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Abstract

Building models,or maps,of robot environments is
a highly active researcharea;however, mostexisting
techniques constructunstructuredmapsand assume
staticenvironments. In this paper, we presentan al-
gorithm for learningobjectmodelsof non-stationary
objectsfound in of�ce-type environments. Our algo-
rithm exploits the fact that many objectsfound in of-
�ce environmentslook alike (e.g.,chairs,trashbins).
It doessothrougha two-level hierarchicalrepresenta-
tion, which links individual objectswith genericshape
templatesof object classes. We derive an approxi-
mateEM algorithm for learningshapeparametersat
bothlevelsof thehierarchy, usinglocaloccupancy grid
mapsfor representingshape.Additionally, wedevelop
a Bayesianmodelselectionalgorithmthatenablesthe
robotto estimatethetotalnumberof objectsandobject
templatesin theenvironment.Experimentalresultsus-
ing a real robot indicatethat our approachperforms
well at learningobject-basedmapsof simpleof�ce en-
vironments. The approach outperformsa previously
developednon-hierarchicalalgorithmthatmodelsob-
jectsbut lacksclasstemplates.

1 Intr oduction

Building environmental mapswith mobile robots is a key
prerequisiteof truly autonomousrobots [16]. State-of-the-
art algorithms focus predominantly on building mapsin
static environments [17]. Common map representations
rangefrom lists of landmarks [3, 7, 18], �ne-grainedgrids
of numericaloccupancy values[5, 12], collectionsof point
obstacles[8], or setsof polygons[9]. Decadesof research
haveproducedampleexperimentalevidencethattheserep-
resentations areappropriatefor mobilerobot navigation in
staticenvironments.

Realenvironments, however, consistof objects.For ex-
ample,of�ce environmentspossesschairs,doors, garbage
cans,etc. Many of theseobjectsarenon-stationary, that
is, their locations maychange over time. This observation
motivatesresearchon a new generationof mapping algo-
rithms,which representenvironmentsascollections of ob-
jects. At a minimum, suchobjectmodels would enablea
robot to track changesin the environment. For example,
a cleaningrobot entering an of�ce at night might realize

thatagarbagecanhasmovedfrom onelocationto another.
It might do so without the needto learna modelof this
garbagecanfromscratch, aswould benecessarywith ex-
isting robot mapping techniques[17].

Objectrepresentations offer a second, important advan-
tage,which is due to the fact that many of�ce environ-
mentspossesslargecollectionsof objectsof thesametype.
For example, mostof�ce chairsareinstancesof the same
generic chair and therefore look alike, asdo most doors,
garbagecans,andso on. As theseexamplessuggest,at-
tributesof objects aresharedby entireclassesof objects,
andunderstandingthenature of objectclassesis of signi�-
cant interestto mobile robotics. In particular, algorithms
that learn properties of object classeswould be able to
transferlearnedparameters(e.g., appearance, motion pa-
rameters)from one object to another in the sameclass.
This would havea profoundimpacton theaccuracy of ob-
ject models, and the speedat which suchmodels canbe
acquired. If, for example, a cleaningrobot entersa room
it never visited before, it might realizethat a speci�c ob-
ject in the room possessesthe samevisual appearanceof
otherobjectsseenin otherrooms(e.g.,chairs).Therobot
would thenbe able to acquire a mapof this objectmuch
faster. It would also enablethe robot to predict proper-
tiesof this newly seenobject,suchasthe fact thata chair
is non-stationary—without ever seeingthis speci�c object
move.

In previous work, we developed an algorithm that has
successfullybeendemonstratedto learnshapemodels of
non-stationaryobjects[2]. This approachworks by com-
paringoccupancy grid mapsacquiredat differentpointsin
time. A straightforward segmentation algorithm was de-
velopedthatextractsobjectfootprintsfrom occupancy grid
maps. It usesthesefootprints to learn shapemodels of
objectsin theenvironment, representedby occupancy grid
maps.

This papergoesonestepfurther. It proposesan algo-
rithm thatidenti�es classesof objects,in additionto learn-
ing plain object models. In particular, our approachlearns
shapemodels of individual object classes,from multiple
occurrencesof the sametype objects. By learning shape
models of objecttypes—inadditionto shapemodels of in-
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Figure 1: (a) Generative hierarchical model of environ-
mentswith non-stationaryobjects. (b) Representation as
a graphicalmodel.

dividual objects—our approachis ableto generalizeacross
differentobjectmodels,aslongasthey modelobjectsof the
sametype.ThisapproachfollowsthehierarchicalBayesian
framework (see[1, 6, 10]). As our experimental results
demonstrate,this approachleadsto signi�cantly moreac-
curatemodelsin environmentswith multipleobjectsof the
sametype.

The speci�c learningalgorithm proposedhereis an in-
stanceof the popular EM algorithm[11]. We develop a
closed-form solutionfor learningat both levels of the hi-
erarchy, whichsimultaneously identi�es objectmodelsand
shapetemplatesfor entireobject classes.Ontopof this,we
proposea Bayesianprocedurefor determining the appro-
priatenumberof objectmodels,andobjectclassmodels.

Experimentalresults,carriedout usinga physical robot,
suggeststhat our approach succeedsin learning accurate
shapeand classmodels. A systematiccomparisonwith
our previous,non-hierarchical approach[2] illustratesthat
the useof classmodels yields signi�cantly betterresults,
bothin termsof predictive power (asmeasuredby thelog-
likelihood over testingdata)andin termsof convergence
properties(measured by the number of times eachalgo-
rithm is trappedin a local maximumof poorquality).

2 The Generative Hierar chical Model

We begin with adescription of thehierarchical model.The
object level generalizesthe approachof [2] to mapswith
continuousoccupancy ratherthanbinaryvalues.Thecen-
tral innovationis theintroductionof a templatelevel.

2.1 The Object Hierar chy

Ourobjecthierarchy (Figure1a)is composedof two levels,
theobjecttemplatelevel at thetop,andthephysicalobject
level at thebottom. Theobjecttemplate level consistsof a
setof

�

shapetemplates,denoted ���������
	
	�	
����
 .
In our estimationprocedure, eachtemplate��� will be

representedby anoccupancy grid map[5, 12, 17], that is,
anarrayof valuesin � ������� that representtheoccupancy of
a grid cell.

The object level contains shapemodels of concreteob-
jectsin theworld, denoted: ���������
	�	
	������ .

Here � is the total number of objects(with ���

�

).
Eachobjectmodel �! is representedby anoccupancy grid
map,just like at thetemplatelevel. Thekey differencebe-
tweenobject models �" andtemplates�#� is thateach�� 

correspondsto exactly oneobjectin theworld, whereasa
template� � maycorrespondto morethanoneobject. If,
for example, all non-stationaryobjects wereto look alike,

� would contain multiple models (one for eachobject),
whereas� wouldcontainonly asingleshapetemplate.

To learna hierarchy, we assumethat the robot mapsit
environments at $ differentpointsin time,betweenwhich
the con�guration of the environment may have changed.
Eachmapis representedasa (static)occupancy grid map,
andwill bedenoted %&�'%(�)��	
	
	��*%,+ .

Objectsmayor maynotbepresentatany time - , andthey
maybelocatedanywherein thefreespaceof theenviron-
ment. Thenumberof objectsnapshots present in themap

%/. is denoted 01. . The set of object snapshotsextracted
from themap %

. aredenoted%
.

��%2�43
.

��	
	
	
�*%,5#6*3
. .

Eachobjectsnapshot %87)3
. is—onceagain—represented

by anoccupancy grid map,constructedfrom robot sensor
measurements[5, 12, 17]. Theexact routinesfor extraction
of objectsnapshots from mapsaredescribedin [2] andwill
bereviewedbrie�y below.

Finally, we noticethat objects may be observed in any
orientation. Sincealigningobjectsnapshotswith objectsin
themodel is animportantstepin thelearningprocedure,we
will make thealignmentparametersexplicit. In particular,
we will use 9

7:3
. to denote the alignment of snapshot% 7:3

.

relative to the generative model. In our implementation,
each 9:7:3

. consistsof two translationaland one rotational
parameters.

2.2 Probabilistic Model

To devisea soundalgorithmfor inferring anobjecthierar-
chy from data,we have to specifyprobabilistic modelsof
how snapshotsaregeneratedfrom objectsandhow objects
aregeneratedfrom object templates.An overview graphi-
calmodelfor ourprobabilisticmodel is shown in Figure1b.

Let �� beaconcreteobject,and%(7:3
. beasinglesnapshot

of thisobject.Recallthateachgrid cell �
 

� ;<� in �
 is a real

number in theinterval � ������� . We interpreteachoccupancy
valueasa probability that a robot sensorwould detectan
occupied grid cell. However, whenmapping an environ-
ment,the robot typically takesmultiple scansof thesame
object, eachresultingin a binomial outcome. By aggre-
gatingthe individual binary variables into a singleaggre-
gaterealvalue,wecanapproximatethisfairly cumbersome
model into amuchcleanerGaussiandistributionof asingle
real-valuedobservation.Thus,theprobability of observing
a concretesnapshot %

7:3
. of object �

 is givenby

=?>

%@7:3
.BA

�� /��9:7:3
.DCFEHG<IKJ

LNM

L#O'PRQTS<QVU�W4X
6

3 Y

W4X
6[Z]\ ^D_

I/`Da

\ ^D_bZ

L

(1)

The function c

>

%
7:3

.R��9
7:3

.
C denotes the aligned snapshot

%@7:3
. , and c

>

%?7:3
.

��9�7)3
.*C

� ;�� denotesits ; -th grid cell. Thepa-
rameterdfe is thevarianceof thenoise.



It will prove usefulto make explicit thecorrespondence
betweenobjects�" andobjectsnapshots %87:3 . . This will be
establishedby thefollowing correspondencevariables
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Sinceeach% . is anentiresetof snapshots,each�

. is in fact
a function:
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A similar model governs the relationship betweentem-
platesandindividual objects.Let �  be a concreteobject
generatedaccording to objecttemplate� � , for some� and

� . The probability that a grid cell �� ,� ;<� takeson a value

��

� ������� is afunction of thecorresponding gridcell � � � ;<� .
We assumethattheprobability of a grid cell value �  /� ;<� is
normally distributedwith variance �(e :
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Equation(4) de�nes a probabilistic modelfor individual
grid cells,which is easilyextended to entiremaps:
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Again, we introduceexplicit variables for the correspon-
dencebetweenobjects�! andtemplates�#� :
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with
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� . The statement
�
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� means
thatobject �

 is an instantiationof the template�
� . The

correspondences
�

areunknownin thehierarchicallearning
problem,which is a key complicating factorin ourattempt
to learnhierarchical object models.

Thereis animportantdistinctionbetweenthecorrespon-
dencevariables � 's and

�

's,arisingfrom thefactthateach
object�� canonlybeobservedoncewhenacquiring alocal
map%,. . This inducesamutualexclusivityconstraint onthe
setof valid correspondencesat theobject level:
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Thus,we seethat objectsin the object level arephysical
objectsthat canonly be observed at most once,whereas
objectsat the classlevel aretemplatesof objects—which
mightbeinstantiatedmorethanonce.For example, anob-
ject at theclasslevel might bea prototypical chair, which
might bemappedto multiple concretechairsat theobject
level—and usuallymultiple observationsover time of any
of thoseconcretechairsat thesnapshot level.

3 Hierar chical EM

Our goal in this paperis to learnthemodel $ �&% ����� ��9('

giventhedata % . Unlike many EM implementations,how-
ever, wedonotsimplywantto maximizetheprobability of

the datagiven the model: We alsowant to take into con-
siderationthe probabilistic relationships betweenthe two
levels of the hierarchy. Thus, we want to maximize the
joint probability over thedata% andthemodel $ :
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Note that we treat the latent alignment parameters 9 as
model parameters,whichwemaximizeduringlearning.

EM is an iterative procedure that can be usedto max-
imize a likelihood function. Starting with some ini-
tial model, EM generates a sequence of models of non-
decreasing likelihood:
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As is common in the EM literature [11], this goal is
achieved by maximizing anexpectedlog likelihood of the
form
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As our framework is not the fully standardvariant of
EM, we derive thecorrectnessof (11). As in thestandard
derivation, we lowerbound thedifferencebetweenthelog-
likelihood of thenew andtheold model:
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This is boundedfrom below usingJensen's inequality:
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Thus,by optimizing(11) wealsomaximizethedesiredlog
likelihood,
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Returningto theproblemof calculating (11), wenotethat
theprobability insidethelogarithm factorsinto two terms,
one for eachlevel of the hierarchy (multiplied by a con-
stant):
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Exploiting theindependencesshown in Figure1b,andthe
uniform priorsover
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thatmakestheconditioningon
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ment is true, and 0 otherwise. Similarly, the probability
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Substitutingthe product (15) with (16) and (17) into the
expectedlog likelihood(11)givesus:
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In deriving this expression, we exploit the linearity of
the expectation, which allows us to replacethe indicator
variables through probabilities (expectations). It is easy
to seethat the expected log-likelihoodin (18) consistsof
two main terms. The �rst enforcesconsistency between
the templateandtheobjectlevel, andthesecondbetween
theobjectandthedatalevel.

4 The Implementation of the EM Algorithm

Maximizing (18) is achieved in a straightforward man-
ner via the EM algorithm, which generatesa sequence
of hierarchical models % �
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E-step,in which the expectationsof the correspondences
are calculatedgiven the 5 -th model and alignment, and
two M-steps,onethat generatesa new hierarchicalmodel
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4.1 E-Step

In ourcase,theE-stepcaneasilybeimplementedexactly:
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and,similarly,
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The summationover �

7 in calculatingthe expectations
s

\ 3b_

7:3
.

3  

is necessarybecauseof the mutual exclusion con-
straintdescribedabove,namelythatno object canbeseen
twice in the samemap. The summationis exponentialin
thenumberof observed objects0

. —however, 0
. is rarely

larger than10. If summingover �

. becomestoocostly, ef-
�cient (andprovablypolynomial) samplingschemescanbe
appliedfor approximating thedesiredexpectations[4, 13].

4.2 Model M-Step

OurM-step�rst generatesanew hierarchical model� ��� by
maximizing (18) under �x edexpectations
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and�x edalignmentparameters 9 . It is anappealing prop-
erty of our model that this part of the M-stepcanbe exe-
cutedef�ciently in closedform.

Our �rst observation is that the expressionin (18) de-
composesinto a set of decoupled optimization problems
over individual pixels, thatcanbeoptimizedfor eachpixel

; individually:
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Wethenobserve that(21) is aquadraticoptimizationprob-
lem, which therefore possessesa convenient closed-form



solution[15]. In particular, we canreformulate(21) asa
standardleast-squaresoptimizationproblem:
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where �

� ;<� �

>

� � ;<�[��� � ;<� C is a vectorcomprising the ; -th
cell valueof all models atbothlevels.Theconstraint matrix

� hastheform
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where 


 3 � � � , 


 3 � � � and �

7:3 . 3  aresubmatricesgener-
atedfrom theexpectationscalculatedin theE-step.Gener-
atingsuchmatricesfrom a quadratic optimizationproblem
suchas(21) is straightforward,andthedetailsareomitted
heredueto spacelimitations.Thevector��� ;�� is of theform
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where %

 

� ;<� is a vectorconstructed from the aligned ; -th
mapcell valuesof thesnapshots% . Thesolutionto (21) is
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Thus, the new model �
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� is the result of a se-
quenceof simplematrixoperations,onefor eachpixel ; .

4.3 Alignment M-Step

A �nal stepof our M-stepinvolves theoptimizationof the
alignment parameters9 . Thoseareobtainedbymaximizing
the relevant partsof the expectedlog likelihood(18). Of
signi�canceis thefactthatthealignment variablesdepend
only on theobjectlevel � , andnot on thetemplatelevel � .
This leadsto apowerful decompositionby whicheach9 7:3

.

canbecalculatedseparately, by minimizing:
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Sincethe projection c is a non-linear, theseoptimization
problems aresolved usinghill climbing. In practice,we
�nd that after lessthan5 iterations of EM, the alignment
values9:7:3

. havepracticallyconvergedto their �nal value—
which experimentallycon�rms that their optimizationcan
beperformedin a separateM-step.

4.4 Impr oving Global Convergence

Ourapproachinheritsfrom EM thepropertythatit is ahill
climbing algorithm, subjectto local maxima. In our ex-
periments,wefoundthatastraightforwardimplementation
of EM frequently led to suboptimal maps. Our algorithm
therefore employs deterministicannealing [14] to smooth
the likelihood function andimprove convergence. In our
case,weannealbyvarying thenoisevariance� andd in the

sensornoisemodel. Larger variancesinducea smoother
likelihood function, but ultimately result in fuzzier shape
models. Smallervariancesleadto crispermaps,but at the
expenseof anincreasednumberof sub-optimal localmax-
ima. Consequently, our approachannealsthe covariance
slowly towardsthe desiredvalues of � and d , usinglarge
valuesfor ��� and d�� thataregradually annealeddown with
anannealing factor ��� � :
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d�� (28)

Thevalues �

\ 3 _ and d

\ 3 _ areusedin the 5 -th iterationof EM.

4.5 Determining the Number of Objects

A �nal andimportantcomponentof ourmapping algorithm
determinesthenumber of classtemplates

�

andthenum-
berof objects� . Sofar, wehavesilentlyassumedthatboth

�

and � aregiven. In practice,bothvaluesareunknown
andhaveto beestimatedfrom thedata.

Thenumber of objectsis boundedbelow by thenumber
of objectsseenin eachindividual map,andabove by the
sumof all objectseverseen:
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Thenumber of classtemplates
�

is upper-boundedby the
numberof objects� .

Our approachappliesa Bayesianprior for selectingthe
right � , and

�

, effectively transformingthelearningprob-
lem into a maximuma posterior (MAP) estimationprob-
lem. At bothlevels,we useanexponentialprior, which in
log-form penalizes the log-likelihoodin proportion to the
numberof objects� andobjecttemplates
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with appropriateconstantpenalties�

`

and �

�

. Hence,our
approachappliesEM for plausiblevaluesof � and

�

. It
�nally selectsthosevaluesfor � and

�

that maximize
(30), througha separateEM optimization for eachvalueof

� and
�

. At �rst glance this exhaustive searchprocedure
might appearcomputationallywasteful,but in practice�

is usuallysmall(and
�

is evensmaller),sothattheoptimal
valuescanbefound quickly.

5 Experimental Results

Our algorithm was evaluated extensively using datacol-
lectedbyaPioneerrobotinsideanof�ce environment. Fig-
ure 2 shows the robot, the environment, andsomeof the
non-stationaryobjectsencounteredby therobot. As in [2],
mapswere acquired in two differentenvironments. Fig-
ures3aand4 show four andnineexample mapsextracted
in theseenvironments,respectively. The concurrentmap-
ping andlocalizationalgorithm usedfor generating these
mapsis describedin [17].
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Figure 7: Log-likelihood of the training and testingdataof both real-world datasets,as determined by 1-fold cross
validation. The dashedline is the resultof the shallow, non-hierarchical approach,which performs signi�cantly worse
thanthehierarchical approach(solid line).

(a) (b)

(c)

Figure2: (a) ThePioneerrobot usedto collect laserrange
data. (b) The robotics lab wherethe seconddatasetwas
collected.(c) Actual imagesof dynamicobjectsusedin the
seconddataset.

Theindividualobject snapshotswereextractedfrom reg-
ular occupancy grid mapsusingmapdifferencing, a tech-
niquecloselyrelatedto imagedifferencing, which is com-
monly usedin the �eld of computer vision. In particular,
our approachidenti�es occupiedgrid cellswhich, at other
pointsin time,werefree.Suchcellsarecandidatesof snap-
shotsof moving objects. A subsequent low-pass�ltering
removesartifactsthat occuralongthe boundary of occu-
pied and free space,Finally, a region growing technique
leadsto a setof distinctobject snapshot[19]. Empirically,
our approachfound all non-stationaryobjectswith 100%
reliability aslong asthey arespacedapartby at leastone
grid cell (5 cm). Figures3band4bshow overlaysof thein-
dividual maps,andFigures3c and4c provide examplesof
objectsnapshotsextractedfrom thosemaps.Clearly, more
sophisticatedmethodsareneededif objects cantoucheach
other.

In a �rst seriesof experiments,we trainedourhierarchi-
cal model from datacollectedin the two robot environ-
ments. Figure5 shows an examplerun of EM using the
correct number of � �

�

objects and
�

��� shapetem-
plates.As is easilyseen,the�nal objectmodelsarehighly
accurate—infact,they aremoreaccuratethantheindivid-
ual object snapshots usedfor their construction. In a series
of 20experimentsusingdifferentstartingpoints,we found

(a)

(b) (c)

Figure3: (a) Four mapsusedfor learning models of dy-
namicobjectsusinga �xed numberof objectspermap.(b)
Overlayof optimallyalignedmaps.(c) Differencemapbe-
fore low-pass�ltering.

thatthehierarchical model convergesin all casestoamodel
of equal quality, whoseresultis visually indistinguishable
from theonepresentedhere.

In a secondset of experiments we evaluated our ap-
proach to model selection,estimatinghow well our ap-
proach can determinethe right number of objects. Us-
ing the penalty term ���<� 6 ���

�

, which was used
throughout all our experimentswithout much optimiza-
tion, we found the following log posterior that shows
a clear peak at the correct values,shown in bold face:



Figure4: (a) Nine mapsusedfor learningmodelsof dy-
namicobjectsusinga variable numberof objectspermap.
(b) Overlay of optimallyaligned maps.(c) Difference map
before low-pass�ltering. The objects areclearly identi�-
able.
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Noticethatwhile thecorrectvaluefor � is 4, noneof the
trainingmapspossessed4 objects.Thenumber hadto be
estimatedexclusively basedon thefactthat,over time, the
robot faced4 differentobjectswith 3 differentshapes.

Next, we evaluated ourapproachin comparisonwith the
non-hierarchical technique described in [2]. The purpose
of theseexperimentswasto quantify therelativeadvantage
of our hierarchicalobject modelover a shallow model that
doesnotallow for cross-object transfer. Wenoticedseveral
de�cienciesof the non-hierarchical model. First, the re-
sultingobjectmodelsweresystematicallyinferior to those
generatedusingourhierarchical approach.Figure6 shows
two examplesof results,obtained with differentinitial ran-
dom seeds.While the �rst of theseresultslooks visually
adequate,theseconddoes not: It containsa wrong collec-
tion of objects(threecircles,onebox). Unfortunately, in
11 our of 20 runs, the �at approachconverged to sucha
suboptimal solution.

However, even the visually accuratemodel is inferior.
Figure 7 plots the log-likelihood of eachmodel for the
training data and for crossvalidation data, using 1-fold
crossvalidation. Despitethe high visual accuracy of the

(a)Hierarchical model,classtemplates

(b) Hierarchical model, objects

Figure5: Resultsof thehierarchical model(7 iterations of
EM): (a)classtemplates,and(b) objectmodels.

model generatedby thenon-hierarchical approach,its ac-
curacy lagsbehindsigni�cantly thatof themodel generated
by our hierarchical algorithm. We attributethis difference
to the fact that the non-hierarchical approachlackscross-
objectgeneralization.

In summary, our experiment indicatethatour algorithm
learnshighly accurateshapemodelsat both levels of the
hierarchy, andit consistentlyidentifying the`right' number
of objects and object templates. In comparisonwith the
�at approachdescribedin [2], it yields signi�cantly more
accurateobjectmodels andalsoconvergesmorefrequently
to anaccuratesolution.

6 Conclusion

We have presented an algorithm for learning a hierarchy
of object models of non-stationaryobjectswith mobile
robots. Our approach is basedon a generative model
whichassumesthatobjectsareinstantiationsof objecttem-
plates,and are observed by mobile robots when acquir-
ing mapsof its environments. An approximateEM algo-
rithm was developed, capable of learning models of ob-
jectsandobjecttemplatesfromsnapshotsof non-stationary
objects,extracted from occupancy grid mapsacquired at
different points in time. Systematicexperimentsusinga
physical robot illustrate that our approach works well in
practice,and that it outperforms a previously developed
non-hierarchical algorithm for learning models of non-
stationaryobjects.

Our approachpossessesseveral limitations that warrant
future research.For identifying non-stationaryobjects,our
presewnt segmentatinoapproachmandatesthatobjectsdo
notmoveduring robotic mapping, andthatthey arespaced
farenoughapartfrom eachother(e.g., 5 cm). Beyondthat,



(a)Flat model,goodresult

(b) Flat model, poor localmaximum

Figure6: Comparisonwith the �at model: Both diagrams
show the result of seven iterations of EM using the �at,
non-hierarchical model, as describedin [2]: (a) success-
ful convergence, (b) unsuccessfulconvergence to a poor
model. 11outof 20runsconvergedpoorly.

our approachcurrently doesnot learnattributesof objects
other than shape,such as persistence,relationsbetween
multiple objects,andnon-rigid objectstructures. Finally,
exploring differentgenerativemodelsinvolving morecom-
plex transformation(e.g., scalingof templates)constitutes
another worthwhile researchdirection.

Nevertheless, we believe that this work is unique in
its ability to learn hierarchical object modelsin mobile
robotics. We believe that the framework of hierarchi-
cal modelscan be applied to a broader range of map-
ping problems in robotics, and we conjecture that cap-
turing the object natureof robot environments will ulti-
matelyleadto muchsuperior perception algorithms in mo-
bile robotics, along with more appropriate symbolic de-
scriptionsof physicalenvironments.
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