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Abstract

This paperdescribesanalgorithmfor generating
compact3D modelsof indoorenvironmentswith
mobile robots. Our algorithm employs the ex-
pectationmaximizationalgorithm to �t a low-
complexity planar model to 3D data collected
by range�nders anda panoramiccamera. The
complexity of the model is determinedduring
model �tting, by incrementallyaddingand re-
moving surfaces.In a �nal post-processingstep,
measurementsare convertedinto polygonsand
projectedontothesurfacemodelwherepossible.
Empirical resultsobtainedwith a mobile robot
illustratethat high-resolutionmodelscanbe ac-
quiredin reasonabletime.

1. Intr oduction

This paperaddressesthe problemof acquiringvolumet-
ric 3D modelsof indoorenvironmentswith mobilerobots.
A large numberof indoor mobile robotsrely on environ-
mentmapsfor navigation (Kortenkampet al., 1998). Al-
most all existing algorithmsfor acquiringsuchmapsop-
eratein 2D—despitethe fact that robot environmentsare
three-dimensional. Two dimensionsare commonly as-
sumedto besuf�cient, sincetherobotis con�ned to a two-
dimensionalplane.However, modelinganenvironmentin
3D hastwo importantadvantages:First,3D mapsfacilitate
thedisambiguationof differentplaces,since3D modelsare
muchricher than2D modelsandhencepossessfewer am-
biguities.Second,they areof particularinterestif thegoal

of mappinggoesbeyondrobotnavigation. 3D modelsare
muchbettersuitedfor remoteusersinterestedin theinterior
of a building, suchasarchitects,humanrescueworkers,or
�re �ghters thatwould like to familiarizethemselveswith
anenvironmentbeforeenteringit.

Moving from 2D to 3D is not just a trivial extension.The
most popularparadigmin 2D mappingto dateare occu-
pancy grid maps(Elfes,1989;Moravec,1988).Occupancy
gridsrepresentenvironmentsby �ne-grainedgrids. While
this is feasiblein 2D, in 3D thecomplexity of theserepre-
sentationsposeseriousscalinglimitations.

This paper proposesan algorithm for recovering low-
complexity 3D models from range and camera data,
collectedby amobilerobot. In particular, ourapproach�ts
a probabilisticmodel that consistsof �at surfacesto the
datacollectedby a robot. Sucha representationhasfour
advantagesoverpreviousnon-objectrepresentations:

� Theresultingmapsarelesscomplex, which removes
someof thescalinglimitationsof existing algorithms
thatareparticularlycumbersomein 3D.

� By moving to a low-complexity model, the noisein
theresultingmapsis reduced—whichis a side-effect
of the variancereductionby �tting low-complexity
models.

� Our approachcan utilize prior knowledgeaboutthe
itemsin theenvironment(e.g.,number, sizeandloca-
tion of walls)

� Finally, an object representationappearsto be nec-
essaryto track changesin the environment,suchas
open/closedoorsandchairsthatmove.

To identify low-complexity models,theapproachpresented
hereusesa variantof the expectationmaximization(EM)



algorithm(Dempsteret al., 1977). Our algorithmsimulta-
neouslyestimatesthenumberof surfacesandtheirlocation.
Measurementsnot explainedby any surfaceare retained,
enablingus to model non-planarartifactsin the environ-
mentaswell—but without thebene�tsof a low-complexity
model. The result of the modeling is a low-complexity
polygonalmodelof bothstructureandtexture. Themodel
is representedin VRML, a commonvirtual reality format.

Ourapproachrestsontwo key assumptions.Firstandfore-
most,weassumeagoodestimateof therobotposeis avail-
able. The issueof poseestimation(localization)in map-
ping hasbeenstudiedextensively in theroboticsliterature.
In all our experiments,we usea real-timealgorithm de-
scribedin (Thrun et al., 2000)to estimatepose;thus,our
assumptionis not unrealisticat all—but it letsus focuson
the3D modelingaspectsof our work. Second,we assume
that the environmentis largely composedof �at surfaces.
The �at surfaceassumptionleadsto a convenientclose-
form solutionof the essentialstepsof our EM algorithm.
Flat surfacesarecommonlyfoundin indoorenvironments,
speci�cally in corridors.We alsonoticethatour algorithm
retainsmeasurementsthatcannotbemappedontoany sur-
faceandmapstheminto �ner grainedpolygonalapproxi-
mations.Hence,the�nal modelmaycontainnon-�at areas.

Wepresentresultsof mappinganindoorenvironmentusing
the robot shown in Figure1. This robot is equippedwith
a forward-pointedlaserrange�nder for localizationdur-
ing mapping,andanupward-pointedlaserrange�nder and
panoramiccamerafor measuringthestructureandtexture
of theenvironmentin 3D.

2. Modelsof 3D Envir onments

2.1 Flat SurfaceModel

Our assumedmodel is a �nite collection of �at surfaces
(walls doors, ceilings). We denotethe model by

�

, the
numberof surfacesin the modelby � , andeachindivid-
ual surfaceby

���

. Hence,wehave:
� � �����	��
�
�
�����
��

(1)

Eachsurface
���

is atwo-dimensionallinearmanifoldin 3D.
Following textbookgeometry, wedescribe

�	�

by a tuple
����� ����������������� �"!#�

(2)

where
�$�

is the surfacenormal vectorand
�%�

is the dis-
tanceof the surfaceto the origin of the global coordinate
system.Thesurfacenormal

�&�

is avectorperpendicularto
thesurfacewith unit length,thatis,

�&�('��$�)�+*

.

The surfacenormal representationfacilitatesthe calcula-
tion of distances.Let , bea point in 3D. Thenthedistance
of this point to thesurface

�
�

is givenby
-

�$�('

,/.

���

-

(3)

Figure1. Mobile robot,equippedwith two 2D laserrange�nders
anda panoramiccamera. The camerausesa panoramicmirror
mountedonly a few centimetersaway from theopticalaxisof the
laserrange�nder.

where“
'

” denotesthescalar(dot,inner)productof thevec-
tors

�

and , . The points , on the surfaceare thosefor
which thefollowing equalityholds:

�
�

'

,

� �
�

(4)

Thereadershouldnoticethatour modelof surfacescorre-
spondsto planesin 3D, hencethey areunboundedin size.
In practice,however, all objectshave �nite sizes,andtheir
sizesandlocationsin 3D areessentialcomponentsof any
model. Theadvantageof not makingsizea componentof
the model is two-fold: First, it simpli�es the mathemati-
calderivationof EM, leadingto amoreef�cient algorithm.
Second,it enablesusto modelnon-contiguous�at surfaces
suchaswalls separatedby doors. It turnsout that thesize
of thesurfaceswill beobtainedalmosteffortlessly, by map-
ping sensormeasurementsontoplanes.Hence,we will be
contentwith a modelof environmentsbasedon 2D planes
in 3D.

2.2 Measurements

Our approachassumesthat measurementscorrespondto
pointobstaclesin 3D space.Thatis, eachmeasurement

,	0

� �
�

(5)

is a 3D coordinateof a point detectedby a rangemeasure-
ment.Suchpointobstaclesareeasilyrecoveredfrom range
measurements,suchasthe laserranger�nders usedin the
experimentsbelow, subjectto knowledgeof therobot's lo-
cation.We denotethesetof all measurementsby

1

� �

,
0

�

(6)

Themeasurementmodeltiestogethertheworld modeland
the measurements

1

. The measurementmodel is a prob-
abilistic generative modelof the measurementsgiven the
world:
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(7)



In our approach,we assumeGaussianmeasurementnoise.
In particular, let

�

betheindex of thesurfacenearestto the
measurement, 0 . Thentheerrordistribution is givenby the
following normaldistributionwith varianceparameter�

2 3

, 0

-
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*
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Noticethatthelog likelihoodof this normaldistribution is
proportionalto thesquareddistancebetweenthemeasure-
ment ,	0 andthesurface

� �

.

The normal distributed noiseis a good model if a range
�nder succeedsin detectinga �at surface. Sometimes,
however, range�nders fail to detectthe nearestobjectal-
together, or theobjectdetectedby a range�nder doesnot
correspondto a�at surface.In ourapproach,wewill model
such events using a uniform distribution over the entire
measurementrange:

2 3

,	0

-

�#"�5�� � $

*&%

,('*)�+ if ,.- ,�0/- ,('*) +

, otherwise
(9)

Here
�

"

denotesa `phantom'componentof the model
�

,
which accountsfor all measurementsnot causedby any of
the surfacesin

�

. The interval 0 ,21 ,&'*)�+43 denotesthe mea-
surementrangeof therange�nder.

For convenience,wewill usethefollowingnotationfor this
uniform distribution,which is reminiscentto a normaldis-
tribution (but notethe constantexponent!). This notation
assumes,

0

�

0 ,21 ,
'*)�+

3 , which is naturally the casefor
rangesensors:

243

,
0

-

�
"

5 �

*

� �5�

�	�


���


��6 7

�

�

8:9<;

�>=

!

�

(10)

The reader should quickly verify that for values in
0 ,?1 ,

'*) +
3 , (9) and(10)areindeedidentical.

3. ExpectationMaximization

Our derivation of the model estimationalgorithm begins
with thede�nition of the likelihoodfunction that is being
optimized.What follows is thedescriptionof EM for this
likelihoodfunction, which is tailoredtowardsthe percep-
tual modelthat combinesa Gaussiananda uniform com-
ponent.

3.1 Log-Lik elihoodFunction

To de�ne the likelihoodfunction, we have to introducea
new setof randomvariables.Theserandomvariablesare
thecorrespondence, denoted@

0

�

and @
0

"

. Eachcorrespon-
dencevariableis a binary randomvariable. The variable

@
0

�

is 1 if andonly if the A -th measurement,
0 corresponds

to the
�

-th surfacein the model,
���

. Likewise, the corre-
spondence@

0

"

is 1 if andonly if the A -th measurementwas

not causedby any of thesurfacesin themodel.Thecorre-
spondencevectorof the A -th measurementis givenby

B

0

� �

@ 0

" �

@ 0

� �

@ 0

�

��
�
�
��

@ 0


 �

(11)

By de�nition, thecorrespondencesin
B

0 sumto 1 for all A ,
sinceeachmeasurementis causedby exactly onecompo-
nentof themodel

�

.

If we know the correspondences
B

0 , we can expressthe
measurementmodel2 3

,	0

-

��5

asfollows
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This obviously generalizesour de�nition in the previous
section,sincefor every measurement, 0 only a singlecor-
respondencewill be1; all other @ -variableswill bezero.

Making the correspondenceexplicit in the measurement
modelenablesusto computethejoint probabilityof amea-
surement, 0 alongwith its correspondencevariables

B

0 :

Q�RTS�U>V�W/U X Y(Z\[ ]

R�^`_

]

Zba c�d2e�f�g5h




�
DIi

�jHlk m

�

�

829�;

�>=

!

�?n`L

�

i

�N�

�N���O� �����������

�

!

� P

(13)

This formulaassumesthatall �po

*

correspondencesare
equally likely in the absenceof measurements;hencethe
term �qo

*

in thedenominator.

Assumingindependencein measurementnoise, the like-
lihood of all measurements

1

and their correspondences
Br� �+�5B

0

�

is givenby
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This equationis simply the productof (13) over all mea-
surements, 0 .

It is commonpracticeto maximizethe log-likelihoodin-
steadof thelikelihood(14),which is givenby

uIv
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The log-likelihood is more convenient for optimization,
since it containsa sum where the likelihood containsa
product. Maximizing the log-likelihood is equivalent to
maximizing the likelihood,sincethe logarithm is strictly
monotonic.

Finally, while theformulasabove all computea joint over
modelparametersandcorrespondence,all we areactually



interestedin are the model parameters. The correspon-
dencesareonly interestingto theextentthatthey determine
themostlikely model

�

. Therefore,thegoalof estimation
is to maximizethe expectationof the log likelihood(15),
wheretheexpectationis takenoverall correspondences

B

.
This value,denoted

���

0

uIv

2 3

1

�wB

-

�65

3 , is the expectedlog
likelihoodof thedatagiventhemodel(with thecorrespon-
dencesintegratedout!). It is obtaineddirectly from Equa-
tion (15):
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Exploiting the linearity of theexpectation,we canrewrite
(16)asfollows:
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Notice that this equationfactorsin the expectationof the
individual correspondences

�

0 @�0

�

3 and
�

0 @�0

"

3 , to calculate
the expectedlog likelihood of the measurements.This
equationis thebasisfor theEM algorithmfor maximizing
thelog-likelihooddescribedin turn.

4. ExpectationMaximization

Theproblemaddressedin this sectionis themaximization
of the expecteddata log-likelihood, as speci�ed in (17).
The EM algorithm is a popularmethodfor hill climbing
in likelihoodspace(Dempsteret al., 1977)that is directly
applicableto this problem.

In essence, EM generates a sequence of models,
��� �
	 �����

�

	 � ���

�

	 ��
�
�


. Eachmodelimprovesthelog-likelihood
of thedataoverthepreviousmodel,until convergence.EM
startswith a randommodel

��� �
	

. Eachnew model is ob-
tainedby executingtwo steps:anE-step,wheretheexpec-
tationsof theunknown correspondences

�

0 @
0

�

3 and
�

0 @
0

"

3

arecalculatedfor the � -thmodel
�
� ��	

, andanM-step,where
a new maximumlikelihoodmodel

�
� �

J

�

	

is computedun-
der theseexpectations.An importantresultis that for our
planarmodelwith uniform noise,both of thesestepscan
besolvedin closedform.

4.1 The E-Step

In theE-step,we aregivena model
�
� ��	

for whichwe seek
to determinetheexpectations

�

0 @
0

�

3 and
�

0 @
0

"

3 for all A

�

�

.

Bayesrule, appliedto the sensormodel, gives us a way
to calculatethe desiredexpectations(assuminga uniform
prior overcorrespondences):
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Similarly, we obtain
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Thus,to summarize,in theE-steptheexpectationthat the
A -th measurementcorrespondsto the

�

-th surfaceis propor-
tional to theMahalanobisdistancebetweenthesurfaceand
the point, with an additionalvariablein the denominator
thataccountsfor unexplainablephantommeasurements.

4.2 The M-Step

In the M-step, we are given the expectations
�

0 @
0

�

3 and
seekto calculatea model

��� �
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that maximizesthe ex-
pectedlog-likelihood of the measurements,as given by
Equation(17). In other words, we seeksurfaceparame-
ters

������� �����

thatmaximizetheexpectedlog likelihoodof
themodel.

Obviously, many of thetermsin (17) do notdependon the
modelparameters

�

. Thisallowsusto simplify thisexpres-
sionandinsteadminimize
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The readershouldquickly verify that minimizing (20) is
indeedequivalentto maximizing(17). Theminimizationof
(20) is subjectto thenormalityconstraint

�&��' ��� � *

; since
otherwise

�$�

would not be a surfacenormal. Hence,the
M-stepis a quadraticoptimizationproblemunderequality
constraintsfor someof thevariables.

To solve thisproblem,let usintroducetheLagrangemulti-
pliers �

�

for
�
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Obviously, for eachminimumof
�

, it mustbethecasethat
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, and
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���

�

�

, . This leadsto the linearsystemof
equalities(�rst derivativesof
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Thevaluesof
� �

canbecalculatedfrom Equations(22)and
(23):
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which,substitutedbackinto (22)givesus
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This is a setof linear equationsof thetype

� �('��$���

�

�	���

(27)

whereeach
�
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is a 3
!

3 matrix whoseelementsareasfol-
lows:
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for �

�
	 � ��*��

�

��� �

.

Thesolutionto ourproblemof calculatingthevaluesof
�

�

is now theeigenvectorof (27)with thesmallesteigenvalue.
Why the smallest?It is easyto seethat eachsolutionof
(27) mustbe an eigenvectorof

�

�

. The two eigenvectors
with the largesteigenvaluesdescribethe desiredsurface.
The third eigenvector, which is a normal and orthogonal
to the �rst two eigenvectors,is thereforethe desiredsur-
facenormal.Thus,we now have a solutionto theproblem
of calculatingthemaximumlikelihoodmodel

�
� �

J

�

	

under
the expectations

�

0 @
0

�

3 . This completesthe derivation of
theEM algorithm.

4.3 Starting and Terminating Model Components

The EM algorithmassumesknowledgeof the numberof
surfaces� . In practice,however, � is unknown andhasto
beestimatedaswell. Thenumberof surfaces� dependson
theenvironmentandvary drasticallyfrom environmentto
environment.

Our approachusesan incrementalstrategy for introduc-
ing new surfaces(increasing� ) andterminatingother, un-
neededsurfaces(decreasing� ). This stepis anouter loop
to EM: Everytimethemodelcomplexity � is changed,EM
is run for a certainnumberof time steps(e.g.,20) to �nd
themostlikely modelgiven � . As usualin EM, theresults
of likelihoodmaximizationis sensitive to theinitialization
of a new modelcomponent,which determinesthequality
of thelocalmaximumfoundby EM.

Figure2. Polygonalmodel generatedfrom raw data, not using
EM. The display without texture shows the level of noise in-
volved, which makes it dif�cult to separatethe door from the
nearbywall.

Intr oducing New Surfaces: New surfacesareintroduced
as follows: Selecta randommeasurement,�0 . Selectthe
two nearestmeasurementsto , 0 , wherenearnessis mea-
suredby Euclideandistancein 3D. Thesethreemeasure-
ments togetherde�ne a surface, which is addedto the
model. Notice that our approachof generatingnew sur-
facesdoesnot considerhow well a measurement,

0 is al-
ready`explained'by theexistingmodel—analternativefor
startingnew model componentsmight be to give prefer-
enceto measurements, 0 distantto all of thesurface

���

in
themodel. We foundour approachto besuperiorin envi-
ronmentswith severalnearbysurfaces,suchasthecorridor
environmentdescribedbelow, wherethe wall surfaceand
thedoorsurfaceareonly 7 centimetersapart.

Terminating UnsupportedSurfaces:A surfaceis consid-
ered“unsupported”if after convergenceof EM, it fails to
meetany of thefollowing criteria:

� Insuf�cient numberof measurements:The total ex-
pectationfor surface
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is smaller than a threshold
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� Insuf�cient density:Let usde�ne as
1
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thesetof
measurementswho selectthesurface
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astheir most
probablesurface:

1

� � � �

�

�������������

���

�

0 @
0

���

3

�

(30)

Then our approachrejectseachsurface
�

for which
theaveragedistancebetweenmeasurementsin

1

�

and
their nearestneighborin
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is larger thana threshold
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(a)Polygonalmodelsgeneratedfrom raw data

(b) Low-complexity multi-surfacemodel

Figure3. 3D Model generated(a) from raw sensordata,and(b) usingouralgorithm,in which94.6%of all measurementsareexplained
by 7 surfaces.Noticethatthemodelin (b) is muchsmootherandappearsmoreaccurate.

Thiscriterioncanbeinterpretedasaminimumdensity
criterion. It leadsto theeliminationof surfaceswhose
supportingpointsarespreadout too far.

Fusing Surfaces: Finally, pairs of nearbysurfacesare
fusedinto onenew surfaceif they are too closetogether.
This is necessaryto eliminatesurfacesthatcompetefor the
sameset of measurements.Our approachfusessurfaces
whoseangle is smallerthan a threshold,and whosedis-
tanceis smallerthana thresholdat eachof thesupporting
points.

5. Post-Processing

5.1 Smoothing

In a �nal step,theresultis post-processedby a smoothing
step.This stepbringsto bearknowledgethatnearbymea-
surementsare likely to belongto the samesurface. The
�nal assignmentof pointsto surfacesis basedonamixture
of theassignmentsof theneighbors.In particular, if three
or moreof the nearestneighborsof a measurement,�0 are
matchedto surface

�

(asmostlikely assignment),,�0 is also
assignedto surface

�

.

The �nal smoothingimprovesthequality of thematching
in thepresenceof nearbysurfaces.In the testingexample
describedbelow, the wall andthe door surfaceareonly 7
cm apart,whereasthe (cumulative) measurementerror of
thelaserrange�nder is 10cm. Without the�nal smoothing
step,anumberof pointsonthedoorwouldbeassociatedto

thewall surface,andviceversa.

We note that thereare two possibleways to smooththe
assignments:As a prior for the model likelihood,or asa
post-smoothingstep.In theformercase,onewouldhaveto
augmentthelog-likelihoodfunction,which,unfortunately,
implies that the E-stepcannotbe solved in closedform.
This motivatesour choice of making smoothinga post-
processingstep.

5.2 3D Reconstruction

In a �nal, mechanicalreconstructionprocess,the mea-
surements,

0 aremappedinto polygonsandtheexactsize
of the surfacesis determined.Our approachexploits the
fact thatmeasurementsaretaken in a sequence.If in two
time-adjacentrangescans,four measurementsare`nearby'
(within 50 cm range)they aremappedinto a polygon,and
the texture datarecordedalong the way is superimposed
to this polygon. The exact sizeandshapeof a surfaceis
thenobtainedby projectingthemeasurements(andhence
thepolygons)ontothesurfacemodel

�

. See(Thrunet al.,
2000)for moredetail.

6. Results

Our approachhas beenevaluatedin the context of the
DARPA TacticalMobile RoboticsProject(TMR). Thespe-
ci�c datasethasbeenacquiredinsideauniversitybuilding,
usingthe robot shown in Figure1. It consistsof 168,120
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Figure4. (a)numberof surfaces^ and(b) percentageof pointsexplainedby thesesurfacesasfunctionof theiterator. A usablemodelis
availableafter500iterations.

individual rangemeasurementsand3,270cameraimages,
of which our software in a pre-alignmentphaseextracts
3,220,950pixels that correspondto rangemeasurements.
Thedatawascollectedin lessthantwo minutes.Figure2
shows a detail of this scenewithout the texture superim-
posed,to illustratethelevel of noisein theraw model.Fig-
ure 3a shows threerenderedviews of a 3D modelgener-
atedwithoutEM. Herethe3D reconstructionstephasbeen
appliedto the raw data,asdescribedin Section5.2. The
resultingmodelis extremelyruggeddueto thenoisein the
sensormeasurements.

Figure3b depictsviews renderedfrom the resultinglow-
complexity model. This modelconsistsof �

�

�

surfaces
that accountfor an 94.6%of all measurements.Clearly,
the new model is smoother, which makesvariousdetails
visible. Noticethat the left view shows a trash-bin,which
is not capturedby the surfacemodel. The corresponding
measurementsarenotmappedto any of thesurfacesbut in-
steadcorrespondto thephantomcomponentin thesensor
model. Notice alsothat the wall surfaceis differentfrom
thedoorsurface.A smallnumberof measurementsin the
door surfaceareerroneouslyassignedto the wall surface.
The poster-boardshown in the othercolumnsof Figure3
highlightsthebene�ts of the EM approachover theun�l-
tereddata.

Figure4 shows the numberof surfaces� andthenumber
of measurementsexplainedby thesesurfaces,asafunction
of the iteration. Every 20 steps(in expectation),surfaces
areterminatedandrestarted.After only 500iterations,the
numberof surfacessettlesarounda mean(and variance)
of 8.76� 1.46,whichexplainsasteady95.5� 0.006%of all
measurements.2,000iterationsrequireapproximately20
minutescomputationona low-endPC.

7. RelatedWork

Building 3D modelsfrom robot datahaspreviously been
proposedin (Thrun et al., 2000), who describesan on-
line algorithm for poseestimationduring mappingusing

a forward-pointedlaserrange�nder. The 3D mapsgiven
thereare(vast)collectionsof local polygonsobtaineddi-
rectly from the raw data,without any additionalprocess-
ing or modeling. In our implementation,thesealgorithms
areusedfor obtaininginitial measurementestimatesfor the
approachproposedhere.Thepresentwork, thus,continues
this line of investigationand yields a practicalalgorithm
for �nding low-complexity surfacemodelsfrom thoseraw
measurements.

The vastmajority of robot modelingresearchhasfocused
onbuilding mapsin 2D. Ourapproachis reminiscentof an
earlypaperby ChatilaandLaumond(Chatila& Laumond,
1985),who proposedto reconstructlow-dimensionalline
modelsin 2D from sensormeasurementsbut providedno
practicalalgorithm. Our work is also relatedto work on
line extractionfrom laserrangescans(Lu & Milios, 1998).
However, thesemethodsaddressthetwo-dimensionalcase,
wherelines canbe extractedfrom a singlescan. Another
commonapproachto 2D mappingare occupancy grids,
which decomposethe environment using a �ne-grained
grid. Theresultingmodelsaremorecomplex thanthesur-
facemodelsgeneratedhere,for which reasonoccupancy
grid mapsare commonly only applied in 2D. Recently,
Moravec successfullyextendedhis approachto the full
three-dimensionalcase(Moravec& Martin, 1994). How-
ever, this approachrequiresexcessive memoryandis un-
ableto exploit prior knowledgeaboutthe typical shapeof
indoorfeatures(e.g.,our �at surfaceassumption).Our ap-
proachis alsorelatedto (Iocchiet al., 2000),which recon-
structsplanarmodelsof indoorenvironmentsusingstereo
vision, usingsomemanualguidancein the reconstruction
processto accountfor thelackof visiblestructurein typical
indoorenvironments.

EM has been applied in the context of robot map-
ping (Shatkay& Kaelbling, 1997; Thrun et al., 1998).
Theseapproaches,however, addressa differentproblem:
The localizationproblemin mapping. In their work, the
hiddenvariablescorrespondto robot locationsrelative to
sensormeasurements,and the resultingmodelsare com-



plex. In contrast,the presentapproachusesEM to re-
cover low-complexity models,wherethe hiddenparame-
ters are correspondenceparametersbetweenmodel com-
ponentsandmeasurements.

In theareaof computervision,3D scenereconstructionhas
beenstudiedby several researchers.Approachesfor 3D
modelingcanbe divided into two categories:Approaches
thatassumeknowledgeof theposeof thesensors(Allen &
Stamos,2000;Bajcsyet al., 2000;Becker & Bove, 1995;
Debevecet al., 1996;Shumet al., 1998),andapproaches
thatdonot(Hakim& Boulanger, 1997).Ourapproachuses
mobilerobotsfor dataacquisition;henceourapproachfalls
into thesecondcategory dueto theinherentnoisein robot
odometry(even after poseestimation). However, unlike
theapproachesin (Hakim& Boulanger, 1997;Thrunetal.,
2000)whichgeneratehighly complex models,our focusis
ongeneratinglow-complexity modelsthatcanberendered
in real-time.

The majority of existing systemsalsorequireshumanin-
put in the3D modelingprocess.Herewe areinterestedin
fully automatedmodelingwithout any humaninteraction.
Our approachis somewhat relatedto (Iocchi et al., 2000),
which reconstructsplanarmodelsof indoor environments
usingstereovision,usingsomemanualguidancein there-
constructionprocessto accountfor thelackof visiblestruc-
ture in typical indoor environments. EM was previously
proposedfor scenereconstructionin computervision(Ayer
& Sawhney, 1995),but not usingrobots. The ideaof pla-
nar layersin the scene,reminiscentof our planarsurface
model,canalsobefoundin (Bakeretal.,1998)—thelatter
two approachesrequireexactknowledgeof a robot's pose
and do not userangesensing. Relatedwork on outdoor
terrainmodelingcanbefoundin (Chenget al., 2000).

8. Conclusion

We have presentedan algorithm for recovering 3D low-
complexity objectmodelsfrom rangeandcameradatacol-
lectedby mobile robots. The approachcombinesan al-
gorithmfor �tting mixturesof planarsurfacesto 3D data,
with analgorithmfor modifyingthecomplexity themodel.
In a post-processingstep,measurementsare transformed
into polygonsandprojectedontothelow-dimensionmodel
wherepossible.

Our approachhasbeensuccessfullyappliedto generating
a low-complexity 3D structuraland texture model from
robot data in an indoor corridor environment. Future
work includesbroadeningourmodelto includenon-planar
objects—whichappearsto bepossiblewithin thestatistical
framework put forwardin this paper.
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