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Abstract

Building models,or maps,of robot ervironmentsis
a highly active researcharea;however, mostexisting
technigqus constructunstructuredmaps and assume
staticervironments. In this paper we presentan al-
gorithm for learningobjectmodelsof non-statiomry
objectsfoundin of ce-type environments. Our algo-
rithm exploits the factthat mary objectsfoundin of-
ce ernvironmentslook alike (e.g.,chairs,trashbins).
It doessothroughatwo-level hierarchicalrepresenta-
tion, which links individud objectswith genericshape
templatesof object classes. We derive an approxi-
mate EM algorithm for learningshapeparameterst
bothlevelsof thehierarchyusinglocaloccipang grid
mapsfor representinghape Additionally, we develop
aBayesiamrmodelselectionalgorithmthatenableghe
robotto estimateghetotalnumberof objectsandobject
templatesn theenvironment. Experimentatesultsus-
ing a real robot indicate that our approachperforms
well atlearningobject-basednapsof simpleof ce en-
vironments. The approat outperformsa previously
developed non-Herarchicalalgorithmthatmodelsob-
jectsbut lacksclasstemplates.

1 Intr oduction

Building ervironmenal mapswith mokile robds is a key
prereqiisite of truly autonanousrobds [16]. State-of-tle-
art algoiithms focus precominarily on building mapsin
static environmerns [17]. Comma map representatios
rangefrom lists of landmarls [3, 7, 18], ne-grainedgrids
of numrericaloccupangy values[5, 12], collectionsof point
obstacleg48], or setsof polygons[9]. Decade®f research
have prodicedampleexperimentalevidene thattheserep-
resentatios areappr@riatefor mobile robot navigation in
staticervironmerts.

Realervironmerts, however, consistof objects. For ex-
ample,of ce ervironmentspossesghairs,doors, gabage
cans,etc. Many of theseobjectsare nonstationary that
is, their locatiors may chan@ over time. This obseration
motivatesresearcton a nen gererationof mappng algo-
rithms, which repesentervironments ascollectiors of ob-
jects. At a minimum, suchobjectmockls would enablea
roba to track changesn the ervironment. For exampe,
a cleaningroba enterirg an of ce at night might realize
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thata gartagecanhasmovedfrom onelocationto anotter.
It might do so without the needto learna model of this
gartagecanfrom scratch, aswould be necessaryvith ex-
isting roba mappirg technques[17].

Objectrepresenti@ons offer a second important advan
tage, which is dueto the fact that mary of ce erviron-
mentspossestargecollectionsof objectsof thesametype.
For exanple, mostof ce chairsareinstancesof the same
geneit chair andtherefae look alike, asdo mostdoas,
gartagecans,andso on. As theseexanplessuggestat-
tributesof objeds are sharedby entire classesof objects,
anduncerstandinghe natue of objectclassess of signi -
cantinterestto mobile robotics. In particdar, algotithms
that learn propeties of object classeswould be able to
transferlearnedparaneters(e.g, appearace, motion pa-
rameters)from one object to anotter in the sameclass.
Thiswould have a prafoundimpacton theaccurag of ob-
ject mockls, andthe speedat which suchmodds canbe
acquied. If, for exanple, a cleaningrobot entersa room
it never visited befae, it might realizethat a speci ¢ ob-
ject in the room possessethe samevisual appesaanceof
otherobjectsseenin otherrooms(e.g.,chairs). The robot
would thenbe ableto acqure a map of this objectmuch
faster It would also enablethe robot to predct prope-
ties of this newly seenobject,suchasthefactthata chair
is non-statimary—withaut ever seeingthis speci c object
move.

In previous work, we develgped an algoithm that has
successfullybeendemamstratedto learn shapemockls of
nonstationaryobjects[2]. This appoachworks by com-
paringoccupacy grid mapsacquied at differentpointsin
time. A straightfoward segmentaion algoithm was de-
velopedthatextrads objectfootprintsfrom occuypang grid
maps. It usesthesefootprints to learn shapemodds of
objectsin the ervironmen, represeted by occumangy grid
maps.

This papergoesone stepfurther. It proppsesan algo-
rithm thatidenti es classe®f objects,in additionto learn-
ing plain objed mockls. In particdar, our apprachlearns
shapemocels of individual objed classesfrom multiple
occurencesof the sametype objeds. By learnirg shape
modds of objecttypes—inadditionto shapanodés of in-
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Figure 1: (a) Generatie hierachical model of erviron-
mentswith nonstationaryobjects. (b) Representatioas
agraphical model.

dividual objects—ou appoachis ableto generalizeacress
differentobjectmockls,aslongasthey modelobjectsof the
samaype. Thisappoachfollowsthehierardical Bayesian
framawork (see[l1, 6, 10]). As our expeimental results
demanstrate this appr@achleadsto signi cantly moreac-
curatemodelsin ervironmentswith multiple objectsof the
sametype.

The speci ¢ learningalgotithm proposedhereis anin-
stanceof the popular EM algorithm[11]. We develop a
closed-brm solutionfor learningat both levels of the hi-
erarcly, whichsimultaneaslyidenti es objectmodelsand
shapdemplatesor entireobjed classesOntop of this,we
proposea Bayesianproedurefor determirng the appre
priatenurmber of objectmocktls,andobjectclassmocels.

Experinentalresults,carriedout usinga physical roba,
suggestghat our apprach succeedsn learnirg accurate
shapeand classmocels. A systematiccomparisonwith
our previous, nonhierarclical appioach[2] illustratesthat
the useof classmockls yields signi cantly betterresults,
bothin termsof predctive powver (asmeasuedby thelog-
likelihoad over testingdata)andin termsof corvergence
properties (measued by the numbe of times eachalgo-
rithm is trappedin alocal maxinum of poorquality).

2 The Generative Hierar chical Model

We begin with a descriptia of the hierarchical model. The
objectlevel genealizesthe appioachof [2] to mapswith
continousoccupany ratherthanbinaryvalues. The cen-
tral innovationis theintrodwction of atemplatdevel.

2.1 The Object Hierar chy

Ourobjecthierarcly (Figure 1a)is compsedof two levels,
the objecttemplateevel atthetop, andthe physicalobject
level atthe bottom Theobjecttemplde level consistsof a
setof  shapaemplatesdended .

In our estimationprocedire, eachtemplate  will be
represeted by an occypang grid map[5, 12, 17, thatis,
anarrayof valuesin thatrepresentthe occupacy of
agridcell.

The objectlevel contairs shapemodéds of concreteob-
jectsin theworld, dended:

Here is the total numter of objects(with ).
Eachobjectmocel  is representetdy anoccu@ng grid
map,justlike atthetemplatelevel. The key differerce be-
tweenobjed mocels andtemplates  is thateach
correspndsto exadly oneobjectin theworld, whereasa
template  may correspondto morethanoneobject. If,
for exanple, all nonstationaryobjeds wereto look alike,

would contain multiple mocels (one for eachobject)
whereas would containonly asingleshapaemplate.

To learna hierachy, we assumehat the roba mapsit
ervironmensat differentpointsin time, betweerwhich
the conguration of the ervironmen may have charged.
Eachmapis represeted asa (static)occumnagy grid map,
andwill bedended .

Objectsmayor maynotbepresenatany time , andthey
may be locatedanywherein the free spaceof the erviron-
ment. The nunber of objectsnapshts presehin the map

is denotel . The setof objectsnapshotextractel
fromthemap aredenoted .

Eachobjectsnapshb is—onceagain—representa
by anoccipang grid map, constrietedfrom roba sensor
measurerants[5, 12, 17]. Theexad routinesfor extraction
of objectsnapshts from mapsaredescribedn [2] andwiill
bereviewedbrie y below.

Finally, we noticethat objects may be obseredin ary
orientation. Sincealigningobjectsnapshotsvith objectsin
themodelis animportantstepin thelearningprocedire,we
will make the alignment paranetersexplicit. In particulay
we will use to dende the alignment of snapshot
relative to the geneative mockl. In our implemenation,
each consistsof two translationaland one rotatioral
paraneters.

2.2 Probabilistic Model

To devise a soundalgorithmfor inferring an objecthierar
chy from data,we have to specify probabilistic modelsof
how snapshotaregeneatedfrom objectsandhow objects
aregeneatedfrom objed templates.An overwiew graph-
calmodelfor ourprobabilistic mocel is shavnin Figurelb.
Let beacorcreteobject,and beasinglesnapshot
of this object.Recallthateachgrid cell in isareal
numterin theintenal . We interpreteachoccupacy
value asa prabability that a robot sensomwould detectan
occuped grid cell. However, whenmappng an erviron-
ment,the roba typically takes multiple scansof the same
object, eachresultingin a binomal outcane. By agge-
gatingthe individual binary varialles into a single agge-
gaterealvalue,we canappioximatethisfairly cumkersome
modé into amuchcleaneiGaussiamistribution of asingle
real-veluedobsenration. Thus,the probability of obseving

aconaetesnapshb of object is givenby
- 1)
The fundion derotes the aligned snapshot
, and denotests -th grid cell. Thepa-

rameter isthevarianceof thenoise.



It will prove usefulto male explicit the correspnderte
betweerobjects andobjectsnapshts . Thiswill be
establishedby thefollowing corresponéncevariables

)

Sinceeach isin fact

afunction:

is anentiresetof snapshotgach

®3)

A similar mockel governs the relatiorship betweentem-
platesandindividual objects.Let ~ bea conaeteobject
geneatedaccordng to objecttemplate , forsome and

. The prohability thata grid cell takeson a value

is afunction of thecorrespondig grid cell
We assumehatthe probability of agrid cell value is
normally distributedwith varian@

— 4)

Equation(4) de nes a prokabilistic modelfor individual
grid cells,whichis easilyextendel to entiremaps:

®)

Again, we introduce explicit variabes for the correspn-
dencebetweerobjects andtemplates

(6)
with . The statement means
thatobject is aninstantiationof thetemplate . The

correspndertes areunkrownin thehierachicallearnirg
prodem, whichis akey complicatirg factorin our attempt
to learnhierarclical objed models.

Thereis animportantdistinctionbetweerthecorrespn-
dencevariables 'sand 's,arisingfrom thefactthateach
object canonly beobseredoncewhenacquirirg alocal
map . Thisinducesamutualexclusivityconstaint onthe
setof valid corresponéncesatthe objed level:

()

Thus, we seethat objectsin the objectlevd are physical
objectsthat can only be obsered at mostonce,whereas
objectsat the classlevel aretemplatesof objects—whit
might beinstantiatednorethanonce.For examge, anob-
ject atthe classlevel might be a protaypical chair, which
might be mappedo multiple concete chairsat the object
level—ard usuallymultiple obsenrations over time of ary
of thoseconcetechairsat the snapshblevel.

3 Hierarchical EM

Our goalin this paperis to learnthe mocel
giventhedata . Unlike mary EM implemenations,how-
ever, we do notsimply wantto maximze the probability of

the datagiventhe mockel: We alsowantto take into con-
siderationthe probabilistic relationslips betweenthe two
levels of the hierarcly. Thus, we want to maximze the
joint prokability overthedata andthemockl

(8)

Note that we treat the latent alignmen paraneters as
modé parametes, which we maximizeduringlearning

EM is aniterative procedre that can be usedto max-
imize a likelihoad function. Starting with some ini-
tial mocel, EM generges a sequene of mocels of non
decreasig likelihodd:

)
Let bethe -th suchmocel. Ourde-
sireisto nd an stmodel for which

(10

As is comma in the EM literature [11], this goal is
achieved by maximizirg an expectedlog likelihoad of the
form

(1)

Here is the mathenatical expectatio over the latent
correspnderte variables and , relative to the distribu-
tion .

As our framework is not the fully standardvariant of
EM, we derive the correctnessof (11). As in the standadl
derivation, we lowerbourd thedifferencebetweerthelog-
likelihoad of the new andthe old model:

(12

Thisis bounadfrom below usingJensers inequdity:

(13

Thus,by optimizing(11) we alsomaximizethe desiredog
likelihoad,



Returningto theprodem of calculatirg (11), we notethat
the probability insidethe logaithm factorsinto two terms,
one for eachlevel of the hierarcly (multiplied by a con-
stant):

(14

Explating theindependenesshavn in Figurelb, andthe
uniform priorsover , ,and ,weobtain:

(19
The probability of the objects given the
objecttemplates andthe correspodenes is essen-

tially de ned via (5). Herewe recastit usinga notatim
thatmakesthe corditioningon  explicit:

(16)

where is anindicata function whichis 1 if its argu-
mentis true, and O othewise. Similarly, the prabability
is basedn (1) andconvenierly written as:

(17

Substitutingthe product (15) with (16) and (17) into the
expededlog likelihood(11) givesus:

(18)

In deriving this expression, we exploit the linearity of
the expectation, which allows us to replacethe indicata
variabes through prolabilities (expectations). It is easy
to seethat the expectedlog-likelihoodin (18) corsistsof
two main terms. The rst enfacesconsisteng between
the templateandthe objectlevel, andthe secondbetween
theobjectandthedatalevel.

4 The Implementation of the EM Algorithm

Maximizing (18) is achieved in a straightfaward man-
ner via the EM algoiithm, which geneatesa sequene
of hierarchical mocels andase-
querce of alignment paraneters of increas-
ing likelihood To do so, EM startswith a rancom model
andrancdm alignmen paraneters. It then alternaes an

E-step,in which the expedationsof the correspondaces
are calculatedgiven the -th model and alignment, and
two M-steps,onethat geneatesa new hierachical model

, andonefor ndin g new alignmen param
eters

4.1 E-Step
In our casethe E-stepcaneasilybeimplemened exactly.

(19)

and,similarly,

(20)

The summationover in calculatingthe expectatims
is necessarypecauseof the mutwal exclusion con-
straintdescribedabore, namelythatno objed canbeseen
twice in the samemap. The summationis exponentialin
thenunberof obsered objects —however, israrely
larger than10. If summingover  beconestoo costly, ef-
cient (andprovablypolynamial) samplingschemesanbe
appliedfor appoximating thedesiredexpectatims[4, 13].

4.2 Model M-Step

OurM-step rst genergesanew hierarclical model
maximizirg (18) uncer x ed expectatims and
and x edalignmentparaméers . It is anappealig prop
erty of our mode thatthis part of the M-stepcanbe exe-
cutedef ciently in closedform.

Our rst obsenation is that the expressionin (18) de-
compsesinto a setof decaipled optimization prodems
over individual pixels, thatcanbe optimizedfor eachpixel

individually:

by

(21)

We thenobsenre that(21)is aquadatic optimizationprob
lem, which therefae possessea corvenient closed-brm



solution[15]. In particular we canrefomulate(21) asa
standardeast-squaresptimization prodem:

(22)

where is a vectorcompising the -th
cell valueof all modds atbothlevels. Theconstraimmatrix
hastheform

(23

where , and aresubmatricegene-
atedfrom the expectatims calculatedn the E-step.Gener
atingsuchmatricesfrom a quadatic optimizationprodem
suchas(21) s straightfaward, andthe detailsareomitted
heredueto spacdimitations. Thevector is of theform

(24)

where is a vector construted from the aligned -th
mapcell valuesof thesnapshots . Thesolutionto (21)is

(29

Thus, the new mocel is the resultof a se-
guerce of simplematrix operatios, onefor eachpixel .

4.3 Alignment M-Step

A nal stepof our M-stepinvolves the optimizationof the
alignment paraneters . Thoseareobtainedy maximizing
the relevant partsof the expectedlog likelihood (18). Of
signi canceis thefactthatthealignmen variablesdepemnl
only ontheobjectlevel , andnotonthetemplatelevel
Thisleadsto a powerful deconpositionby which each
canbecalculatedseparatelyby minimizing:

(26)

Sincethe prgection is a noniinear, theseoptimization
prodems are solved using hill climbing. In practice,we
nd thatafterlessthan5 iteratiors of EM, the alignment
values  havepracticallycorvergedto their nal value—
which experimentallycon rms thattheir optimizationcan
beperfamedin aseparaté-step.

4.4 Impr oving Global Convergence

Ourappoachinheritsfrom EM the propertythatit is a hill
climbing algorithm subjectto local maxima. In our ex-
perimerts, we foundthata straightfowardimplemantation
of EM frequently led to suboptinal maps. Our algorithm
therefae emplgys deterministicanneling [14] to smodh
the likelihoad function andimprove corvergence. In our
casewe anneaby varying thenoisevariance and inthe

sensomoisemodd. Larger variancesinducea smootker

likelihoad function, but ultimately resultin fuzzier shape
modds. Smallervariarcesleadto crispermaps,but at the
experseof anincreasedunberof sub-opimal local max-
ima. Conseqently, our apprach annealsthe covariance
slowly towardsthe desiredvalues of and , usinglarge

valuesfor and thataregradwally annealedalown with

anannealiig factor

(27)
(28

Thevalues and areusedin the -thiterationof EM.

4.5 Determining the Number of Objects

A nal andimportantcompamentof ourmappirg algorithm
determiresthe numter of classtemplates andthenum-
berof objects . Sofar, we havesilentlyassumedhatboth
and aregiven. In practice bothvaluesareunknown
andhaveto beestimatedrom thedata.
The numter of objectsis bourdedbelov by the number
of objectsseenin eachindividual map,andabore by the
sumof all objectseverseen:

(29

Thenumker of classtemplates
numter of objects

Our apprachappliesa Bayesianprior for selectingthe
right ,and ,effectivelytransfamingthelearningprob
lem into a maximuma posterior (MAP) estimationprob-
lem. At bothlevels,we usean exponentialprior, whichin
log-form penaliza the log-ikelihoodin proportion to the
numter of objects andobjecttemplates

is upper-bowndedby the

(30

with appr@riateconstanpenalties and . Hence,our
appr@chapplieseM for plausiblevaluesof and . It
nally selectsthosevaluesfor and that maximze
(30), througha separat&M optimizdion for eachvalueof

and . At rst glane this exhawstive searchprocealure
might appearcomputationallywasteful,but in practice
isusuallysmall(and is evensmaller) sothattheoptimal
valuescanbefound quickly.

5 Experimental Results

Our algoiithm was evaluged extensiely using data col-
lectedby aPioneerrobotinsideanof ce ernvironmert. Fig-

ure 2 shaws the roba, the environment, and someof the
non-stationaryobjectsencounteredby therobot. Asin [2],

mapswere acqured in two differentervironmens. Fig-
ures3aand4 shav four andnine exanple mapsextracted

in theseernvironments,respectiely. The concurentmap-
ping andlocalizationalgoithm usedfor geneating these
mapsis describedn [17].
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Figure 7: Log-likelihood of the training and testing dataof both real-world datasets,as determired by 1-fold cross
validation. The dashedine is the resultof the shallov, northierarchical apprach, which perfams signi cantly worse

thanthe hierardical appgoach(solidline).
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Figure?2: (a) The Pioneerrobot usedto collectlaserrange
data. (b) The robotics lab wherethe seconddatasetwas
collected.(c) Actualimagesof dynamicobjectsusedin the
secondlataset.

Theindividual objed snapshotsvereextractedfrom reg-
ular occumng grid mapsusingmapdifferendng, a tech-
niguecloselyrelatedto imagedifferencing which is com-
monly usedin the eld of compuer vision. In particular
our apprachidenti es occipiedgrid cellswhich, at other
pointsin time,werefree. Suchcellsarecandidats of snap-
shotsof moving objects. A subseqgent low-pass Itering
removes artifactsthat occuralongthe bourdary of occu
pied and free space,Finally, a region growing techniqe
leadsto a setof distinctobjed snapshof19]. Emgirically,
our appoachfound all nonstationaryobjectswith 100%
reliability aslong asthey are spacedapartby at leastone
grid cell (5 cm). Figures3b and4b shov overaysof thein-
dividual maps,andFigures3c and4c provide exanplesof
objectsnapsbts extractedfrom thosemaps.Clearly, more
sophisticatednethalsareneeedif objeds cantoucheach
other

In a rst seriesof expeliments,we trainedour hierarch-
cal mockl from datacollectedin the two roba environ-
ments. Figure 5 shavs an examplerun of EM usingthe
corre¢ numbe of objeds and shapeem-
plates.As is easilyseenthe nal objectmodelsarehighly
accurate—irfact, they aremoreaccuatethantheindivid-
ual object snapshts usedfor their constretion. In aseries
of 20 experimentsusingdifferentstartingpoints,we found

@)

(b) (©

Figure 3: (a) Four mapsusedfor learnirg modds of dy-
namicobjectsusinga xed numker of objectspermap. (b)
Overlayof optimally alignedmaps.(c) Differerce mapbe-
fore low-passltering.

thatthehierarclical mocel corvergesin all caseso amodel
of equa quality, whoseresultis visually indistinguishable
from theonepresentedhere.

In a secondset of expeiments we evaluged our ap-
proad to modé selection,estimatinghow well our ap-
proad can determinethe right number of objects. Us-
ing the penalty term , which was used
throughou all our experimentswithout much optimiza-
tion, we found the following log posteriorthat shovs
a clear peak at the correct values, shavn in bold face:




Figure4: (a) Nine mapsusedfor learningmodelsof dy-
namicobjectsusinga variable nunmberof objectspermap.
(b) Oveilay of optimally aligned maps.(c) Differene map
befoe low-pass ltering. The objects are clearlyidenti -

able.

Notice thatwhile the correctvaluefor  is 4, noneof the
training mapspossessed objects. The numbe hadto be
estimatedxclusively basedon the factthat, overtime, the
roba faced4 differentobjectswith 3 differentshapes.

Next, we evaluat@ our apprachin comparisonwith the
non-ierarclical techniqe descrited in [2]. The purpose
of theseexperimentswasto quariify therelatve adwantage
of our hierachical objed modelover a shallov modé that
doesnotallow for cross-ofecttransfer We noticedseveral
de cienciesof the nonhierarchical model. First, the re-
sulting objectmockls weresystematicallyinferior to those
geneatedusingour hierarchcal appoach.Figure6 shavs
two examgesof results obtaine with differentinitial ran-
dom seeds.While the rst of theseresultslooks visually
adequate,the seconddoes not: It containsa wrong collec-
tion of objects(threecircles,onebox). Unfortunately in
11 our of 20 runs,the at apprach converged to sucha
subopimal solution

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

(a) Hierarchi@l model,classtemplates

(b) Hierarchcal mocel, objects

Figure5: Resultsof the hierarchical model(7 iteratiors of
EM): (a) classtemplatesand(b) objectmocels.

modé geneatedby the non-herarchicé appoach,its ac-
curag lagsbehindsigni cantly thatof themode generatd
by our hierarclical algoithm. We attribute this difference
to the fact that the non-hierarchi@l appoachlackscross-
objectgenealization.

In summary our expeimentindicatethat our algorithm
learnshighly accurateshapemodelsat both levels of the
hierardy, andit consistenthidentifying the right' numker
of objeds and objecttemplates. In comarisonwith the
at appoachdescribedn [2], it yields signi cantly more
accuratebjectmodds andalsocorverges morefrequently
to anaccuratesolution

6 Conclusion

We have preseted an algoiithm for learnirg a hierardy
of objed mockls of nonstationaryobjectswith mobile
robas. Our apprach is basedon a geneative model
whichassumethatobjectsareinstantiatiors of objecttem-
plates,and are obsened by mobile robots when acqur-
ing mapsof its environments. An appoximateEM algo-
rithm was developed capalte of learnirg modds of ob-
jectsandobjecttemplategrom snapshts of non-statimary
objects, extracted from occiypany grid mapsacquied at
different pointsin time. Systematicexpetimentsusinga
physical robot illustrate that our apprach works well in
practice,and that it outperforms a previously developed
non-ierarclical algoritrm for learning models of non
stationaryobjects.

Our appoachpossesseseveral limitations that warrant
future researchFor identifying nonstationaryobjeds, our
presevnt sggmenatino appr@ach mandtesthat objectsdo
not move during robotic mappirg, andthatthey arespaced
farenowghapartfrom eachother(e.g, 5 cm). Beyondthat,



(a) Flatmodel,goodresult

(b) Flatmockl, poa local maxinum

Figure6: Comparisorwith the at mocel: Both diagams
shav the result of seven iteratiors of EM usingthe at,
non-ierarclical model, as describedn [2]: (a) success-
ful corvergerce, (b) unsucessful corvergerce to a poa
modeé. 11 outof 20runscorverged poaly.

our appoachcurrently doesnot learnattributesof objects
other than shape,such as persistencerelationsbetween
multiple objects,and nontigid objectstructues. Finally,
exploring differentgeneréive modelsinvolving morecom-
plex transfomation(e.g, scalingof templatesonstitutes
anotter worthwhile researchdirection

Neverthdess, we believe that this work is unique in
its ability to learn hierachical object modelsin mobile
robdics. We believe that the framework of hierarcli
cal modelscan be appliedto a broacr range of map-
ping prodems in robdics, and we conjectue that cap-
turing the objed natureof robot ervironmens will ulti-
matelyleadto muchsuperi@ percepion algorithnsin mo-
bile robdics, along with more apprgriate symbdic de-
scriptionsof physicalervironments.
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