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Abstract— Indoor envir onments can typically be divided into
places with differ ent functionalities lik e corridors, kitchens,
of�ces, or seminar rooms. The ability to learn such semantic
categoriesfr om sensordata enablesa mobile robot to extend the
representationof the envir onment facilitating the interaction with
humans. As an example,natural languageterms lik e “corridor”
or “r oom” can be used to communicate the position of the
robot in a map in a more intuiti ve way. In this work, we �rst
proposean approachbasedon supervised learning to classify the
pose of a mobile robot into semantic classes.Our method uses
AdaBoostto boostsimple featuresextracted fr om range data and
vision into a strong classi�er. We presenttwo main applications
of this approach. Firstly , we show how our approach can be
utilized by a moving robot for an online classi�cation of the poses
traversedalong its path using a hidden Mark ov model. Secondly,
we intr oduce an approach to learn topological maps fr om
geometricmapsby applying our semanticclassi�cation procedure
in combination with a probabilistic relaxation procedure. We
�nally show how to apply associative Mark ov networks (AMNs)
together with AdaBoost for classifyingcompletegeometricmaps.
Experimental resultsobtained in simulation and with real robots
demonstrate the effectivenessof our approach in various indoor
envir onments.

I . INTRODUCTION

In the past,many researchershave consideredthe problem
of building accuratemapsof the environment from the data
gatheredwith a mobilerobot.Thequestionof how to augment
such maps by semantic information, however, is virtually
unexplored. Whenever robots are designedto interact with
their users,semanticinformation about placescan improve
the human-robotcommunication.From the point of view of
humans,termslike “corridor” or “room” give a moreintuitive
ideaof the positionof the robot thanusing, for example,the
2D coordinatesin a map.

In this work, we addressthe problemof classifyingplaces
of the environmentof a mobile robot using range�nder and
vision data, as well as building topological mapsbasedon
that knowledge. Indoor environments,like the one depicted
in Figure1, cantypically be divided into areaswith different
functionalitiessuchaslaboratories,of�ce rooms,corridors,or
kitchens.Whereassomeof theseplaceshavespecialgeometric
structuresandcanthereforebe distinguishedmerelybasedon
laserrangedata,otherplacescanonly be identi�ed according
to the objects found there like, for example, monitors in a
laboratory. To detectsuchobjects,we usevision dataacquired
by a camerasystem.

corridor room doorway

Fig. 1. The left image shows a map of a typical indoor environment.
The middle image depicts the classi�cation into three semanticclassesas
colors/grey levels.For this purposetherobotwaspositionedin eachfreepose
of the original mapandthe correspondinglaserobservationsweresimulated
and classi�ed. The right imagesshow typical laserand imageobservations
togetherwith someextractedfeatures,namelythe averagedistancebetween
two consecutive beamsin the laserand the numberof monitorsdetectedin
the image.

The key idea is to classify the poseof the robot basedon
thecurrentlaserandvision observations.Examplesfor typical
observationsobtainedin an of�ce environmentare shown in
the right imagesof Figure 1. The classi�cation is then done
applyinga sequenceof classi�ers learnedwith the AdaBoost
algorithm [18]. These classi�ers are built in a supervised
fashionfrom simplegeometricfeaturesthatareextractedfrom
the current laser scan and from objects extracted from the
currentimagesas shown in the right imagesof Figure 1. As
an example,the left imagein Figure1 shows a typical indoor
environment and the middle image depictsthe classi�cation
obtainedusingour method.

We furthermorepresenttwo main applicationsof this ap-
proach.Firstly, we show how to classify the different poses
of the robot during a trajectoryandimprove the �nal classi�-
cationusinga hiddenMarkov model.Secondly, we introduce
an approachto learn topologicalmapsfrom geometricmaps
by applyingour semanticclassi�cation in combinationwith a
probabilistic relaxationprocedure.In this last casewe com-
pare the resultswhen using an associative Markov networks
(AMNs) with thoseobtainedwith AdaBoost.

The rest of this work is organizedas follows. Section II
presentsrelated work. In Section III, we describethe se-
quential AdaBoost classi�er. In Section IV, we presentthe
application of a hidden Markov model to the online place
classi�cation with a moving robot. Section V containsour
approachfor topological map building. In Section VI we
presentsomeresultswhenusingarange�nder with arestricted



�eld of view. Finally, SectionVII presentsexperimentalresults
obtainedusingour methods.

I I . RELATED WORK

In thepast,severalauthorsconsideredtheproblemof adding
semantic information to places. Buschka and Saf�otti [5]
describea virtual sensorto identify rooms from rangedata.
Koenig and Simmons [9] apply a pre-programmedroutine
to detect doorways. Finally, Althaus and Christensen[1]
use sonar data to detect corridors and doorways. Learning
algorithms have additionally been used to identify objects
in the environment. For example, Anguelov et al. [2], [3]
apply the EM algorithm to clusterdifferent typesof objects
from sequencesof rangedataand to learn the stateof doors.
Limketkaiet al. [12] userelationalMarkov networks to detect
objects like doorways basedon laser range data. Finally,
Torralbaand colleagues[23] usehiddenMarkov modelsfor
learningplacesfrom imagedata.

Comparedto theseapproaches,our algorithm is able to
combinearbitrary featuresextractedfrom differentsensorsto
form a sequenceof binary strong classi�ers to label places.
Our approachis alsosupervised,which hastheadvantagethat
the resultinglabelscorrespondto user-de�ned classes.

On theotherhand,differentalgorithmsfor creatingtopolog-
ical mapshave beenproposed.KuipersandByun [11] extract
distinctive points in the map de�ned as local maxima of a
distinctivenessmeasure.KortenkampandWeymouth[10] fuse
vision and ultrasoundinformation to determinetopologically
relevant places.Shatkey and Kaelbling [19] apply a HMM
learningapproachto learn topologicalmaps.Thrun [22] uses
theVoronoidiagramto �nd critical points,whichminimizethe
clearancelocally. Choset[7] encodesmetric and topological
informationin a generalizedVoronoigraphto solve theSLAM
problem.Additionally, Beesonet al. [4] usedan extensionof
the Voronoi graph for detectingtopologicalplaces.Zivkovic
et al. [26] use visual landmarksand geometricconstraints
to createa higher level conceptualmap. Finally, Tapusand
Siegwart [20] used�ngerprints to createtopologicalmaps.

In contrast to these previous approaches,the technique
describedin this paperappliesa supervisedlearningmethodto
identify completeregions in the maplike corridors,roomsor
doorwaysthathave a direct relationwith a humanunderstand-
ing of theenvironment.This knowledgeaboutsemanticlabels
of placesis usedthento build topologicalmapswith a mobile
robot. We also apply associative Markov networks (AMNs)
togetherwith AdaBoost to label each point in a geometric
map.

I I I . SEMANTIC CLASSIFICATION OF POSES USING

ADABOOST

Boosting is a general method for creating an accurate
strongclassi�er by combininga set of weak classi�ers. The
requirementto each weak classi�er is that its accuracy is
better than a randomguessing.In this work we will usethe
boostingalgorithmAdaBoostin its generalizedform presented
by Schapireand Singer[18]. The input to the algorithm is a

setof labeledtrainingexamples(xn ; yn ); n = 1; : : : ; N , where
eachxn is an example and eachyn 2 f +1 ; � 1g is a value
indicating whether xn is positive or negative respectively.
In our case, the training examples are composedby laser
and vision observations. In several iterations the algorithm
repeatedlyselectsa weakclassi�er usinga weightdistribution
over the training examples.The �nal strong classi�er is a
weightedmajority vote of the bestweakclassi�ers.

Throughoutthis work, we use the approachpresentedby
Viola andJones[25] in which the weakclassi�ersdependon
single-valued featuresf j 2 < . For a more detail description
see[17].

The so far describedmethodis ableto distinguishbetween
two classesof examples,namely positives and negatives. In
practical applications,however, we want to distinguish be-
tweenmorethantwo classes.To createa multi-classclassi�er
we usedthe approachappliedby Mart́�nez Mozoset al. [14]
and create a sequentialmulti-class classi�er using K � 1
binary classi�ers,whereK is the numberof classeswe want
to recognize.The classi�cation output of the decisionlist is
then representedby a histogramz. Eachbin of z storesthe
probability that the classi�ed example belongs to the k-th
class.The order of the classi�ers in the decisionlist can be
selectedaccordingto different methodsas describedin [13]
and [14].

A. Features from Laserand Vision Data

In this section, we describethe featuresused to create
the weak classi�ers in the AdaBoost algorithm. Our robot
is equippedwith a 360 degree �eld of view laser sensor
and a camera.Eachlaserobservation consistsof 360 beams.
Eachvision observationconsistsof eight imageswhich form a
panoramicview. Figure1 shows a typical laserrangereading
as well as one of the imagesfrom the panoramicview taken
in an of�ce environment.Accordingly, eachtraining example
for the AdaBoostalgorithm consistof one laserobservation,
onevision observation, and its classi�cation.

Ourmethodfor placeclassi�cationis basedonsingle-valued
featuresextractedfrom laserandvision data.All featuresare
invariant with respectto rotation to make the classi�cation
of a posedependentonly on the position of the robot and
not on its orientation.Most of our laserfeaturesarestandard
geometricalfeaturesusedfor shapeanalysisastheoneshown
in Figure1. In thecaseof vision,theselectionof thefeaturesis
motivatedby the fact that typical objectsappearwith different
probabilitiesat different places.For example,the probability
of detectinga computermonitor is larger in an of�ce than
in a kitchen. For each type of object, a vision feature is
de�ned asa functionthattakesasargumentapanoramicvision
observation andreturnsthe numberof detectedobjectsof this
type in it. This numberrepresentsthesingle-valuedfeaturef j

as explained in SectionIII. As an example,Figure 1 shows
one imageof a panoramicview and its detectedmonitors.A
moredetailedlist of laserand imagefeaturesis containedin
our previous work [14].



IV. PROBABILISTIC CLASSIFICATION OF TRAJECTORIES

The approachdescribedso far is able to classify single
observationsonly but doesnot take into accountpastclassi�ca-
tionswhendeterminingthetypeof placetherobot is currently
at. However, whenever a mobile robot moves through an
environment,thesemanticlabelsof nearbyplacesaretypically
identical.Furthermore,certaintransitionsbetweenclassesare
unlikely. For example, if the robot is currently in a kitchen
then it is ratherunlikely that the robot endsup in an of�ce
given it moved a short distanceonly. In many environments,
to get from the kitchen to the of�ce, the robot has to move
througha doorway �rst.

To incorporatesuchspatialdependenciesbetweenthe indi-
vidual classes,we apply a hiddenMarkov model(HMM) and
maintaina posteriorBel(l t ) aboutthe type of the placel t the
robot is currentlyat

Bel(l t ) = � P(zt j l t )
X

l t � 1

P(l t j l t � 1; ut � 1)Bel(l t � 1):(1)

In this equation,� is a normalizing constantensuringthat
the left-handside sumsup to one over all l t . To implement
this HMM, three componentsneed to be known. First, we
needto specify the observation modelP(zt j l t ) which is the
likelihood that the classi�cation output is zt given the actual
classis l t . Second,we needto specify the transition model
P(l t j l t � 1; ut � 1) which de�nes the probability that the robot
moves from classl t � 1 to classl t by executingaction ut � 1.
Finally, weneedto specifyhow thebeliefBel(l0) is initialized.

In our current system,we choosea uniform distribution
to initialize Bel(l0). The quantityP(zt jl t ) hasbeenobtained
by a statisticsaboutthe classi�cationoutputof the AdaBoost
algorithm given that the robot was at a placecorresponding
to l t . To realize the transition model P(l t jl t � 1; ut � 1) we
only consider the two actions ut � 1 2 f MOVE ; STAY g.
The transition probabilitieswere estimatedby running 1000
simulationexperiments.A morecompletedescriptionis given
in [17].

V. TOPOLOGICAL MAP BUILDING

A secondapplicationof our semanticplace classi�cation
is the extraction of topological mapsfrom geometricmaps.
Throughoutthis sectionwe assumethat the robot is given a
mapof theenvironmentin theform of anoccupancy grid [15].
Ourapproachthendeterminesfor eachunoccupiedcell of such
agrid its semanticclass.This is achievedby simulatingarange
scanof the robot given it is locatedin that particularcell, and
then labeling this scaninto one of the semanticclasses.To
remove noise and clutter from the resulting classi�cations,
we apply an approachdenoted as probabilistic relaxation
labeling[16]. This methodtakesinto accountthe labelsof the
neighborhoodwhen changing(or maintaining)the label of a
given cell. From the resulting labeling we constructa graph
whosenodescorrespondto the regions of identically labeled
posesand whose edgesrepresentthe connectionsbetween
them. Additionally we apply a heuristic region correction
to the topological map to increasethe classi�cation rate. A

typical topologicalmapobtainedwith our approachis shown
in the Figure7. For moredetail see[14].

A. SemanticClassi�cation of MapsusingAssociativeMarkov
Networks

The improvement on the labeling of free cells given by
our AdaBoost approachcan also be seen as a collective
classi�cation problem [6]. In this approach,the labeling of
eachfree cell in the map is also in�uenced by the labeling
of other cells in the vicinity. One popular method for the
taskof collective classi�cationarerelationalMarkov networks
(RMNs) [21]. In addition to the labelsof neighboringpoints,
RMNs also considerthe relationsbetweendifferent objects.
E.g.,we canmodelthefact that two classesA andB aremore
stronglyrelatedto eachotherthan,say, classesA andC. This
modeling is done on the abstractclass level by introducing
clique templates[6]. Applying theseclique templatesto a
givendatasetyieldsanordinaryMarkov network (MN). In this
MN, theresultis ahigherweightingof neighboringpointswith
labelsA andB thanof pointslabeledA andC. Additionally,
eachnodein the network is associateda setof features.

The whole processof labeling is composedof two steps.
First, a supervisedlearning process is used to learn the
parametersof the RMN usedasa training set.Second,a new
network is classi�ed using theseparameters.This last stepis
alsocalledinference.In this work, we will usea specialtype
of RMNs known as associative Markov networks (AMNs).
Ef�cient algorithmsareavailablefor learningandinferencein
AMNs (for moredetail see[24]).

In our casewe createan AMN in which eachnode rep-
resentsa cell in the geometricmap. Each node is given a
semanticlabelcorrespondingto theplacein themap(corridor,
doorway or room). We alsocreatea 8-neighborhoodfor each
cell. Furthermore,a setof featuresis calculatedfor eachcell.
These featurescorrespondto the geometricones extracted
from a simulatedlaserbeamasexplainedin SectionIII-A. To
reducethenumberof featuresduringthetrainingandinference
steps,we selecta subsetof them.This selectionis doneusing
the AdaBoostalgorithm[13].

VI . LASER OBSERVATIONS WITH RESTRICTED FIELD OF

V IEW

In this section we present some practical issues when
classifyinga trajectoryusingrangedatawith a restricted�eld
of view. Speci�cally, we explain how to extract featureswhen
using a laser range �nder which only covers 180o in front
of the robot. This is one of the most commoncon�gurations
whenusingmobilerobots.As anexample,if a robotis looking
at the end of a corridor, then it is not able to seethe rest of
the corridor, as is the casewith an additionalrear laser. This
situationis shown in Figure 2. When classifyinga trajectory
we proposeto maintaina local maparoundtherobotasshown
in the right imageof Figure2. This local mapcanbe updated
during the movementsof the robot andthenusedto simulate
the rear laser beams.In SectionVII we show someresults
when learningandclassifyinga placeusing this method.



Fig. 2. The left imageshows a robot at the end of a corridor with only a
front laser (red). In the middle imagethe robot hasan additional rear laser
(blue). The right imagedepictsan examplelocal map(shadedarea).

corridor room doorway

Fig. 3. The left imagedepictsthe training data.The right imageshows the
test set with a classi�cation rate of 97.3%.The training and test datawere
obtainedby simulatinglaserrangescansin the map.

VII . EXPERIMENTS

The approachesdescribedabove have been implemented
andtestedon real robotsaswell as in simulation.The robots
usedto carryout theexperimentswereanActivMediaPioneer
2-DX8 equippedwith two SICK lasers,an iRobot B21r robot
equippedwith a camerasystemandan ActivMedia PowerBot
equippedonly with a front laser.

The goal of the experimentsis to demonstratethat our
simplefeaturescanbe boostedto a robust classi�er of places.
Additionally, we analyzewhetherthe resultingclassi�er can
be used to classify places in environments for which no
training datawasavailable.Furthermore,we demonstratethe
advantagesof utilizing the vision information to distinguish
betweendifferentroomslike,e.g.,kitchens,of�ces, or seminar
rooms.Additionally, we illustratetheadvantagesof theHMM
�ltering for classifyingplaceswith a moving mobilerobot.We
alsopresentresultsapplyingour methodfor building semantic
topologicalmaps.Finally, we show experimentsusinga robot
with only a front laser.

A. Resultswith the SequentialClassi�er usingLaserData

The �rst experimentwas performedusing simulateddata
from our of�ce environment in building 79 at the University
of Freiburg. Thetaskwasto distinguishbetweenthreedifferent
typesof places,namelyrooms,doorways,anda corridorbased
on laser rangedataonly. In this experiment,we applied the
sequentialclassi�er without any �ltering. For the sake of
clarity, we separatedthetestfrom thetrainingdataby dividing
theoverall environmentinto two areas.Whereastheleft partof
themapcontainsthetrainingexamples,theright part includes
only test data (Figure 3). The optimal decision list for this
classi�cation problem,in which the robot had to distinguish
betweenthree classes,is room-doorway. This decision list
correctly classi�es 97.3% of all test examples(right image
of Figure3). Additionally, we performedan experimentusing
a mapof theentrancehall at theUniversityof Freiburg which

corridor room doorway

Fig. 4. The left mapdepictsthe occupancy grid mapof the Intel Research
Lab andtheright imagedepictstheclassi�cationresultsobtainedby applying
the classi�er learned from the environment depicted in Figure 1 to this
environment.The fact that 83.0% of all placescould be correctly classi�ed
illustrates that the resulting classi�ers can be applied to so far unknown
environments.

contained four different classes,namely rooms, corridors,
doorways,andhallways.The optimaldecisionlist is corridor-
hallway-doorway with a successrate of 89.5%. The worst
con�gurations of the decision list are those in which the
doorway classi�er is in the �rst place.This is probablydueto
the fact, that doorways are hard to detectbecausetypically
most parts of a range scan obtained in a doorway cover
the adjacentroom and the corridor. The high error in the
�rst elementof the decisionlist then leadsto a high overall
classi�cation error.

B. Transferringthe Classi�ers to New Environments

The secondexperiment is designedto analyzewhethera
classi�er learnedin a particularenvironmentcan be usedto
successfullyclassifytheplacesof a new environment.To carry
out this experiment, we trained our sequentialclassi�er in
the left map of Figure 1, which correspondsto the building
52 at the University of Freiburg. The resultingclassi�er was
thenevaluatedon scanssimulatedgiven the mapof the Intel
ResearchLab in Seattledepictedin Figure 4. Although the
classi�cation rate decreasedto 83.0%, the result indicates
that our algorithm yields good generalizationswhich can
also be applied to correctly label placesof so far unknown
environments. Note that a successrate of 83.0% is quite
high for this environment,sinceevenhumanstypically cannot
consistentlyclassify the differentplaces.

C. Classi�cation of TrajectoriesusingHMM Filtering

The third experimentwas performedusing real laser and
vision dataobtainedin an of�ce environment,which contains
six different types of places, namely of�ces, doorways, a
laboratory, a kitchen, a seminarroom, and a corridor. The
true classi�cation of the differentplacesin this environments
is shown in Figure 5. The classi�cation performanceof the
classi�er along a sampletrajectory taken by a real robot is
shown in the left imageof Figure6. The classi�cation ratein
this experimentis 82.8%.If we additionallyapply the HMM
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Fig. 6. The left imagedepictsa typical classi�cation result for a test set
obtainedusingonly theoutputof thesequenceof classi�ers.The right image
shows the resultingclassi�cation in casea HMM is additionally applied to
�lter the outputof the sequentialclassi�er.

for temporal �ltering, the classi�cation rate increasesup to
87.9%asshown in the right imageof Figure6.

A further experimentwas carried out using test data ob-
tained in a different part of the samebuilding. We applied
the sameclassi�er as in the previous experiment.Whereas
the sequentialclassi�er yields a classi�cation rate of 86.0%,
the combinationwith the HMM generatedthe correctanswer
in 94.7% of all cases.A two-samplet-test applied to the
classi�cation resultsobtainedalong the trajectoriesfor both
experimentsshowed that the improvementsintroducedby the
HMM aresigni�cant on the � = 0:05 level. Furthermore,we
classi�ed the samedatabasedsolely on the laserfeaturesand
ignoringthevision information.In this case,only 67.7%could
be classi�ed correctly without the HMM. The applicationof
the HMM increasesthe classi�cation performanceto 71.7%.
These three experiments illustrate that the HMM signi�-
cantly improves the overall rateof correctlyclassi�ed places.
Moreover, the third experiment shows that only the laser
information is not suf�cient to distinguishrobustly between
placeswith similar structure(see “of�ce” and “kitchen” in
Figure6).

D. Building Topological Maps

The next experimentis designedto analyzeour approach
to build topological maps. It was carried out in the of�ce
environment depicted in the motivating example shown in
Figure1. The lengthof the completecorridor in this environ-
mentis approx.20m. After applyingthesequentialAdaBoost
classi�er (see middle image in Figure 1), we applied the
probabilistic relaxation method togetherwith the heuristics
explained in Section V. The resulting topological map is
shown in Figure7. The�nal resultgivesa classi�cationrateof
98.0%for all datapoints.Thedoorway betweenthetwo right-
mostroomsunderthecorridoris correctlydetected.Therefore,

Door 4Door 3

Room 4 Room 5

Door 5

Corridor

Door 2

Door 6

Room 3

Room 2

Door 1

Room 1

Fig. 7. Final tropologicalmapwith of building 52 at Freiburg University.

the rooms are labeled as two different regions in the �nal
topologicalmap.

E. LearningTopological Mapsof UnknownEnvironments

This experiment is designedto analyzewhether our ap-
proach can be used to createa topological map of a new
unseenenvironment.To carryout theexperimentwe traineda
sequentialAdaBoostclassi�er using the training examplesof
themapsshown in Figure3 andFigure1 with differentscales.
The resultingclassi�er wasthenevaluatedon scanssimulated
in the mapdenotedas“SDR site B” in Radish[8]. This map
representsan empty building in Virginia, USA. The corridor
is approx.26 meterslong. The whole processfor obtaining
the topological map is depictedin Figure 8. The Adaboost
classi�er givesa �rst classi�cation of 92.4%.As canbe seen
in Figure 8(d), roomsnumber11 and 30 are actually part of
thecorridor, andthusfalselyclassi�ed.Moreover, thecorridor
is detectedas only one region, althoughhumanspotentially
would prefer to separateit into six different corridors: four
horizontal and two vertical ones.Doorways are dif�cult to
detectandthemajority of themdissappearafter therelaxation
processbecausethey arevery sparse.In the �nal topological
map96.9%of the datapointsarecorrectlyclassi�ed.

F. LearningTopological MapsusingAssociativeMarkov Net-
works (AMNs)

In this experiment, we classify the map of the building
79 at the University of Freiburg applying the learning and
inferenceprocessfor AMNs as explained in Section V-A.
We divide the map in two parts and use one of them for
training (seeleft image in Figure 3) and the secondone for
testing. In this experiment we reducethe resolution of the
mapsto 20cm. The reasonis that the original resolutionof
5cm generatesa huge network which exceedsthe memory
resourcesof our computersduring the training step of the
correspondingAMN. The left image of Figure 9 shows the
resultsof theclassi�cationusingAMNs. Theclassi�cationrate
using AMNs was 98.8%.We comparethis methodwith the
classi�cationobtainedusingour sequentialAdaBoosttogether
with the probabilistic relaxationprocedure.The right image
of Figure9 depictsthe classi�cation results.In this caseonly
92.1% of the cells were correctly classi�ed. As we can see,
one consequenceof changingthe resolutionto 20cm, is that
the classi�cation ratedecreases(seeright imageof Figure3).
We think this is due to the worse quality of the simulated
beamsin sucha granulatedmap. On the other hand,AMNs
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Fig. 8. This �gure shows (a) theoriginal mapof thebuilding, (b) the results
of applying the sequentialAdaBoostclassi�er with a classi�cation rate of
93%,(c) the resultingclassi�cationafter the relaxationandregion correction,
and(d) the �nal topologicalmapwith semanticinformation.The regionsare
omittedin eachnode.Theroomsarenumberedleft to right andtop to bottom
with respectto the map in (a). For the sake of clarity, the corridor-node is
drawn maintainingpart of its region structure.

corridor room doorway

Fig. 9. The left imagedepictsa classi�cationof 98.8%of thebuilding 79 at
University of Freiburg usingAMNs. The right imageshows the classi�cation
of thesamebuilding usingthesequentialAdaBoostclassi�er togetherwith the
probabilisticlabeling method.In this casethe classi�cation rate was 92.1%.
The training and test datawere obtainedby simulatinglaserrangescansin
the left mapof Figure3.

seemsto be more robust to changesin resolutionand give
betterclassi�cationsresults.

G. LaserObservationswith RestrictedField of View

In thisexperimentsweshow theresultsof applyingourclas-
si�cation methodswhen the laserrangescanhasa restricted
�eld of view. No image data was used.We �rst steereda
PowerBot robotequippedwith only a front laseralongthe6th
�oor of theCAS building at KTH (right to left). Thetrajectory
is shown in the top imageof Figure10. The datarecordedin
this �oor was usedto train the AdaBoostclassi�er. We then
classi�eda trajectoryon the7th �oor in thesamebuilding. We
startedthetrajectoryin anoppositedirection(left to right). The

corridor room doorway

Fig. 10. The top imageshows the training trajectoryon the 6th �oor of the
CAS building at KTH. Themiddle imagedepictsthelabelingof thetrajectory
of the 7th �oor using only a front laserwith a classi�cation rate of 84.4%.
Finally, thebottomimageshows thesamelabelledtrajectoryusinga complete
laser �eld of view togetherwith a local map. In this casethe classi�cation
ratedecreasesslightly to 81.6%.

resultingclassi�cationrateof 84.4%is depictedin themiddle
image of Figure 10. We repeatedthe experimentsimulating
the rear laserusing a local map.The classi�cation decreases
slightly to 81.6%.Most of the errorsappearin poseswhere
the robot still seesa doorway due to the rear beams.This is
not the casewhenusingonly a front laser, becausethe robot
only seesa doorway whenfacing it.

To verify that thedoorwayscanbethereasonof the lack of
improvementusing local maps,we repeatboth experiments,
but in this caseusingonly two classes,namelyroomandcorri-
dor. Theresultsareshown in Figure11.Thetop imagedepicts
the labelingusingonly a front laserwith a classi�cation rate
of 87.3%.The bottom imageshows the result of simulating
the rear beamsusing a local map. The classi�cation rate in
this caseincreasesto 95.8%.

VII I . CONCLUSION

In this paper, we presenteda novel approachto classify
different places in the environment of a mobile robot into
semantic classes,like rooms, hallways, corridors, of�ces,
kitchens,or doorways. Our algorithm usessimple geometric
featuresextractedfrom a single laser rangescanand infor-
mationextractedfrom cameradataandappliesthe AdaBoost
algorithm to form a binary strong classi�er. To distinguish
betweenmore than two classes,we usea sequenceof strong
binary classi�ers arrangedin a decisionlist.

We presentedtwo applicationsof our approach.Firstly, we
perform an online classi�cation of the positions along the
trajectoriesof a mobile robot by �ltering the classi�cation



corridor room

Fig. 11. In this experimentsonly two classeswhereused,namelyroom and
corridor. The top imagedepictsthe classi�cation of the trajectoryof the 7th
�oor usingonly a front laserwith a classi�cation rateof 87.3%.The bottom
imageshows thesametrajectoryusinga completelaser�eld of view together
with a local map.In this casethe classi�cation rate increasesto 95.8%.

output using a hidden Markov model. Secondly, we present
a new approachto createtopologicalgraphsfrom occupancy
grids by applying a probabilistic relaxation labeling to take
into account dependenciesbetween neighboring places to
improve the classi�cations.

Experimentscarriedout usingreal robotsaswell asin sim-
ulation illustrate that our techniqueis well-suited to reliably
labelplacesin differentenvironments.It allows us to robustly
separatedifferentsemanticregionsandin this way it is ableto
learn topologiesof indoor environments.Furtherexperiments
illustratethata learnedclassi�er canevenbeappliedto so far
unknown environments.
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