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Abstract—Indoor environments can typically be divided into
places with different functionalities like corridors, kitchens,
of ces, or seminar rooms. The ability to learn such semantic
categoriesfrom sensordata enablesa mobile robot to extend the
representationof the ervironmentfacilitating the interaction with
humans. As an example, natural languageterms lik e “corridor”
or “room” 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 approach basedon 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 introduce an approach to learn topological maps from
geometricmapsby applying our semanticclassi cation procedure
in combination with a probabilistic relaxation procedure. We
nally show how to apply associatve Mark ov networks (AMNS)
together with AdaBoostfor classifying completegeometric maps.
Experimental resultsobtained in simulation and with real robots
demonstrate the effectivenessof our approach in various indoor
ervironments.

|. INTRODUCTION

In the past,mary researcherbave consideredhe problem
of building accuratemapsof the ervironmentfrom the data
gatheredwith a mobile robot. The questionof how to augment
such maps by semanticinformation, however, is virtually
unexplored. Whenerer robots are designedto interact with
their users,semanticinformation about placescan improve
the human-robotcommunication From the point of view of
humanstermslike “corridor” or “room” give a moreintuitive
ideaof the position of the robot than using, for example,the
2D coordinatesn a map.

In this work, we addresghe problemof classifyingplaces
of the ervironmentof a mobile robot using range nder and
vision data, as well as building topological maps basedon
that knowledge. Indoor ervironments,like the one depicted
in Figure 1, cantypically be divided into areaswith different
functionalitiessuchaslaboratoriespf ce rooms,corridors,or
kitchens Whereasomeof theseplaceshave specialgeometric
structuresand canthereforebe distinguishedmerely basedon
laserrangedata,otherplacescanonly beidenti ed according
to the objectsfound there like, for example, monitorsin a
laboratory To detectsuchobjects we usevision dataacquired
by a camerasystem.
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Fig. 1. The left image shavs a map of a typical indoor ervironment.
The middle image depictsthe classi cation into three semanticclassesas
colors/grg levels. For this purposethe robotwaspositionedin eachfree pose
of the original map and the correspondindaserobsenationswere simulated
and classi ed. The right imagesshav typical laser and image obsenations
togetherwith someextractedfeatures,namelythe averagedistancebetween
two consecutie beamsin the laserand the numberof monitors detectedin

theimage.

The key ideais to classify the poseof the robot basedon
the currentlaserandvision obsenations.Exampledor typical
obsenations obtainedin an of ce ervironmentare shawvn in
the right imagesof Figure 1. The classi cationis then done
applyinga sequencef classi ers learnedwith the AdaBoost
algorithm [18]. These classi ers are built in a supervised
fashionfrom simplegeometricfeatureghatareextractedfrom
the current laser scanand from objects extracted from the
currentimagesas shown in the right imagesof Figure 1. As
an example,the left imagein Figure 1 shaws a typical indoor
ervironmentand the middle image depictsthe classi cation
obtainedusing our method.

We furthermorepresenttwo main applicationsof this ap-
proach.Firstly, we shov 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 cationin combinationwith a
probabilistic relaxationprocedure.In this last casewe com-
parethe resultswhen using an associatie Markov networks
(AMNSs) with thoseobtainedwith AdaBoost.

The rest of this work is organized as follows. Sectionl|
presentsrelated work. In Section Ill, we describethe se-
guential AdaBoostclassi er. In SectionlV, we presentthe
application of a hidden Markov model to the online place
classi cation with a moving robot. SectionV containsour
approachfor topological map building. In Section VI we
presensomeresultswhenusingarange nder with arestricted



eld of view. Finally, SectionVIl presentgxperimentakesults
obtainedusing our methods.

Il. RELATED WORK

In thepast,severalauthorsconsideredhe problemof adding
semanticinformation to places. Buschka and Safotti [5]
describea virtual sensorto identify roomsfrom rangedata.
Koenig and Simmons[9] apply a pre-programmedoutine
to detect doorways. Finally, Althaus and Christensen[1]
use sonar datato detectcorridors and doorways. Learning
algorithms have additionally been used to identify objects
in the ervironment. For example, Anguelos et al. [2], [3]
apply the EM algorithm to cluster different typesof objects
from sequencesf rangedataandto learnthe stateof doors.
Limketkai et al. [12] userelationalMarkov networksto detect
objects like doorways basedon laser range data. Finally,
Torralbaand colleagueq23] use hidden Markov modelsfor
learningplacesfrom imagedata.

Comparedto theseapproachespur algorithm is able to
combinearbitrary featuresextractedfrom differentsensorgo
form a sequenceof binary strongclassi ers to label places.
Our approachs alsosupervisedwhich hasthe advantagethat
the resultinglabelscorrespondo userde ned classes.

Ontheotherhand,differentalgorithmsfor creatingtopolog-
ical mapshave beenproposedKuipersandByun [11] extract
distinctive pointsin the map de ned as local maxima of a
distinctvenessmeasureKortenkampandWeymouth[10] fuse
vision and ultrasoundinformation to determinetopologically
relevant places.Shatley and Kaelbling [19] apply a HMM
learningapproachto learntopologicalmaps.Thrun [22] uses
theVoronoidiagramto nd critical points,which minimizethe
clearancdocally. Choset[7] encodesmetric and topological
informationin a generalized/oronoigraphto solve the SLAM
problem.Additionally, Beesonet al. [4] usedan extensionof
the Voronoi graphfor detectingtopological places.Zivkovic
et al. [26] use visual landmarksand geometric constraints
to createa higher level conceptualmap. Finally, Tapusand
Siggwart [20] used ngerprints to createtopologicalmaps.

In contrastto these previous approachesthe technique
describedn this paperappliesa supervisedearningmethodto
identify completeregionsin the maplike corridors,roomsor
doorwaysthathave a directrelationwith a humanunderstand-
ing of the environment.This knowledgeaboutsemantidabels
of placesis usedthento build topologicalmapswith a mobile
robot. We also apply associatie Markov networks (AMNS)
togetherwith AdaBoostto label eachpoint in a geometric
map.

I1l. 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 eachweak classi er is that its accurag is
betterthan a randomguessing.n this work we will usethe
boostingalgorithmAdaBoostin its generalizedorm presented
by Schapireand Singer[18]. The input to the algorithmis a

eachx, is an exampleandeachy, 2 f+1; 1gis a value
indicating whether x,, is positive or negative respectiely.
In our case,the training examplesare composedby laser
and vision obsenations. In several iterations the algorithm
repeatedlyselectsa weakclassi er usinga weight distribution
over the training examples.The nal strongclassier is a
weightedmajority vote of the bestweak classi ers.

Throughoutthis work, we use the approachpresentedby
Viola and Jones[25] in which the weak classi ers dependon
single-waluedfeaturesf; 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 classesTo createa multi-classclassi er
we usedthe approachappliedby Martnez Mozoset al. [14]
and create a sequentialmulti-class classier using K 1
binary classi ers,whereK is the numberof classesve want
to recognize.The classi cation output of the decisionlist is
then representedy a histogramz. Eachbin of z storesthe
probability that the classi ed example belongsto the k-th
class.The order of the classi ersin the decisionlist can be
selectedaccordingto different methodsas describedin [13]
and[14].

A. Featuesfrom Laserand Vision Data

In this section, we describethe featuresusedto create
the weak classi ers in the AdaBoost algorithm. Our robot
is equippedwith a 360 degree eld of view laser sensor
and a camera.Eachlaserobsenation consistsof 360 beams.
Eachvision obsenation consistof eightimageswhich form a
panoramicview. Figure 1 shavs a typical laserrangereading
aswell asone of the imagesfrom the panoramicview taken
in an of ce environment.Accordingly, eachtraining example
for the AdaBoostalgorithm consistof one laserobsenration,
onevision obsenation, andits classi cation.

Ourmethodfor placeclassi cationis basednsingle-\alued
featuresextractedfrom laserandvision data.All featuresare
invariant with respectto rotation to make the classi cation
of a posedependentbnly on the position of the robot and
not on its orientation.Most of our laserfeaturesare standard
geometricafeaturesusedfor shapeanalysisasthe oneshavn
in Figurel. In thecaseof vision, the selectiorof thefeatureds
motivatedby the factthattypical objectsappeamwith 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 asafunctionthattakesasargumenta panoramiovision
obsenation andreturnsthe numberof detectedbjectsof this
typein it. This numberrepresentshe single-\aluedfeaturef;
as explainedin Sectionlll. As an example, Figure 1 shavs
one imageof a panoramicview andits detectedmonitors.A
more detailedlist of laserandimagefeaturesis containedin
our previous work [14].



IV. PROBABILISTIC CLASSIFICATION OF TRAJECTORIES

The approachdescribedso far is able to classify single
obsenationsonly but doesnottake into accountpastclassi ca-
tionswhendeterminingthe type of placetherobotis currently
at. However, when&er a mobile robot moves through an
ervironment,the semantidabelsof nearbyplacesaretypically
identical. Furthermore certaintransitionsbetweenclassesare
unlikely. For example,if the robot is currently in a kitchen
thenit is ratherunlikely that the robot endsup in an of ce
given it moved a shortdistanceonly. In mary environments,
to get from the kitchen to the of ce, the robot hasto move
througha doorway rst.

To incorporatesuchspatialdependenciebetweenthe indi-
vidual classesye apply a hiddenMarkov model (HMM) and
maintaina posteriorBel(l;) aboutthe type of the placel; the
robotis currently at

X
Bel(ly) = P(z jlt)
It 1

In this equation, is a normalizing constantensuringthat
the left-hand side sumsup to one over all |;. To implement
this HMM, three componentsneedto be known. First, we
needto specifythe obsenation model P (z; j I;) which is the
likelihood that the classi cation outputis z; given the actual
classis l;. Second,we needto specify the transition model
P(l¢ jlt 1;u¢ 1) which de nes the probability that the robot
moves from classl; i to classl; by executingactionu; ;.
Finally, we needto specifyhow thebeliefBel(lo) is initialized.

In our current system,we choosea uniform distribution
to initialize Bel(lp). The quantity P (zjl;) hasbeenobtained
by a statisticsaboutthe classi cation output of the AdaBoost
algorithm given that the robot was at a place corresponding
to l;. To realize the transition model P (I¢jl; 1;u; 1) we
only considerthe two actionsu; ; 2 fMOVE;STAY g.
The transition probabilitieswere estimatedby running 1000
simulationexperiments A more completedescriptionis given
in [17].

P(lejle 1ur 1)Bel(ly 1)(1)

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 the ervironmentin theform of anoccupang grid [15].
Ourapproachthendeterminegor eachunoccupiectell of such
agrid its semanticclass. Thisis achievedby simulatingarange
scanof therobotgivenit is locatedin thatparticularcell, 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
neighborhoodvhen changing(or maintaining)the label of a
given cell. From the resulting labeling we constructa graph
whosenodescorrespondo 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 topologicalmap obtainedwith our approachis shovn
in the Figure 7. For more detail see[14].

A. SemanticClassi cation of Mapsusing AssociativeMarkov
Networks

The improvement on the labeling of free cells given by
our AdaBoost approachcan also be seenas 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 additionto the labelsof neighboringpoints,
RMNs also considerthe relations betweendifferent objects.
E.g.,we canmodelthefactthattwo classeA andB aremore
stronglyrelatedto eachotherthan,say classesA andC. This
modelingis done on the abstractclasslevel by introducing
cligue templates[6]. Applying theseclique templatesto a
givendatasetyieldsanordinaryMarkov network (MN). In this
MN, theresultis a higherweightingof neighboringpointswith
labelsA andB thanof pointslabeledA andC. Additionally,
eachnodein the network is associate setof features.

The whole processof labeling is composedof two steps.
First, a supervisedlearning processis used to learn the
parameter®f the RMN usedasa training set. Second a new
network is classi ed usingtheseparametersThis last stepis
alsocalledinference.In this work, we will usea specialtype
of RMNs known as associatie Markov networks (AMNS).
Ef cient algorithmsareavailablefor learningandinferencein
AMNSs (for more detail see[24]).

In our casewe createan AMN in which eachnoderep-
resentsa cell in the geometricmap. Each node is given a
semantidabel correspondingo the placein the map(corridor,
doorway or room). We also createa 8-neighborhoodor each
cell. Furthermorea setof featuress calculatedfor eachcell.
These featurescorrespondto the geometric ones extracted
from a simulatedlaserbeamasexplainedin Sectionlll-A. To
reducethenumberof featureduringthetrainingandinference
stepswe selecta subsebf them. This selectionis doneusing
the AdaBoostalgorithm[13].

VI. LASER OBSERVATIONS WITH RESTRICTED FIELD OF
VIEW

In this section we presentsome practical issues when
classifyinga trajectoryusingrangedatawith a restricted eld
of view. Speci cally, we explain how to extractfeaturesvhen
using a laserrange nder which only covers 18 in front
of the robot. This is one of the mostcommoncon gurations
whenusingmobilerobots.As anexample,if arobotis looking
at the end of a corridor, thenit is not ableto seethe rest of
the corridor, asis the casewith an additionalrearlaser This
situationis shavn in Figure 2. When classifyinga trajectory
we proposeto maintaina local maparoundtherobotasshovn
in theright imageof Figure2. This local mapcanbe updated
during the movementsof the robot andthenusedto simulate
the rear laser beams.In SectionVIl we shov someresults
whenlearningand classifyinga placeusing this method.



Fig. 2. The left imageshawvs a robot at the end of a corridor with only a
front laser (red). In the middle image the robot hasan additionalrear laser
(blue). The right image depictsan examplelocal map (shadedarea).
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Fig. 3. Theleft imagedepictsthe training data. The right image shavs the
testsetwith a classi cation rate of 97.3%. The training and test datawere
obtainedby simulatinglaserrangescansin the map.

VII. EXPERIMENTS

The approachedlescribedabore have beenimplemented
andtestedon real robotsaswell asin simulation.The robots
usedto carry out the experimentsverean ActivMedia Pioneer
2-DX8 equippedwith two SICK lasers,aniRobotB21r robot
equippedwith a camerasystemandan ActivMedia PaverBot
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 usedto classify placesin ervironments for which no
training datawas available. Furthermore we demonstratehe
adwantagesof utilizing the vision information to distinguish
betweerdifferentroomslike, e.g.,kitchens,of ces, or seminar
rooms.Additionally, we illustratethe advantageof the HMM

Itering for classifyingplaceswith a moving mobilerobot. We
alsopresentesultsapplyingour methodfor building semantic
topologicalmaps.Finally, we shav experimentsusinga robot
with only a front laser

A. Resultswith the SequentialClassi er using Laser Data

The rst experimentwas performedusing simulateddata
from our of ce ervironmentin building 79 at the University
of Freikurg. Thetaskwasto distinguishbetweerthreedifferent
typesof places nhamelyrooms,doorways,anda corridorbased
on laserrangedataonly. In this experiment,we appliedthe
sequentialclassi er without ary ltering. For the sale of
clarity, we separatedhe testfrom thetraining databy dividing
theoverall environmentinto two areasWhereagheleft partof
the mapcontainsthe training examplestheright partincludes
only test data (Figure 3). The optimal decisionlist for this
classi cation problem,in which the robot had to distinguish
betweenthree classes,is room-doorvay. This decision list
correctly classi es 97.3% of all test examples(right image
of Figure 3). Additionally, we performedan experimentusing
amapof the entrancehall at the University of Freibturg which
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Fig. 4. The left mapdepictsthe occupang grid map of the Intel Research
Lab andtheright imagedepictsthe classi cationresultsobtainedby applying

the classi er learned from the ervironment depictedin Figure 1 to this

ervironment. The fact that 83.0% of all placescould be correctly classi ed

illustrates that the resulting classi ers can be applied to so far unknovn

ervironments.

contained four different classes,namely rooms, corridors,
doorways,andhallways. The optimal decisionlist is corridor
hallway-doorvay 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.Thisis probablydueto
the fact, that doorways are hard to detectbecausetypically
most parts of a range scan obtainedin 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 Ernvironments

The secondexperimentis designedto analyzewhethera
classi er learnedin a particularervironmentcan be usedto
successfullyclassifythe placesof anew ernvironment.To carry
out this experiment, we trained our sequentialclassi er in
the left map of Figure 1, which correspondgo the building
52 at the University of Freiburg. The resultingclassi er was
then evaluatedon scanssimulatedgiven the map of the Intel
ResearchLab in Seattledepictedin Figure 4. Although the
classi cation rate decreasedo 83.0%, the result indicates
that our algorithm yields good generalizationswhich can
also be appliedto correctly label placesof so far unknavn
ervironments. Note that a successrate of 83.0% is quite
high for this environment,sinceeven humangypically cannot
consistentlyclassify the different places.

C. Classi cation of TrajectoriesusingHMM Filtering

The third experimentwas performedusing real laser and
vision dataobtainedin an of ce ervironment,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 different placesin this ervironments
is shavn in Figure 5. The classi cation performanceof the
classi er along a sampletrajectory taken by a real robot is
shawn in the left imageof Figure 6. The classi cationratein
this experimentis 82.8%.If we additionally apply the HMM
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Fig. 6. The left image depictsa typical classi cation result for a test set
obtainedusingonly the outputof the sequencef classi ers. Theright image
shaws the resulting classi cation in casea HMM is additionally appliedto
Iter the outputof the sequentiaklassi er.

for temporal ltering, the classi cation rate increasesup to
87.9%as shavn 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 generatedhe correctanswer
in 94.7% of all cases.A two-samplet-test applied to the
classi cation results obtainedalong the trajectoriesfor both
experimentsshaved that the improvementsintroducedby the
HMM aresigni cant onthe = 0:05 level. Furthermorewe
classi ed the samedatabasedsolely on the laserfeaturesand
ignoringthevision information.In this caseonly 67.7%could
be classi ed correctly without the HMM. The applicationof
the HMM increaseghe classi cation performanceto 71.7%.
These three experiments illustrate that the HMM signi -
cantly improvesthe overall rate of correctly classi ed places.
Moreover, the third experiment shavs that only the laser
information is not sufcient to distinguishrobustly between
placeswith similar structure (see “of ce” and “kitchen” in
Figure 6).

D. Building Topolagical Maps

The next experimentis designedto analyzeour approach
to build topological maps. It was carried out in the of ce
ervironment depictedin the motivating example shavn in
Figure 1. Thelengthof the completecorridorin this erviron-
mentis approx.20m. After applyingthe sequentiaAdaBoost
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
shavn in Figure7. The nal resultgivesaclassi cationrateof
98.0%for all datapoints.The doorway betweerthe two right-
mostroomsunderthe corridoris correctlydetectedTherefore,
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Fig. 7. Final tropologicalmapwith of building 52 at Freiburg University

Room 2,

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

E. Learning Topolagical Maps of UnknownErnvironments

This experimentis designedto analyzewhetherour ap-
proach can be usedto createa topological map of a new
unseerervironment.To carry out the experimentwe traineda
sequentialAdaBoostclassi er using the training examplesof
the mapsshowvn in Figure3 andFigure 1 with differentscales.
Theresultingclassi er wasthenevaluatedon scanssimulated
in the mapdenotedas“SDR site B” in Radish[8]. This map
represent@an 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
the corridor, andthusfalselyclassi ed. Moreover, the corridor
is detectedas only one region, althoughhumanspotentially
would prefer to separatet into six different corridors: four
horizontal and two vertical ones. Doorways are dif cult to
detectandthe majority of themdissappeaafterthe relaxation
processhecausdhey arevery sparseln the nal topological
map 96.9% of the datapointsare correctly classi ed.

F. LearningTopolggical Mapsusing AssociativeMarkov Net-
works (AMNSs)

In this experiment, we classify the map of the building
79 at the University of Freiburg applying the learning and
inference processfor AMNs as explained in Section V-A.
We divide the map in two parts and use one of them for
training (seeleft imagein Figure 3) and the secondone for
testing. In this experimentwe reducethe resolution of the
mapsto 20cm. The reasonis that the original resolution of
5cm generatesa huge network which exceedsthe memory
resourcesof our computersduring the training step of the
correspondingAMN. The left image of Figure 9 shaws the
resultsof theclassi cationusingAMNSs. Theclassi cationrate
using AMNs was 98.8%. We comparethis methodwith the
classi cationobtainedusingour sequentiaAdaBoosttogether
with the probabilistic relaxation procedure.The right image
of Figure9 depictsthe classi cationresults.In this caseonly
92.1% of the cells were correctly classi ed. As we can see,
one consequencef changingthe resolutionto 20cm, is that
the classi cation rate decreasegseeright imageof Figure 3).
We think this is due to the worse quality of the simulated
beamsin sucha granulatedmap. On the other hand, AMNs



(a) Original map (b) SequentialAdaBoostclassi cation

(d) Final topologicalmap

(c) Relaxationand region correction

corridor

Fig. 8. This gure shaws (a) the original mapof the building, (b) the results
of applying the sequentialAdaBoostclassi er with a classi cation rate of
93%, (c) theresultingclassi cationafter the relaxationandregion correction,
and (d) the nal topologicalmapwith semanticinformation. The regionsare
omittedin eachnode.The roomsarenumberedeft to right andtop to bottom
with respectto the mapin (a). For the sale of clarity, the corridornodeis
dravn maintainingpart of its region structure.

room

corridor room doorway

Fig. 9. Theleft imagedepictsa classi cationof 98.8%of the building 79 at
University of Freiturg usingAMNSs. The right imageshaws the classi cation
of thesamebuilding usingthe sequentiaAdaBoostclassi er togethemwith the
probabilisticlabeling method.In this casethe classi cation rate was 92.1%.
The training and test datawere obtainedby simulatinglaserrangescansin
the left map of Figure 3.

seemsto be more robust to changesin resolutionand give
betterclassi cationsresults.

G. LaserObservationswvith RestrictedField of View

In this experimentsve shav theresultsof applyingour clas-
si cation methodswhen the laserrangescanhasa restricted
eld of view. No image datawas used.We rst steereda
PaverBotrobotequippedwith only a front laseralongthe 6th
oor of the CAS building atKTH (right to left). Thetrajectory
is shawvn in the top imageof Figure 10. The datarecordedin
this oor wasusedto train the AdaBoostclassi er. We then
classi edatrajectoryonthe7th oor in the samebuilding. We
startedhetrajectoryin anoppositedirection(left to right). The

corridor room doorway

Fig. 10. Thetop imageshaws the training trajectoryon the 6th oor of the
CAS building at KTH. The middleimagedepictsthe labelingof thetrajectory
of the 7th oor usingonly a front laserwith a classi cation rate of 84.4%.
Finally, the bottomimageshavs the samelabelledtrajectoryusinga complete
laser eld of view togetherwith a local map. In this casethe classi cation
rate decreaseslightly to 81.6%.

resultingclassi cationrate of 84.4%is depictedin the middle
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 casewhen using only a front laser becausehe robot
only seesa doorway whenfacingit.

To verify thatthe doorways canbe the reasorof the lack of
improvementusing local maps,we repeatboth experiments,
but in this caseusingonly two classespamelyroomandcorri-
dor. Theresultsareshavn in Figure11. Thetop imagedepicts
the labeling using only a front laserwith a classi cation rate
of 87.3%. The bottom image shavs the result of simulating
the rear beamsusing a local map. The classi cation rate in
this caseincreasego 95.8%.

VIII. CONCLUSION

In this paper we presenteda novel approachto classify
different placesin the ervironment of a mobile robot into
semantic classes,like rooms, hallways, corridors, of ces,
kitchens,or doorways. Our algorithm usessimple geometric
featuresextractedfrom a single laser range scanand infor-
mation extractedfrom cameradataand appliesthe AdaBoost
algorithm to form a binary strong classi er. To distinguish
betweenmore thantwo classeswe usea sequencef strong
binary classi ers arrangedn a decisionlist.

We presentedwo applicationsof our approachFirstly, we
perform an online classi cation of the positions along the
trajectoriesof a mobile robot by Itering the classi cation
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Fig. 11. In this experimentsonly two classesvhereused,namelyroom and
corridor. The top imagedepictsthe classi cation of the trajectoryof the 7th
oor usingonly a front laserwith a classi cationrate of 87.3%.The bottom
imageshaws the sametrajectoryusinga completelaser eld of view together

with a local map.In this casethe classi cationrate increaseso 95.8%.

output using a hidden Markov model. Secondly we present
a new approachto createtopologicalgraphsfrom occupang
grids by applying a probabilistic relaxationlabeling to take
into account dependenciedetween neighboring places to
improve the classi cations.

Experimentscarriedout usingreal robotsaswell asin sim-
ulation illustrate that our techniqueis well-suitedto reliably
label placesin differentenvironments.It allows usto robustly
separataifferentsemantiaegionsandin thisway it is ableto
learntopologiesof indoor environments.Furtherexperiments
illustratethat a learnedclassi er caneven be appliedto sofar
unknavn environments.
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