefor samplesin the RBPF. Squaresrepresentsampleswith current
occupancy grids,whereascirclesrepresentsampleswithout. Whenthe ML sampleswitchesfrom s to s0 (indicatedby the hat symbol),the occupancy grid is
updatedby `rolling up' observationsfrom time t � k (themostrecentancestorwith anup-to-dategrid) to thepresent.Note that if s0

t +1 is theonly descendent
of s0

t , referencecountingwill deletethe grid associatedwith s0
t , anda similar checkis performedon the ancestorat time t � k.

After determiningthe dataassociationof an observation zt

to a landmarkinstance,the sampleweight for that landmark
is updatedaccordingto the observation likelihood:

wi;t =
p(zt jst

i ; mi;t � 1)p(st
i js

t � 1
i ; ut )

q(st
i js

t � 1
i ; ut ; zt ; mt � 1)

wi;t � 1 (5)

= p(zt jsi;t ; mi;t � 1) wi;t � 1 (6)

= k exp(� 0:5� zT � � 1� z) wi;t � 1 (7)

where we are assuming a standard proposal distribution
q(st

i js
t � 1
i ; ut ; zt ; mt � 1) = p(st

i js
t � 1
i ; ut ), basedon a model

of robot odometry, and� z = h(si;t ) � zt , h(�) is a generative
model of the observation as a function of pose, � is the
sumof themeasurementcovarianceandpredictioncovariance.
In short, the particle is weightedaccordingto how well the
current observation is consistentwith the map constructed
from that particle's trajectory. For a deeperdiscussionof the
weighting and resamplingapproach,and a presentationof
other proposaldistributions of interest,we refer the reader
to [7].

V. JUST-IN-TIME OCCUPANCY UPDATING

Up to this point we have describedthe inferential system
we usefor solvingtheSLAM problem.Our SLAM solutionis
basedentirely on inferencefrom 3D landmarkobservations,
and the map maintainedfor SLAM is likewise a landmark
representation.However, in order to navigate, the robot also
requiresan occupancy representation.Our approachto this
problem is to computethe maximum-likelihood occupancy
grid after eachobservation updatein the �lter , conditioned
on the currentmaximum-likelihoodtrajectoryin the RBPF.

Considerfor the momentan RBPFwith only a singlesam-
ple. After eachobservation update,the maximum-likelihood

occupancy map can be computedby merging the occupancy
mapfrom the previous time-stepwith depthinformationfrom
the current stereoimage [9]. Speci�cally, assumingthat the
columnsof the stereoimagehave beenrecti�ed to be perpen-
dicular to the groundplane,for eachcolumnin the imagewe
determinethe closestobstacleby scanningfrom the bottom
row to the top, computing depth from the stereodisparity
and omitting obstacleswhich are situatedabove the robot's
height.Giventhis radial representationof therobot's view, the
maximum-likelihood occupancy grid is updated,conditioned
on the sample's pose.

In the caseof an RBPFwith multiple samples,a dif�culty
arises if the maximum-likelihood state switches from one
sample to another. A naive solution would be to maintain
an occupancy grid for every sample,resulting in very high
memory consumptionand computationallyexpensive updat-
ing. Alternatively, onecouldusethe DP-SLAM framework to
ef�ciently maintainthe distribution over all grids [13]. How-
ever, we areinterestedonly in computingthe mostlikely grid
for thepurposesof pathplanning,andsosucha representation
is computationallyunnecessary. Instead,we proposea `just-
in-time' approachto grid updating.

Whenthemaximum-likelihood(ML) sampleswitchesfrom
onesampleŝt to another̂s0

t , dueto anobservationupdate,the
previousML grid is storedwith the old sample.The new ML
samplechecksits grandparent(parent(parent(s0

t )) to seeif
it wastheML sampleat time t � 2 (andhencehada grid), and
if so, it copiesthat grid and updatesit with the most recent
depthimage1. If the grandparentdidn't have an updatedgrid,
thesearchrecursesbackwardsin time to t � 3, et cetera to �nd

1By de�nition, if thecurrentsample's parenthasa grid thenit wastheML
sampleat t � 1.



themostrecentancestorin time with a grid, andthenthatgrid
is copiedand updatedby `rolling up' the depthobservations
from that point in time to the present.

This systemcomputesthe ML grid, but a side-effect will
bea largenumberof grids in memory. This problemis solved
usinga referencecountingscheme.Whena child samplè rolls
up' its parent's grid, thechild decrementsa referencecountin
its parentindicating that it no longerneedsthe parent's grid.
Likewise, if a child sampleis deleteddue to resampling(or
prunedbecauseit no longer hasdescendents),it decrements
the referencecount storedby the parent.When the reference
count storedby the parentreacheszero, it knows that none
of its descendentsdependon its grid and it can be deleted.
Figure3 summarizesthis approach.

In a test experimentrunning an RBPF with 1000 samples
for 8500odometricmeasurements,1880observation updates,
and 464 �lter resamplingoperations,we observed that on
average,10 occupancy grids were stored in memory, and
the maximum number at any point in the �lter evolution
was 23. Furthermore,we have observed that the cost of
rolling up a grid to the current time step is usually very
inexpensive (typically faster than other costs,such as SIFT
extraction),to theextent thatwe caneasilyrun theRBPFwith
1000 samplesand grids of size 700 by 700 pixels at 10cm
resolution without signi�cant concernsabout computational
costor memoryconsumption.

It shouldbeemphasizedthatwe arenot duplicatingtheDP-
SLAM approachof Eliazar and Parr [13]. In that work the
occupancy grid is usedfor localizationand inferencein the
SLAM �lter , whereaswe do not usethe grid for localization,
nor do we maintaina full distribution over occupancy grids
but rathercomputeonly the maximumlikelihood grid solely
for the purposesof path-planning.In this sense,the grid is
a by-productof the SLAM �lter which computesposeand
landmarkestimates.

VI . AUTONOMOUS EXPLORATION

The purposeof exploration is to constructa mapsuchthat
a robot cannavigatereliably throughoutthe environment.We
usea frontier-basedapproachsimilar to that in [8] to compute
optimaldestinationsin theworld to expandthecoverageof the
map.Oncefull coverageis achieved,therobotmaycontinueto
exploreregionsthatappearto bepoorly mapped.We compute
destinationsusingtheML occupancy grid m̂ t . Speci�cally, the
robotselectsits next goalposeby evaluatingsafelytraversable
grid cells accordingto the valuefunction

goal = argmax
s

H (sjm̂t )

where
H (sjm̂t ) =

X

�

V (s; � ; m̂t )

and the value function V is computedby castinga ray from
poses in the direction � in map m̂, and returning a value
dependenton the �rst non-emptygrid cell s0 that the ray
intersects:

Vs0 occupied = 0

and

Vs0 unk now n = exp(� 0:5(jjs0 � sjj � r � )2=� 2):

Here,V is maximizedwhenthe robot is a distancer � from
an unknown cell. In our current implementation,H samples
anglesat � ve degreeintervals, r � is 2.0mand� is 0.5m.The
purposeof r � is to ensurethatgoal posesarenot prematurely
discovered to be occupiedby obstacles,and to maintain a
reasonableviewing distancefor the landmark-basedRBPF.

Oncea goal poseis selected,the robot plansa path to it
using A � searchin the occupancy grid and begins executing
the trajectory, updatingthe RBPF along the way. After each
observation update,the robot checksthat its current plan is
still safely traversable-if not, a new plan is computed,andif
no suchsafeplan exists the robot selectsa new goal.

Uponreachingagoalposetherobotpansits camerathrough
360 degreesto maximize the coverageof the map at that
location, and upon successfulcompletionof this manoeuvre
it computesa new goal. Figure 4 depictsa small sequence
of goal planningand navigation operations.A full animation
of the explorationandmapconstructionsequenceis available
on-line at http://www.cs.ubc.ca/˜simra/iros06/
gridmap.avi .

It is important to note that we have madeseveral strong
assumptionsusing this approach.First, path planning using
only theML occupancy grid canresultin failedplanswhenthe
ML grid switchesbetweensamples.Our empiricalexperience
indicatesthat while new pathsmust often be computed(and
canbe recomputedquickly andinexpensively), it is relatively
rarethat a goal is unreachable.Second,we areassumingthat
coveragein theoccupancy grid is equivalentto goodcoverage
(andgoodconvergence)in the landmark-basedmap.Our only
evidence to support this assumptionis the fact that total
localization failures (�lter divergence)were extremely rare
throughoutour testingandexperimentation.In short,while the
approachwe are using is sub-optimalfrom an information-
theoretic standpoint,it is very easy to implement, fast to
compute,producesconsistentmapsandachievescoverage.

VI I . EXPERIMENTAL RESULTS

For thepurposesof ourexperiments,weusedanActivmedia
Powerbotrobotwith a Digiclops (trinocular)stereoheadfrom
Point Grey Research.The robot explored a laboratoryenvi-
ronmentconsistingof two roomsof total size approximately
19mby 16.5m.Someexampleimagesof this environmentare
shown in Figure5. Theenvironmentis particularlychallenging
due to the prevalenceof natural light (causingimagesatura-
tion), untextured specularregions (such as book casesand
even the �oor), variationsin motion noisedue to transitions
betweencarpetand tile, and �nally the dynamicsof human
occupantsin the lab.

In this experiment, the robot collected 11,315 odometry
measurementsat a rateof about5.4Hz.The maximumtrans-
lation velocity of the robot was 0.12m/sand the maximum
rotationalvelocity was8 degrees/s.Observation updateswere



Fig. 4. Sampleexplorationsequence.Red: the plannedroute to the next goal; gold: the robot's trajectoryandblue: the odometer.

Fig. 5. Sampleimagesof the environment.Challengesinclude saturationfrom natural light, illumination variation,untextured surfaces,and obstaclesthat
are too tall, or too short for detectionwith a laser.

triggeredby robotmotionestimatesexceeding7cmin transla-
tion or 1 degreein rotation,resultingin 2209observationup-
dates,at approximately1.1Hz.The RBPFused1000samples
andcaneasilymanageup to 2000sampleson a dual 3.2GHz
PentiumXeon computer. We have found that themain costof
processingframesis the SIFT computation.

The robot traveled an estimateddistanceof 120m, and
mappedapproximately7278 landmarksin about35 minutes.

Figure 6 depictsthe occupancy grid constructedfrom the
robot's exploration. The grid resolution is 0.01m by 0.01m
per pixel and it accurately captures the topology of the
environment. Many of the cluttered regions correspondto
of�ce chairsandotherfurniture.Figure7 depictsthelandmark
mapfor landmarksthat wereobservedmorethan3 timesand
which were not consideredto belongto the �oor or ceiling.
While thelandmarkmapappearscluttered,theaccuracy of the

occupancy grid demonstratesthat the landmarkmapprovided
SLAM estimatesthatwereaccurateenoughto maintaina good
map.

Figure8 depictsthedifferencebetweenthe�lter' s estimated
trajectory(shown in gold), and the robot's odometer(shown
in blue). Clearly the �lter estimateis correct and consistent
in that it successfullynavigatesthrough the door on several
occasions,and it successfullylocates the second,narrower
door on the left side2. There is some minor deviation in
the orientationof the two roomswhich may posedif�culties
in larger environments.The �gure also depicts the robot's
plannedtrajectory (shown in red) to an exploration goal in
the lower left. For a comparisonwith raw odometry, Figure9
depicts the deviance betweenthe robot's odometerand the
�lter estimateover time. Theseresults clearly demonstrate

2This seconddoor is too narrow for the PowerBot to navigatesafely.



Fig. 6. Occupancy grid constructedfor the maximum-likelihood sampleat
the endof exploration.

how unreliablethe robot's differential drive and odometryis
for estimatingmotion.

VI I I . CONCLUSION

This paperhas demonstrateda systemthat is capableof
mapping a large, complex visual environment in real time.
The systemexplores and navigates fully autonomouslyand
can generatea hybrid map representationthat facilitatesac-
curatelocalization (using visual landmarks)and safe,robust
navigation (usingoccupancy grids). Our systemmodelsSIFT
featuresfor landmarks,and usestrinocular stereoto produce
occupancy grids. The topologicalaccuracy of the occupancy
mapsare due to the localization accuracy of the underlying
landmark-drivenRao-Blackwellisedparticle �lter .

While our current work has demonstratedthat robust au-
tonomousvision-basedmappingcan be accomplished,there
areseveraloutstandingissuesto pursue.First,amorethorough
reliability study is requiredto understandthe conditionsthat
ensure�lter convergenceandto directexplorationin waysthat
prevent �lter divergence.Second,we hopeto implementgaze
planning (swiveling the cameraon a pan-tilt unit) for more
reliable obstacledetectionand avoidance,and add more so-
phisticatedexplorationstrategiesfor exploring largerenviron-
ments.We are also interestedin applyingmore sophisticated
proposaldistributions[7] andrunningexperimentsin outdoor
environments.
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