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A Real-Time ExpectationMaximizationAlgorithm
for Acquiring Multi-PlanarMapsof Indoor

Environmentswith Mobile Robots
SebastianThrun, ChristianMartin, YufengLiu, Dirk Hähnel,

RosemaryEmery-Montemerlo,DeepayanChakrabarti,Wolfram Burgard

Abstract— This paper presentsa real-time algorithm for ac-
quiring compact3D mapsof indoor envir onments,using a mobile
robot equipped with range and imaging sensors.Building on
previous work on real-time poseestimation during mapping [1],
our approach extends the popular expectation maximization
algorithm [2] to multi-surface models, and makes it amenable
to real-time execution.Maps acquired by our algorithm consist
of compact sets of textured polygons that can be visualized
interactively. Experimental results obtained in corridor -type
envir onments illustrate that compact and accurate maps can be
acquired in real-time and in a fully automated fashion.

Index Terms— Robotic mapping, mobile robots, perception,
statistical techniques

I . INTRODUCTION

T HIS paperpresentsa real-timealgorithm for generating
three-dimensionalmaps of indoor environments, from

rangeandcamerameasurementsacquiredby a mobile robot.
A large numberof indoor mobile robotsrely on environment
maps for navigation [3]. Most all existing algorithms for
acquiring such maps operatein 2D. 2D maps may appear
suf�cient for navigation,giventhatmostindoormobile robots
are con�ned to two-dimensionalplanes.However, modeling
an environmentin 3D hastwo importantadvantages:�rst, 3D
mapsfacilitate the disambiguationof different places,since
3D modelsare richer than 2D models;second,3D mapsare
bettersuitedfor usersinterestedin the interior of a building,
suchasarchitectsor humanrescueworkersthatwould like to
familiarizethemselveswith anenvironmentbeforeenteringit.
For theseandotherreasons,modelingbuildingsin 3D hasbeen
a long-standinggoal of researchersin computervision [4],
[5], [6], [7]. Generatingsuchmapswith robotswould make
it possibleto acquiremapsof environmentsinaccessibleto
people[8], [9], suchas abandonedmines that have recently
beenmappedin 3D by mobile robots[10].

In robotic mapping,moving from 2D to 3D is not just a
trivial extension.The most popularparadigmin 2D mapping
to dateareoccupancy maps[11], [12], which representenvi-
ronmentsby �ne-grained grids. While this is feasiblein 2D,
in 3D the complexity of theserepresentationspose serious
scaling limitations [12]. Other popularrepresentationsin 2D
involve point clouds [13], [14] or line segments[15]. Line
representationshave beengeneralizedto 3D by representing
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maps through sets of �ne-grained polygons [1], [9]. The
resulting maps are often quite complex, and off-the-shelf
computer graphics algorithms for mesh simpli�cation [16]
tend to generatemapsthat arevisually inaccurate[1].

This paper presentsan algorithm for recovering low-
complexity 3D modelsfrom rangeandcameradatathatspecif-
ically exploits prior knowledgeon theshapeof basicbuilding
elements.In particular, our approach�ts a probabilisticmodel
that consistsof large rectangular, �at surfaces to the data
collectedby a robot. Areasin the mapthat arenot explained
well by �at surfaces are modeled by small polygons (as
in [9]), enablingour approachto accommodatenon-�at areas
in the environment.The resultingmapsarelesscomplex than
thosegeneratedby the previous approachesdiscussedabove.
Moreover, by moving to a low-complexity model,thenoisein
the resultingmapsis reduced—whichis a side-effect of the
variancereductionby �tting low-complexity models.

To identify low-complexity models,the approachpresented
hereusesa real-timevariantof the expectationmaximization
(EM) algorithm [2], [17]. Our algorithmsimultaneouslyesti-
matesthe numberof surfacesand their locations.Measure-
ments not explained by any surface are mappedonto �ne-
grainedpolygonal representations,enablingour approachto
model non-planarartifacts in the environment.The resulting
map is representedin VRML format (virtual reality markup
language),with texture superimposedfrom a panoramiccam-
era.

Ourapproachrestsontwo key assumptions.First, it assumes
that a good estimateof the robot pose is available. The
issueof poseestimation(localization) in mappinghas been
studiedextensively in the robotics literature [18]. In all our
experiments,we use a real-time algorithm describedin [1]
to estimatepose; thus, our assumptionis not unrealistic at
all, but it lets us focus on the 3D mappingaspectsof our
work. Second,we assumethat the environment is largely
composedof �at surfaces.The �at surfaceassumptionleads
to a convenientclose-formsolution of the essentialstepsof
ourEM algorithm.Flatsurfacesarecommonlyfoundin indoor
environments,speci�cally in corridors.We alsonoticethatour
algorithm retainsmeasurementsthat cannotbe mappedonto
any �at surfaceand mapsthem into �ner grainedpolygonal
approximations.Hence, the �nal map may contain non-�at
regions in areasthat are not suf�ciently �at in the physical
world.

Our approachhas beenfully implementedusing the mo-
bile robot shown in Figure 1a. This robot is equippedwith
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(a) (b)

Fig. 1. Mobile robot, equippedwith two 2D laser range ®nders and a
panoramiccamera.The camerausesa panoramicmirror mountedonly a few
centimetersaway from the optical axis of the laserrange®nder.

a forward-pointedlaser range �nder for localization during
mapping,an upward-pointedlaser range�nder for structural
mapping,anda panoramiccamerafor recordingthetextureof
the environment(seeFigure1b). The systemhasbeentested
in several different buildings. Our results illustrate that the
algorithmis effective in generatingcompactandaccurate3D
mapsin real-time.

I I . GENERATIVE PROBABIL ISTIC MODEL

A. World Model

In our approach,3D mapsarecomposedof rectangular�at
surfaces,representingdoors,walls, ceilings,plussetsof small
polygonsrepresentingnon-�at surfaces.We will denotetheset
of rectangular�at surfacesby

�

, where
� � �������	�	���	�
���
�

(1)

Here � is the total numberof rectangularsurfaces
���

. Each
���

is describedby a total of nine parameters,arrangedin three
groups:

����� �������������������

(2)

The vector
� �

is the three-dimensionalsurfacenormalof the
surface; the value

���

is the one-dimensionaloffset between
the surface and the origin of the coordinatesystem;and

� �

are � ve parametersspecifyingthe size and orientationof the
rectangularareawithin the(in�nite) planarsurfacerepresented
by

���

and
���

.

B. Measurements

Measurementsareobtainedusinga laserrange�nder. Each
rangemeasurementis projectedinto 3D space,exploiting the
fact that the robot poseis known. The 3D coordinateof the

�

-th rangemeasurementwill be denoted
���! "$# (3)

We denotethe setof all measurementsby
%

� �

�
�

�

(4)

The Euclideandistanceof any coordinate��� in 3D spaceto
any surface

���

will be denoted&('

�
�

������)

(5)

In our implementation,we distinguish two cases:The case
wherethe orthogonalprojectionof �

� falls into the rectangle,
and the casewhereit doesnot. In the former case,

&('

�*�

�
�
�

)

Fig. 2. Illustration of the parametersin the planar surface model, shown
herefor onesurface.

is given by
���,+

� �.-

���

; in the latter case,

&/'

� �

������)

is the
Euclideandistancebetweentheboundingbox of the rectangle
and � � , which is either a point-to-line distanceor a point-to-
point distance.

C. Correspondences

In devising anef�cient algorithmfor environmentmapping,
it will prove convenientto make explicit the relationbetween
individualmeasurements��� andthedifferentcomponents

� �

of
themodel.This is achievedthroughcorrespondencevariables.
For eachmeasurements0 � , we de�ne thereto be �2143 binary
correspondencevariables,collectively referredto as 0

� .

0

�

� ��5
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(6)

The vector 0

� speci�es which part of the model
�

“causes”
the measurement� � . Each of the variablesin 0

� is binary.
The variable

5

�

�

(for 3<;>=?;@� ) is 1 if and only if the
�

-th
measurement� � correspondsto the = -th surfacein themap,

���

.
If themeasurementdoesnot correspondto any of thesurfaces
in themap,the“special” correspondencevariable

5

�76 is 1. This
might be the casebecauseof randommeasurementnoise,or
due to the presenceof non-planarobjectsin the world.

Naturally, eachmeasurementis causedby exactly one of
those �A1B3 possiblecauses.This implies that the correspon-
dencesin 0

� sumto 1:
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Our algorithm below involves a step in which probabilities
over correspondencesarecalculatedfrom the data.

D. MeasurementModel

The measurementmodel ties togetherthe volumetric map
andthemeasurements

%

. Themeasurementmodelis a proba-
bilistic generativemodelof themeasurementsgiventheworld:

G
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�
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(8)

where 0

� is the correspondencevector of the
�

-th measure-
ment,and

�

is thesetof planarsurfaces.Ourapproachassumes
Gaussianmeasurementnoise. Suppose

5

�

�J�

3 , that is, the
measurement��� correspondsto the surface

�
�

in the model.



IEEE TRANSACTIONS ON ROBOTICS AND AUTOMATION 3

The error distribution is then given by the following normal
distribution with varianceparameter�
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Notice that the log likelihood of this normal distribution
is proportional to the squaredEuclideandistance

&('

�*�

�
� � )

betweenthe measurement� � andthe surface
���

.
The normal distributed noise is a good model if a range

�nder succeedsin detectinga �at surface.Sometimes,how-
ever, theobjectdetectedby a range�nder doesnot correspond
to a �at surface, that is,

5

�C6

�

3 . In our approach,we
modelsucheventsusinga uniform distribution over theentire
measurementrange:
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(10)

The interval ( '*)

�"!$#�%"+ denotesthe measurementrangeof the
range�nder. The uniform noisemodel is clearly just a crude
approximation,as real measurementnoise is not uniform.
However, uniform distributionsaremathematicallyconvenient
andprovide excellent results.

For reasonsthat shall becomeapparentbelow, we note
that the uniform density in Equation (10) can be rewritten
as follows:
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Clearly, a uniform noisemodel is somewhat simplistic; how-
ever, it is mathematicallyconvenientand was found to work
well in our experiments.

I I I . THE LOG-L IKELIHOOD FUNCTION

To devise a likelihoodfunction suitablefor optimization,it
shallproveusefulto expressthesensormodelasthefollowing
exponentialmixture:
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This form follows directly from Equations(9) and (11) and
theassumptionthatexactlyonevariablein 0

� is 1, whereasall
othersarezero.This form of the measurementmodelenables
us to devisea compactexpressionof the joint probability of a
measurement�

� alongwith its correspondencevariables0

� :
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Assumingindependencein measurementnoise,thelikelihood
of all measurements

%

andtheir correspondences0
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is thengiven by
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This equationis simply the productof (13) over all measure-
ments ��� .

In EM, it is commonpracticeto maximizethelog-likelihood
instead of the likelihood (14), exploiting the fact that the
logarithmis monotonicin its argument:
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D�E=jkI&JlK M"NmP (15)
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Finally, while theformulasaboveall computea joint overmap
parametersand correspondence,all we areactually interested
in are the map parameters.The correspondencesare only
interestingto the extent that they determinethe most likely
map

�

. Therefore,the goal of estimationis to maximizethe
expectationof the log likelihood (15), wherethe expectation
is taken over all correspondences0 . This value, denoted
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+ , is the expectedlog likelihood of the data
given the map with the correspondencesintegratedout. It is
obtaineddirectly from Equation(15):
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In [19], it is shown that maximizing this expectationindeed
maximizesthe log likelihoodof the data.

IV. L IKELIHOOD MAXIMIZATION V IA EM

The expectedlog-likelihood (16) is maximizedusing EM,
a popular method for hill climbing in likelihood spacefor
problemswith latentvariables[2]. EM generatesa sequenceof
maps,
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. Eachmapimprovesthelog-likelihood
of the data over the previous map until convergence.More
speci�cally, EM starts with a random map

�*† ‡&ˆ

. Each new
mapis obtainedby executingtwo steps:an E-step,wherethe
expectationsof the unknown correspondences
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is
computedundertheseexpectations.

A. TheE-Step

In the E-step,we are given a map
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for which we seek
to determinetheexpectations
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= . Bayesrule, appliedto thesensormodel,givesusa
way to calculatethedesiredexpectations(assuminga uniform
prior over correspondencesfor mathematicalconvenience):
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andsimilarly
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As pointed out in [17], [19], substitutingtheseexpectations
into the log-likelihood (16) lower-boundsthe log-likelihood
by a function tangentto it at

�*† ‰Oˆ

.

B. TheM-Step

In the M-step, this lower bound is optimized. More
speci�cally, we are given the expectations �

† ‰Oˆ

�

� and �

† ‰ ˆ

�76

and seek to calculate a map
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that maximizes the
expected log-likelihood of the measurements,as given by
Equation (16). In other words, we seek surface parame-
ters
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Obviously, many of the termsin (16) do not dependon the

mapparameters
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. This allows us to simplify (16) andinstead
carry out the following minimization:
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The actualM-stepproceedsin two steps.First, our approach
determinesthe parameters
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� , which spec-
ify the principal orientationand location of the rectangular
surface without the surface boundary. If walls are assumed
to be boundless,the minimization (19) is equivalent to the
minimization
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subject to the normality constraints
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3 , for all = .
This quadraticoptimizationproblemis commonlysolved via
Lagrangemultipliers �
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Obviously, for eachminimum of
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Substitutingthoseback into (22) givesus
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This is a setof linear equationsof the type
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where each
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is a 3 � 3 matrix whose elementsare as
follows:�
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, subject to (24). It is now easy to see
that each solution of (27) must be an eigenvector of
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� .
The two eigenvectors with the largest eigenvaluesdescribe
the principle orientationof the surface.The third eigenvector,
which correspondsto the smallesteigenvalue, is the normal
vectorof this surface,henceour desiredsolution for
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Finally, the M-step calculatesnew boundingboxes
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It doessoby determiningtheminimumrectangularbox on the
surfacewhich includesall pointswhosemaximumlikelihood
assignmentis the = -th surface
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This optimizationproblemdoesnot possessan easyclosed-
form solution.Ourapproachprobestheorientationin 1-degree
intervals, then calculateshe tightest boundingbox for each
orientation. The bounding box with the smallest enclosed
surfacevolume is �nally selected.This step leadsto a near-
optimalrectangularsurfacethatcontainsall measurementsthat
most likely correspondto the surfaceat hand.

C. Determiningthe Numberof Surfaces

Parallel to computingthe surfaceparameters,our approach
determinesthenumberof surfaces� . Ourapproachis basedon
a straightforwardBayesianprior that penalizescomplex maps
usinganexponentialprior, written herein log-likelihoodform:
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Here ( is a constantfactor. The �nal mapestimatoris, thus,a
maximumposteriorprobability estimator(MAP), which com-
binesthe complexity-penalizingprior with the datalikelihood
calculatedby EM. In practice, this approachimplies that
surfacesnotsupportedby suf�ciently many datameasurements
(weighted by their expectation)are discarded.This makes
it possibleto choosethe number of rectangularsurfaces �

concurrentlywith the executionof the EM algorithm.
In our implementation,the searchfor the best � is inter-

leaved with runningthe EM algorithm.The searchinvolvesa
stepfor creatingnew surfaces,andanotheronefor terminating
surfaces,bothexecutedin regularintervals(every20 iterations
in our of�ine implementation).In the surface creationstep,
new surfacesare createdbasedon measurements� � that are
poorly explained by the existing model. A measurement� �

is consideredpoorly explained if its value �

�C6 exceedsa
threshold,indicating that none of the planar surfacesin the
modelexplain themeasurementwell. A new surfaceis started
if threeadjacentmeasurementsarepoorly explained;theinitial
parametersof this new surfaceare then uniquely determined
through the coordinatesof these three measurements.The
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Fig. 3. Polygonalmapgeneratedfrom raw data,not usingEM. The display
without texture shows the level of noiseinvolved. In particular, it illustrates
the dif®culty of separatingthe door from the nearbywall (as achieved by
EM).

number of new surfaces is kept limited at each iteration,
usingrandomselectionamongall candidatesif thenumberof
candidatesurfacesexceedsthe total limit. The new surfaces
arethenaddedto themodelandtreatedidentically to all other
surfacesin subsequentiterationsof EM.

In the terminationstep,eachsurfaceundergoesa posterior
evaluation using the criterion set forth in Equation (30). If
removing a surfaceor fusingit with a nearbysurfaceincreases
the posterior in Equation (30), the correspondingaction is
taken.Otherwise,it is retainedin themodel.In this way, only
surfacessupportedby suf�ciently many data points survive
the selectionprocess,avoiding the over�tting that inevitably
would occurwithout a complexity penaltyterm.

D. Texture Mappingand Visualization

Textures are extractedfrom the panoramiccamera,along
a stripe shown in Figure 1b that correspondsto the range
measurementtaken by the vertical laser range�nder. These
stripes are collected at frame rate and pastedtogetherinto
raw texture maps. These maps are then mappedonto the
planar surfacesin real-time,using a techniqueanalogousto
the onedescribedin [22]. Texturesof the samefeaturein the
environmentrecordedat differentpoints in time arepresently
not merged due to tight computationalconstraints—whichis
a clearshortcomingof our presentimplementation.

The �nal modelcontainsall surfacesin
�

; however, it lacks
informationon non-�at objectsin the environment.The �nal
3D visualizationof theenvironmentis enrichedby �ne-grained
polygonalmodelsof suchnon-�at objects.In particular, our
approachanalyzesall measurementswhosemostlikely corre-
spondenceis theclass“ � .” For any occurrenceof threenearby
suchmeasurements.asmalltriangleis introducedinto the�nal
3D visualization.In this way, the visualizationcontainsnot
only large�at surfaces,but also�ne-grainedpolygonalmodels
of non-�at objectsin theenvironment.The �nal outputof our
programis a VRML �le, which makes it possibleto render
the 3D modelusingoff-the-shelfsoftware.

V. ONLINE EM

Our approachhasbeenextendedinto an online algorithm
that enablesrobots to acquire compact3D models in real-
time (see[23]). EM, aspresentedso far, is inherentlyof�ine.
It requiredmultiple passesthroughthe dataset. As the data

set grows, so does the computationper iteration of EM.
This limitation is a common limitation of the vanilla EM
algorithm[19].

The key insight that leadsto an online implementationis
thatduringeach�x edtime interval, only a constantnumberof
new rangemeasurementsarrive (collectively referredto as � � ).
If we begin our estimationwith themodelacquiredin the �rst

�

-

3 measurements,only constantlymany new measurement
values have to be incorporatedinto the model in response
to observing� � . Sucha routinewould be strictly incremental;
however, it would fail to adjustcorrespondencevariablesbased
on data acquiredat a later point in time. Our approachis
slightly moresophisticatedin that it adjustspastexpectations,
but it doesthis in a way that still conformsto constantupdate
time.

A. Online E-Step

The online E-step considersonly a �nite subsetof all
measurements,and only calculatesexpectationsfor the cor-
respondencevariablesof thosemeasurements.In particular, it
includesall new rangemeasurements,of which thereareonly
�nitely many. Additionally, it includespastmeasurementsthat
meetthe following condition:They lie at theboundaryof two
surfaces(judgingfrom theirmaximumlikelihoodassignments)
or they are entirely unexplained by any existing surface.
These conditions alone are insuf�cient to assureconstant
time computation.Thus, we also attach a counter to each
measurementthat keepstrack of the total numberof times
it was consideredin an E-step calculation. If this counter
exceedsa threshold, the expected correspondencevalue is
frozenandnever recalculatedagain.It is easyto seethat the
last condition ensuresconstanttime update(in expectation).
The former condition identi�es “interesting” measurements,
which greatlyreducestheconstantfactorin thecomputational
complexity.

B. Online M-Step

TheonlineM-stepis slightly morecomplex. This is because
asthe datasetgrows, so do two things:the numberof model
components� andthe numberof measurements� � associated
with eachmodel component.Eachof theseexpansionshave
to be controlledto ensurethat the M-stepcanbe executedin
real-time.

In the online M-step, only a small number of “active”
surfacesare re-estimated.We say that a surface

�
�

is active
at time

�

if the E-step executedat that time changed,for
any of the updatedmeasurements,the maximum likelihood
correspondenceto or away from the surface

���

. Clearly, this
is an approximation,in that any adjustmentof the expected
correspondenceaffectsall model parameters,at leastin prin-
ciple. However, our approachis a good approximationthat
limits the numberof surfacesconsideredin the M-step to a
constantnumber.

Finally, our approachaddressesthe fact that the number
of points involved in each maximization grows over time.
In conventional EM, every measurementparticipatesin the
calculationof all surfaceparameters,thoughmostmake only
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a negligible contribution. To reducethe numberof measure-
mentsusedin theM-Step,our onlineapproachconsidersonly
thosewhosemaximumlikelihooddataassociationcorresponds
to the model componentin question.This is analogousto
the well-known k-meansalgorithm[24] for clustering,which
approximatesthe EM algorithmusinghardassignments.Fur-
thermore,if thenumberof maximumlikelihoodmeasurements
exceedsa threshold,our approachrandomlysubsamplesthose
measurements.By doingso, theamountof computationwhen
recalculatingtheparametersof a modelcomponentis bounded
by a constantnumber, asis theoverallcomputationalcomplex-
ity of the M-Step.

C. Online Model Selection

Finally, our approachalso implements Bayesian model
selectionin real-time.New surfacesare introducedfor new
measurementswhicharenot “explained”by any of theexisting
surfaces in the map. A measurementis explained by an
existingsurfaceif its likelihoodof having beengeneratedfrom
that surfaceis above a threshold;otherwiseit will be usedto
seeda new surface. Surfacesare removed from the map if
after a �x ed numberof iterationsthey are not supportedby
suf�ciently many measurements,in accordancewith the map
complexity penalty factor ( set forth in Equation(30). As a
result,thenumberof surfaces� increaseswith thecomplexity
of the environment,while all computationcanstill be carried
out online, irrespective of the total mapsize.

The resultingalgorithm is strictly incremental.It hasbeen
implementedon a low-end laptop PC, where it is able to
constructcompact3D mapsin real-time.

VI . EXPERIMENTAL RESULTS

Our experimentswere carried out in two stages:First,
we implementedand evaluated the of�ine EM algorithm.
This evaluationserved us to establishthe basiccapability of
extracting large planarsurfacesfrom complex datasetsusing
EM. Our secondset of experimentswas carriedout in real-
time using the online versionof our approach.

All computationin theseexperimentswas carriedout on-
board the moving robot platform shown in Figure 1. As
noted above, the robot is equipped with two SICK PLS
laser range �nders, one pointed forward and one pointed
upward, perpendicularto the robot's motion direction. The
SICK sensorcoversan areaof 180 degreeswith a one-degree
angular resolution.The range accuracy is describedby the
manufacturer as

���

centimeters.The sampling rate in our
experimentsis approximately5 Hertz (entirescans).

A. Of�ine EM

The of�ine version of EM was tested using a data set
acquiredinside a university building. The data set consists
of 168,120range measurementsand 3,270 cameraimages,
collectedin lessthan two minutes.In a pre-alignmentphase,
our softwareextracted3,220,950pixels, all of which directly
correspondto rangemeasurements.Nearbyscanswere con-
vergedinto polygons.Figure3 shows a detail of the resulting
map without the texture superimposed.This �gure clearly
illustrates the high level of noise in the raw data. The left

(a) Fine-grainedpolygonalmaps
generatedfrom raw data

(b) Low-complexity maps
generatedusingEM

Fig. 4. 3D mapgenerated(a) from raw sensordata,and(b) usingtheof¯ine
versionof EM. In this map.94.6%of all measurementsare explainedby 7
surfaces.Notice that the map in (b) is smootherand appearsto be visually
moreaccuratethan the one in (a).

columnof Figure4 shows threeviews of themapwith texture
superimposed.

Theresultof our EM algorithmis shown in theright column
of Figure 4. This speci�c map containsof �

���

�at sur-
faces,which togetheraccountfor 94.6%of all measurements.
Clearly, the new mapis smootherandvisually moreaccurate.
It also modelsnon-planarregions well, as manifestedby a
trash-binin the top panelof that �gure, which is not modeled
by a planar surface. The correspondingmeasurementsare
not mappedto any of the surfaces

�

� . Figure 5 show the
correspondingmap segment, illustrating that importanceof
merging �at surfaceswith �ne-grainedpolygonsfor modeling
building interiors.Noticealsothat thewall surfaceis different
from thedoorsurface.A smallnumberof measurementsin the
doorsurfaceareerroneouslyassignedto thewall surface.The
posterboardshown in variouspanelsof Figure 4 highlights
onceagainthe bene�ts of the EM approachover the raw data
maps:Its visualaccuracy is higherthanksto theplanarmodel
on which the texture is beingprojected.

Figure 6 shows the numberof surfaces � and the number
of measurementsexplained by thesesurfaces,as a function
of the iteration.Every 20 steps(in expectation),surfacesare
terminatedandrestarted.After only 500iterations,thenumber
of surfacessettlesarounda mean(andvariance)of 8.76

�

1.46,
which explains a steady95.5

�

0.006%of all measurements.
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Fig. 5. Model of a trashbin in the ®nal map,with a largeplanarrectangular
surface patch in the background.Our algorithm recognizesthat this object
cannotbe explained by planar surfaceswith suf®cient likelihood, henceit
retainsthe ®ne-grainedpolygonalrepresentation.

2,000iterationsrequireapproximately20minutescomputation
on a low-endPC.

B. Real-Time Implementation

The real-timeimplementationusing online EM was evalu-
atedmorethoroughlyandin severaldifferentbuildings.Over-
all, we found our approachto be highly reliablein generating
accuratemaps. Figure 7 illustrates the online creation of
compactmaps.Shown in the left columnaremapsgenerated
directly from the raw measurementdataby creatingpolygons
for any setof nearbymeasurements.The right columnshows
a sequenceof mapsbuilt in real-time,using our incremental
EM algorithm. We note that this speci�c illustration shows
only vertical surfaces;however, our implementationhandles
surfacesin arbitraryorientations.

As it is easilyseen,the new mapis morecompactthanthe
raw datamap.A small numberof surfacessuf�ces to model
the vast amountsof data.Closeinspectionof Figure 7 illus-
tratesEM at work. For example,a small region in Figure 7i
has not been identi�ed as belonging to a �at wall, simply
becausethe amountof noisein the rectangularsurfacebelow
this patchis too large. Furtheroptimizationof this pastdata
leadsto a morecompactmap,as illustratedin Figure7j.

Figure 8 shows views of a compact3D map acquiredin
real-time, for the sameenvironment as reportedpreviously.
The entiredatacollectionrequireslessthan2 minutes,during
which all processingoccurs.

As is easily seen,the identi�cation of rectangularsurfaces
in theenvironmenthasa positive effect of thevisualacuityof
the map.Figure9 shows insideprojectionsof a 3D mapbuilt
by EM andcomparesit to a mapbuilt without EM, using�ne-
grainedpolygonalmaps,and usingdatasetsobtainedin two
different university buildings. Obviously, the visual accuracy
of the texture projectedonto �at surfacesis higher than the
renderingsobtainedfrom the�ne-grainedpolygonalmap.This
illustratesonceagainthat the resultingmap is not only more
compactbut it also providesmore visual detail than the map
createdwithout our approach.

In an attemptto quantitatively evaluateour approach,we
mapped three different corridor environments in different
buildings.The complexity of thoseenvironmentswascompa-
rableto themapsshown here.The numberof initial polygons

(a) Map complexity (numberof surfaces � )
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Fig. 6. Of¯ine EM: (a) numberof surfaces � and (b) percentageof points
explainedby thosesurfacesasfunctionof theiterator. A goodmapis available
after 500 iterations.

wasbetween
 �

�

+

3"'

�

and �

�

�

+

3"'

�

. The�nal mapscontainedon
average'

�

�
'�� asmany polygons(0.69%,0.80%,and0.32%),
which correspondsto anaveragecompressionratio of 3

�

3��

�

.
Overall, we found that the online versiongeneratedan order
of magnitudemore �at surfaces � than the of�ine version.
This increasednumberwas partially due to a lower penalty
term ( . An additionalcauseof the increasein � wasthe fact
that theonlineversionconsiderssplitting andfusiondecisions
only for a brief time period.Overall, the increasednumberof
surfaces � led to a decreasein the overall complexity of the
map, thanksto the fact that signi�cantly more measurements
wereexplainedby surfaces

���

found by EM.
We �nally notethat all computationin our experimentwas

carriedout on a singlelaptopon boardtherobot.Theviews in
Figures7 through9 were renderedusinga standardsoftware
packagefor renderingVRML models.

VI I . RELATED WORK

As arguedin theintroductionto thisarticle,thevastmajority
of robot modelingresearchhasfocusedon building mapsin
2D. Our approachis reminiscentof an early paperby Chatila
andLaumond[15] anda relatedpaperby Crowley [25], who
proposedto reconstructlow-dimensionalline models in 2D
from sensormeasurements.Our work is also relatedto work
on line extractionfrom laserrangescans[26]. However, these
methodsaddressthetwo-dimensionalcase,wherelinescanbe
extractedfrom a singlescan.
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(a) Raw datamap(15 scans) (f) Map with online EM (15 scans)

(b) Raw datamap(43 scans) (g) Map with online EM (43 scans)

(c) Raw datamap62 scans) (h) Map with online EM (62 scans)

(d) Raw datamap(172 scans) (i) Map with online EM (172 scans)

(e) Raw datamap(274 scans)

(j) Map with online EM (274 scans)

Fig. 7. Raw data(left column)andmapsgeneratedusingonline EM (right
column). The red lines visualize the most recent rangescan.Someof the
intermediatemapsexhibit suboptimalstructures,which are resolved in later
iterations of EM. Despite this backwards-correctionof past estimates,the
algorithmpresentedin thispaperstill runsin real-time,dueto carefulselection
of measurementsthat areconsideredin the EM estimation.

Fig. 8. Views of a compact3D texture map built in real time with an
autonomouslyexploring robot.

In the area of computervision, object recognition under
geometricconstraints(suchas the planarsurfaceassumption)
is a well-researched�eld [27], [28], [29]. Multiple researchers
have studiedthe topic of 3D scenereconstructionfrom data.
Approachesfor 3D modelingcanroughlybe divided into two
categories:Methodsthatassumeknowledgeof theposeof the
sensors[4], [5], [6], [30], [31], andmethodsthat do not [32].
Of greatrelevanceis a paperby Roth andWibowo [33], who
have also proposedthe use of a mobile platform to acquire
textured3D modelsof theenvironment.Theirsystemsincludes
a 3D rangesensorand eight cameras.Just like our system,
theirsusessensorinformationto compensateodometricerrors.
Their approach,however, doesnot considerthe uncertaintyof
individual measurementswhengeneratingthe 3D model.

Our approachis somewhat related to [34], which recon-
structs planar models of indoor environmentsusing stereo
vision, using some manual guidancein the reconstruction
processto accountfor the lack of visible structurein typical
indoor environments.Like ours, the environment model is
composedof �at surfaces;however, due to the useof stereo
vision, the rangedata is too incompleteto allow for a fully
automatedmodelingprocessto take place.Consequently, the
techniquein [34] relieson manualguidancein the processof
identifying planar surfaces.Relatedwork on outdoor terrain
modelingcanbe found in [7], [35].
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(a) Raw datamap(usinga high-accuracy range®nder)

(b) Planes,extractedfrom the mapusingEM

(c) Planeboundaries

(d) Full texture map(planesonly)

Fig. 9. Maps generatedin real-time, of of®ce environmentsat Carnegie
Mellon University's WeanHall (left column)andStanfordUniversity's Gates
Hall (right column).

VII I . CONCLUSION

We havepresentedanonlinealgorithmfor building compact
mapsof building interiors.This approachutilizes theexpecta-
tion maximizationalgorithm for �nding rectangularsurface
patchesin 3D data, acquiredby a moving robot equipped
with laserrange�nders and a panoramiccamera.While EM
is traditionally an of�ine algorithm, a modi�ed version of
EM waspresented,which is capableof generatingsuchmaps
online, while the robot is in motion. This approachretains
the key advantageof EM—namely the ability to revise past
assignmentsand map componentsbasedon future data—
while simultaneouslyrestrictingthe computationin waysthat
make it possibleto run the algorithm in real-time,regardless
of the size of the map. Experimentalresults illustrate that
this approachenablesmobile robots to acquirecompactand
accuratemapsof corridor-style indoor environmentsin real-
time.

All resultsshown in this article were obtainedusingaccu-
rate 2D laser range�nders. The mathematicalapproachcan
accommodatea wider array of range�nders, suchas sonars
andrangecameras,assumingthatthesensormodelis adjusted
appropriately. However, we suspectthat the high spatialand
angularresolutionof our laserranges�nder playsanimportant
role in the successof our approach.

Although statedhere in the context of �nding rectangular
�at surfaces,the EM algorithm is more general in that it
can easily handlea richer variety of geometricshapes.The
extensionof our approachto richerclassesof objectsis subject
to future research.Another topic of future researchis to
augmentthe EM algorithm to estimatethe robot's location
during mapping,asdescribedin [36].

Finally, it would be worthwhile to includeboth laser's data
in the mapping process.Unfortunately, the upward-pointed
lasermay never observe the sameaspectof the environment
twice; hence,furtherassumptions(suchassmoothness)would
be necessaryto utilize its data.It would alsobe interestingto
addtherobotposevariablesaslatentvariablesin theEM algo-
rithm, so that localizationandmodelingcanbe interleaved,as
in see[36]. Unfortunately, theaddedcomputationalcomplexity
incurredby suchextensionswould make it dif�cult to execute
the resultingalgorithmonline and in real-time.
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