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Abstract Indoorenvironmentscantypically bedividedinto placeswith different
functionalitieslike corridors,kitchens,of�ces, or seminarrooms.We believe that
suchsemanticinformationenablesamobilerobotto moreef�ciently accomplisha
varietyof taskssuchashuman-robotinteraction,path-planning,or localization.In
this paper, we proposeanapproachto classifyplacesin indoorenvironmentsinto
different categories. Our approachusesAdaBoostto boostsimple featuresex-
tractedfrom visionandlaserrangedata.Furthermore,weapplyaHiddenMarkov
Model to take spatialdependenciesbetweenrobot posesinto accountandto in-
creasethe robustnessof the classi�cation. Our techniquehasbeenimplemented
andtestedon real robotsaswell asin simulation. Experimentspresentedin this
paperdemonstratethatourapproachcanbeutilizedto robustlyclassifyplacesinto
semanticcategories.

1 Intr oduction

In thepast,many researchershaveconsideredtheproblemof building accu-
ratemetricor topologicalmapsof theenvironmentfrom thedatagathered
with a mobile robot. The questionof how to augmentsuchmapsby se-
manticinformation,however, is virtually unexplored.Whenever robotsare
designedto interactwith theirusers,semanticinformationaboutplacescan
beimportant.

In this paper, we addressthe problemof classifyingplacesof the en-
vironmentof a mobile robot usingrange�nder dataandvision features.
Indoor environments,like the one depictedin Figure 1, can typically be
dividedinto areaswith differentfunctionalitiessuchaslaboratories,of�ce
rooms,corridors,or kitchens.Someof theseplaceshave specialgeometric
structuresandcanthereforebe distinguishedmerelybasedon laserrange
data.Thetypesof otherplaces,however, canonly be identi�ed according
to theobjectslocatedat them.For example,acoffeemachinecantypically
befoundin thekitchen.To detectsuchobjects,weusevisiondataacquired
by acamerasystem.

In theapproachdescribedhere,weapplytheAdaBoostalgorithm[6] to
boostsimplefeatures,whichontheirownareinsuf�cient for areliablecate-
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Figure1. An environmentwith of�ces, doorways,a corridor, a kitchen,anda laboratory.
Additionally, the �gure shows typical observationsobtainedby a mobile robotat different
places.

gorizationof places,to astrongclassi�er for placelabeling.Sincetheorig-
inal versionof AdaBoostprovidesonly binarydecisions,wedeterminethe
decisionlist with thebestsequenceof binarystrongclassi�ers.To takespa-
tial dependenciesinto account,we applya HiddenMarkov Model (HMM)
which estimatesthe labelof thecurrentposebasedon thecurrentandthe
previousoutputsof thesequenceof binarystrongclassi�ers.Experimental
resultsshown in this paperillustrate that our classi�cation systemyields
recognitionratesof morethan91%or 93% (dependingon thenumberof
classesto distinguishbetween).We alsopresentexperimentsillustrating
that the resultingclassi�er caneven be usedin environmentsfrom which
no trainingdatawereavailable.

In thepast,severalauthorsconsideredtheproblemof addingsemantic
information to places. Buschkaand Saf�otti [4] describea virtual sen-
sor that is ableto identify roomsfrom rangedata. Also KoenigandSim-
mons[9] applya pre-programmedroutineto detectdoorwaysfrom range
data.AlthausandChristensen[1] useline featuresto detectcorridorsand
doorways. Someauthorsalso apply learning techniquesto localize the
robot or to identify distinctive statesin the environment. For example,
Ooreet al. [15] train a neuralnetwork to estimatethelocationof a mobile
robot in its environmentusing the odometryinformation and ultrasound
data.KuipersandBeeson[10] applydifferentlearningalgorithmsto learn
topologicalmapsof theenvironment.

Additionally, learningalgorithmshave beenusedto identify objects.
For example,Anguelov et al. [2, 3] applytheEM algorithmto clusterdif-
ferenttypesof objectsfrom sequencesof rangedataandto learnthestate
of doors. Limketkai et al. [12] userelationalMarkov networks to detect
objectslikedoorwaysbasedon laserrangedata.Furthermore,they employ
Markov chainMonte Carlo to learnthe parametersof the models. Trep-
tow etal. [19] utilize theAdaBoostalgorithmto trackasoccerball without
color information.In a recentwork, Torralbaandcolleagues[18] useHid-
denMarkov Modelsfor learningplacesfrom imagedata.



Comparedto the otherapproaches,our algorithmis able to combine
arbitrary featuresextractedfrom different sensorsto form a sequenceof
strongclassi�ers to label places.Our approachis alsosupervised,which
hastheadvantagethattheresultinglabelscorrespondtouser-de�nedclasses.

2 The AdaBoostAlgorithm

Boostingis a generalmethodfor creatingan accuratestrongclassi�er by
combininga setof weakclassi�ers. The requirementfor eachweakclas-
si�er is that its accuracy is betterthana randomguessing.In this work,
we applytheAdaBoostalgorithmwhich hasoriginally beenintroducedby
FreundandSchapire[6]. The input to this algorithm is a setof labeled
trainingexamples.In aseriesof T rounds,thealgorithmrepeatedlyselects
a weakclassi�er hj (x) usinga distribution D over the trainingexamples.
Theselectedweakclassi�er is expectedto have asmallclassi�cationerror
on thetrainingdata.Theideaof thealgorithmis to modify thedistribution
D by increasingtheweightsof themostdif�cult trainingexamplesoneach
round. The �nal strongclassi�er H is a weightedmajority vote of the T
bestweakclassi�ers.

Throughoutthis work, we use the approachpresentedby Viola and
Jones[20] in which theweakclassi�ersdependon single-valuedfeatures
f j 2 < . Two kinds of weakclassi�ersarecreatedin our currentsystem.
The�rst typeis de�ned asby Viola andJonesandhastheform

hj (x) =
�

+1 if pj f j (x) < pj � j
� 1 otherwise;

(1)

where� j is a thresholdandpj is either� 1 or +1 andthusrepresentsthe
directionof the inequality. We designeda secondtype of weakclassi�er
whichhastheform

hj (x) =
�

pj if � 1
j < f j (x) < � 2

j
� pj otherwise;

(2)

where� 1
j and � 2

j de�ne an interval andpj is either+1 or � 1 indicating
whetherexamplesinside the interval are positive or negative. For both
typesof weakclassi�ers, the output is +1 or � 1 indicatingwhetherthe
classi�cationis positive or negative. The AdaBoostalgorithmdetermines
for eachweakclassi�erhj (x) theoptimalparameters,suchthatthenumber
of misclassi�edtrainingexamplesis minimized.

The AdaBoostalgorithm hasbeendesignedfor binary classi�cation
problems. To classifyplacesin the environment,we needthe ability to
handlemultiple classes.To achieve this,we usea sequenceof binaryclas-
si�ers, whereeachelementof sucha sequencedeterminesif an example



classH(x)=1

.  .  .

H(x)=1 class

class
H(x)=0 H(x)=0

  K

  K-11

classifier
binary

  1   K-1classifier
binary

Figure2. A decisionlist classi�er for K classesusingbinaryclassi�ers.

belongsto onespeci�c class. If theclassi�er returnsa positive result,the
exampleis assumedto becorrectlyclassi�ed. Otherwise,it is recursively
passedto thenext elementin this list. Figure2 illustratesthestructureof
suchadecisionlist classi�er.

In our currentsystem,we typically considera smallnumberof classes
which makesit feasibleto evaluateall potentialsequencesandchoosethe
bestorderof binaryclassi�ers.Althoughthisapproachis exponentialin the
numberof classes,theactualnumberof permutationsconsideredis limited
in ourdomaindueto thesmallnumberof classes.In practice,wefoundout
thattheheuristicwhichsortstheclassi�ersin increasingorderaccordingto
their classi�cationratealsoyieldsgoodresultsandat thesametimecanbe
computedef�ciently. In severalsituations,thesequencegeneratedby this
heuristicturnedout to betheoptimaloneor verycloseto it [16].

3 Featuresfr om Vision and Laser Data

In this section,we describethe featuresusedto createthe weak classi-
�ers in theAdaBoostalgorithm. Our robot is equippedwith a 360degree
�eld of view lasersensoranda camera. Eachlaserobservation consists
of 360beams.Eachvision observationconsistsof 8 imageswhich form a
panoramicview. Figure1 illustratesdifferentimagesandlaserrangeread-
ings taken in an of�ce environment. Accordingly, eachtraining example
for the AdaBoostalgorithm consistof one laserobservation, one vision
observation,andits classi�cation.

Our methodfor placeclassi�cationis basedon single-valuedfeatures
extractedfrom laserandvisiondata.All featuresareinvariantwith respect
to rotationto make theclassi�cationof a posedependentonly on thepo-
sition of therobotandnot of its orientation.Most of our laserfeaturesare
standardgeometricalfeaturesusedfor shapeanalysis[8, 17]. Typical ex-
amplesconsideredby our systemareillustratedin Figure3. Thecomplete
list of laserfeaturesis providedby Mart́�nez-Mozoset al. [14].

In thecaseof vision,theselectionof thefeaturesismotivatedby thefact
that typical objectsappearwith differentprobabilitiesat differentplaces.
For example,theprobabilityof detectingacomputermonitoris largerin an
of�ce thanin a kitchen.For eachtypeof object,a vision featureis de�ned
asa function that takes asargumenta panoramicvision observation and
returnsthenumberof detectedobjectsof this typein it. This numberrep-



Figure 3. Examplesfor featuresgeneratedfrom laserdata,namelythe averagedistance
betweentwo consecutive beams,theperimeterof theareacoveredby ascan,andthemayor
axisof theellipsethatapproximatesthepolygondescribedby thescan.

resentsthesingle-valuedfeaturef j within AdaBoostaccordingto Eq. (1)
andEq. (2). In our case,we considermonitors,coffeemachines,soapdis-
pensers,of�ce cupboards,frontal faces,facepro�les, full humanbodies,
andupperhumanbodies.An exampleof suchobjectsis shown in Figure1.
Theindividual objectsaredetectedusingclassi�ersalsotrainedwith Ada-
Boostandbasedon the setof Haar-like featuresproposedby Lienhartet
al. [11].

In casethe observationsdo not cover a 360 degree�eld of view, the
propertyof therotationalinvarianceis lost. In sucha situation,we expect
that muchmoretraining datawill be necessaryandthat the classi�cation
will belessrobust.

4 Probabilistic PlaceRecognition

The approachdescribedso far is ableto classifysingleobservationsonly
but doesnot take into accountpastclassi�cationswhen determiningthe
type of placethe robot is at. However, whenever a mobile robot moves
throughanenvironment,thesemanticlabelsof nearbyplacesaretypically
identical.Furthermore,certaintransitionsbetweenclassesareunlikely. For
example,if therobot is currentlyin a kitchenthenit is ratherunlikely that
therobotendsup in anof�ce givenit movedashortdistanceonly. In many
environments,to get from thekitchento theof�ce, therobot typically has
to move throughadoorway �rst.

To incorporatesuchspatialdependenciesbetweentheindividualclasses,
weapplyaHiddenMarkov Model(HMM) andmaintainaposteriorBel(� t )
aboutthetypeof theplace� t therobotis currentlyat

Bel(� t ) = �P (zt j � t )
X

� t � 1

P(� t j � t � 1; ut � 1)Bel(� t � 1): (3)

In this equation,� is a normalizingconstantensuringthat the left-hand
sidesumsup to oneover all � t . To implementthis HMM, threecompo-
nentsneedto be known. First, we needto specifythe observation model
P(zt j � t ) which is the likelihoodthat theclassi�cationoutputis zt given
the actualclassis � t . Second,we needto specify the transitionmodel
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Figure4. Theleft imageillustratesa classi�cationoutputz. Theright imagedepictsproba-
bilities of possibletransitionsbetweenplacesin theenvironment.To increasethevisibility,
we useda logarithmicscale.Darkvaluesindicatelow probability.

P(� t j � t � 1; ut � 1) which de�nestheprobabilitythattherobotmovesfrom
class� t � 1 to class� t by executingactionut � 1. Finally, we needto specify
how thebeliefBel(� 0) is initialized.

In our currentsystem,we choosea uniform distribution to initialize
Bel(� 0). Furthermore,theclassi�cationoutputzt is representedby a his-
togram,asillustratedin the left imageof Figure4. In this histogram,the
k-th bin storestheprobabilitythattheclassi�edlocationbelongsto thek-th
classaccordingto thesequenceof classi�ersin our decisionlist (compare
Figure2). To computetheindividual valuesfor eachbin of thathistogram,
we usethe approachby Friedmanet al. [7]. It determinesa con�dence
valueC 2 [0; 1] for apositive binaryclassi�cationwith AdaBoost.Let Ck
referto thecon�dencevalueof thek-th binaryclassi�er in ourdecisionlist.
Then,theprobability that the locationto be classi�ed belongsto the k-th
classis givenby thek-th bin of thehistogramz computedas

z[k] = Ck

k� 1Y

j =1

(1 � Cj ); (4)

whereasfor thecon�dencevalueCK , usedto computethe last bin (z[K ])
of thehistogram,holdsCK = 1 accordingto thestructureof thedecision
list (compareFigure2).

To determineP(zt j � t ), we usethe KL-divergence[5] betweentwo
distributions. The �rst distribution is the currentclassi�cation outputzt .
Thesecondoneis learnedfrom astatistics:for eachclass� , we computea
histogramẑ1:h(� ) usingh observationsrecordedwithin a placebelonging
to class� (hereh = 50). This histogramẑ1:h(� ) is obtainedby averaging
over the individual histogramŝz1; : : : ; ẑh , which arecomputedaccording
to Eq. (4). To determineP(zt j � t ), we usetheKL-divergencekld(� k �)
whichprovidesameasureaboutthesimilarity of two distributions

P(zt j � t ) = e� kld (zt k ẑ1:h (� t )) 2
: (5)
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Figure5. Thedistributionsdepictedin the�rst row show thelearnedhistogramŝz1:h (� ) for
the individual classes(herecorridor (1), doorway (2), kitchen(3), lab (4), seminarroom
(5), andof�ce (6)). Theleft imagein thesecondrow depictsapossibleclassi�cationoutput
zt . In theright image,eachbar representsthecorrespondinglikelihoodP(zt j � t ) for the
differentestimatesof � t .

To illustratethe computationof the observation likelihoodP(zt j � t )
considerFigure5. The�rst row depictsexamplesfor thehistogramŝz1:h(� ).
The left imagein the secondrow depictsthe output zt of the sequential
classi�er while therobotwasin anof�ce. As canbeseen,alsotheclasses
doorwayandseminarroomhaveaprobabilitysigni�cantly largerthanzero.
Thisoutputzt andthehistogram̂z1:h(� t ) is thanusedto computeP(zt j � t )
accordingto Eq. (5). The resultfor all classesis depictedin theright im-
agein the secondrow. In this image,eachbin representsthe likelihood
P(zt j � t ) for the individual classes� t . As canbe seen,the observation
likelihoodgiven therobot is in a doorway is closeto zero,whereaslikeli-
hoodgiven it is in an of�ce is around90%, which is actually the correct
class.

To realizethe transitionmodelP(� t j � t � 1; ut � 1), we only consider
the two actionsut � 1 2 f Move; Stayg. The transitionprobabilitieswere
learnedin amanuallylabeledenvironmentby running1000simulationex-
periments. In eachrun, we startedthe robot at a randomlychosenpoint
andorientation. We thenexecuteda randommovementso that the robot
traveledbetween20cmand50cm.Thesevaluescorrespondsto typicaldis-
tancestraveledby therobotbetweentwo consecutive updatesof theHMM.
The�nally obtainedtransitionprobabilitymatrixP(� t j � t � 1; ut � 1) for the
actionMove is depictedin theright imageof Figure4. As canbeseen,the
probabilityof stayingin a placewith thesameclassi�cationis higherthan
theprobabilityof changingtheplace.Moreover, theprobabilityof moving
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Figure6. Whereasthe left imagedepictsthe trainingdata,theright imageshows theclas-
si�cation resulton thetestset.Thetrainingandtestdatawereobtainedby simulatinglaser
rangescansin themap.

from a room to a doorway is higher thanthe probability of moving from
a roomdirectly to a corridor. This indicatesthat therobot typically hasto
crossa doorway �rst in orderto reacha differentroom. Furthermore,the
matrix shows a lower probabilityof stayingin a doorway thanstayingthe
thesametypeof room. This is dueto the fact thata doorway is usuallya
smallareain which therobotnever restsfor a longerperiodof time.

5 Experiments

Theapproachdescribedabove hasbeenimplementedandtestedon a real
robotaswell asin simulation.Therobotsusedto carryout theexperiments
werean ActivMediaPioneer2-DX8 equippedwith two SICK laserrange
�nders aswell asaniRobotB21rrobotwhichis additionallyequippedwith
acamerasystem.

Thegoalof theexperimentsis to demonstratethatour simplefeatures
canbe boostedto a robust classi�er of places. Additionally, we analyze
whetherthe resultingclassi�er canbe usedto classifyplacesin environ-
mentsfor which no trainingdatawereavailable.Furthermore,we demon-
stratetheadvantagesof utilizing thevision informationto distinguishbe-
tweendifferentroomslike, e.g.,kitchens,of�ces, or seminarrooms. Ad-
ditionally, we illustratethe advantagesof the HMM �ltering for classify-
ing placeswith a moving mobile robot. Finally, we brie�y presentresults
comparingour sequentialAdaBoostclassi�er with a multi-classvariantof
AdaBoost,calledAdaBoost.M2[6]. Throughoutourexperiments,theterm
classi�cationresultrefersto themostlikely classreportedby theHMM or
respectively by thesequenceof binaryclassi�ers.

5.1 Resultswith the sequentialclassi�er usingLaser Data
The �rst experimentwasperformedusingsimulateddatafrom our of�ce
environmentin building 79 at theUniversityof Freiburg. Thetaskwasto
distinguishbetweenthreedifferent typesof places,namelyrooms,door-
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Figure7. Theleft imagedepictsatrajectoryof arobotandthecorrespondingclassi�cations
basedonreallaserdata.Therobotusedin thisexperimentis depictedin theright image.

ways,anda corridor basedon laserrangedataonly. In this experiment,
we solelyappliedthesequentialclassi�er without theHMM �ltering. For
thesake of clarity, we separatedthetestfrom thetrainingdataby dividing
the overall environmentinto two areas.Whereasthe left part of the map
containsthe training examples,the right part includesonly testdata(see
Figure6). Theoptimaldecisionlist for thisclassi�cationproblemin which
the robothadto distinguishbetweenthreeclassesis room-doorway. This
decisionlist correctlyclassi�es93.9%of all testexamples(seeright im-
ageof Figure6). Theworstcon�gurationsof thedecisionlist arethosein
which the doorway classi�er is in the �rst place. This is probablydueto
thefact,thatdoorwaysarehardto detectandtypically mostpartsof arange
scanobtainedin a doorway cover theadjacentroomsor thecorridor. Note
thatweobtainedsimilarsuccessrateswith alternative trainingandtestsets.

Thenext experimenthasbeencarriedout with a realmobilerobotthat
we manuallysteeredthroughtheenvironment.Weusedthesameclassi�er
asin thepreviousexperiments.Thetrajectoryincludingthecorresponding
classi�cationresultsaswell asthemobilerobotaredepictedin Figure7. As
canbeseenfrom this �gure, the learnedclassi�er yieldsa robust labeling
alsofor realrobotdata.

Additionally, we performedanexperimentusinga mapof theentrance
hall at the University of Freiburg which containedfour differentclasses,
namelyrooms,corridors,doorways,andhallways. The optimal decision
list is corridor-hallway-doorway with asuccessrateof 89.5%.

5.2 Transferring the Classi�ers to NewEnvir onments
Thesecondexperimentis designedto analyzewhethera classi�er learned
in a particularenvironmentcanbeusedto successfullyclassifytheplaces
of anew environment.To carryout thisexperiment,wetrainedoursequen-
tial classi�er in theleft half of themapshown in Figure1. In theright half
of this environment,our approachwasableto correctlyclassify92.1%of
all places.The resultingclassi�er wasthenevaluatedon scanssimulated
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Figure8. The left mapdepictsthe occupancy grid mapof the Intel ResearchLab andthe
right imagedepictstheclassi�cationresultsobtainedby applyingtheclassi�er learnedfrom
theenvironmentdepictedin Figure1 to this environment.Thefactthat82.2%of all places
couldbecorrectlyclassi�ed illustratesthattheresultingclassi�erscanbeappliedto sofar
unknown environments.

given the mapof the Intel ResearchLab in Seattledepictedin Figure8.
For thesescansthe classi�cationratedecreasedto 82.2%. This indicates
thatourAlgorithm yieldsgoodgeneralizationswhichcanalsobeappliedto
correctlylabelplacesof sofarunknown environments.Notethatasuccess
rateof 82.2%is quitehigh for this environment,sinceeven humanstypi-
cally cannotconsistently/correctly classifytheplacesin thisenvironment.

5.3 Impr oving RobustnessusingHMM Filtering
The third experimentwasperformedusingreal laserandvision dataob-
tainedin a typicalof�ce environment,whichcontainssix differenttypesof
places,namelyof�ces, doorways,a laboratory, a kitchen,a seminarroom,
anda corridor. The true classi�cationof the differentplacesin this envi-
ronmentsis shown in Figure9.

The classi�cation performanceof the classi�er on a typical real data
testsetis shown in in left imageof Figure10. Theclassi�cationratein this
experimentis 73.7%. If we additionallyapply the HMM to estimatethe
typeof theplace,theclassi�cationrateincreasesupto 90.9%.Thelabeling
obtainedwith theHMM is shown in theright imageof Figure10.

A furtherexperimentwascarriedout usingtestdataobtainedin a dif-
ferentpart of the samebuilding. We appliedthe sameclassi�er asin the
previousexperiment.Whereasthesequentialclassi�er yieldsa classi�ca-
tion rateof 75.4%,the combinationwith the HMM generatedthe correct
answerin 91.2%of all cases.A two-samplet-testappliedto theclassi�ca-
tion resultsobtainedalongthetrajectoriesfor bothexperimentsshowedthat
the improvementsintroducedby the HMM aresigni�cant. Furthermore,
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Figure9. Groundtruth labelingof theindividual areasin theenvironment.
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Figure10.Theleft imagedepictsa typical classi�cationresultfor a testsetobtainedusing
only theoutputof thesequenceof classi�ers. Theright imageshows theresultingclassi�-
cationin caseaHMM is additionallyappliedto �lter theoutputof thesequentialclassi�er.

we classi�edthesamedataignoringthevision informationandbasedonly
on thelaserfeatures.In this case,only 54.4%couldbeclassi�edcorrectly
without theHMM. Theapplicationof theHMM increasestheclassi�cation
performanceto 66.7%. Thesethreeexperimentsillustratethat the HMM
seriouslyimprovestheoverall rateof correctlyclassi�edplaces.

5.4 Comparisonof the SequentialClassi�er with AdaBoost.M2
Our currentsystemusesa sequenceof strongbinary classi�ers arranged
in a decisionlist. To evaluatethis approach,we comparedit to Ada-
Boost.M2[6], which is a multi-classvariantof AdaBoost. In all our ex-
periments,the optimal sequentialclassi�ers performedbetter than Ada-
Boost.M2.Table1 providesaquantitative analysisof theclassi�cationper-
formancefor threedifferentenvironments.As canbeseen,our sequential
AdaBoostclassi�er yieldsbetterresultsthantheAdaBoost.M2algorithm.
A moredetailedcomparisonbetweenbothalgorithmscanbefound in the
work by Mart́�nez-Mozos[13].

We also evaluatedthe performanceof the systemwhen the order of
thebinarystrongclassi�ersis chosenaccordingto their classi�cationrate.
Comparedto theoptimalorder, theclassi�er generatedby theheuristicfor
six differentclassesperformedin averageonly 1.3%worse.



Table1. Classi�cationresultsfor differentclassi�ers.

Environment Seq.Classi�er % AdaBoost.M2%
depictedin Figure1 92.1 91.8
depictedin Figure6 93.9 83.8

Univ. of Freiburg, entrancehall 89.5 82.3

6 Conclusion

In this paper, we presenteda novel approachto classifydifferentplacesin
theenvironmentof a mobile robot into semanticclasses,like rooms,hall-
ways,corridors,of�ces, kitchens,or doorways.Our algorithmusessimple
geometricfeaturesextractedfrom asinglelaserrangescanandinformation
extractedfrom cameradataandappliestheAdaBoostalgorithmto form a
strongclassi�er. To distinguishbetweenmorethantwo classes,we usea
sequenceof strongbinary classi�ers arrangedin a decisionlist. We fur-
thermoreusea HiddenMarkov Model to take into accountthespatialde-
pendenciesbetweenplaces.Experimentscarriedoutonarealrobotaswell
as in simulationillustrate that our techniqueis well-suitedto reliably la-
bel placesin differentenvironments.Furtherexperimentsillustratethat a
learnedclassi�er canevenbeappliedto sofar unknown environments.Fi-
nally, we comparedour sequentialAdaBoostclassi�er to AdaBoost.M2,
a multi-classvariantof the AdaBoostalgorithm. In our experiments,the
sequentialclassi�er alwaysoutperformedAdaBoost.M2.

We belive that theseresultsopennew directionsfor future research.
First, semanticlabelscanbeusedto facilitateloop-closingactionsduring
explorationandSLAM. Furthermore,theextractionof labelswill support
naturalinteractionwith users.
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