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Abstract Indoorernvironmentscantypically be dividedinto placeswith different
functionalitieslik e corridors kitchens,of ces, or seminarooms.We believe that
suchsemantidnformationenablesamobilerobotto moreef ciently accomplista
variety of taskssuchashuman-robotnteraction path-planninger localization.In
this paper we proposeanapproacho classifyplacesin indoor ervironmentsnto
different categories. Our approachusesAdaBoostto boostsimple featuresex-
tractedfrom vision andlaserrangedata.Furthermorewe applyaHiddenMarkov
Model to take spatialdependenciebetweenrobot posesinto accountandto in-
creasethe robustnesf the classi cation. Our techniguehasbeenimplemented
andtestedon real robotsaswell asin simulation. Experimentgresentedn this
paperdemonstrat¢hatour approactcanbeutilized to robustly classifyplacesnto
semanticcategories.

1 Intr oduction

In thepastmary researchersave consideredheproblemof building accu-
ratemetric or topologicalmapsof the environmentfrom the datagathered
with a mobile robot. The questionof how to augmentsuchmapsby se-
manticinformation,however, is virtually unexplored. Wheneer robotsare
designedo interactwith their users semantianformationaboutplacescan
beimportant.

In this papey we addresghe problemof classifyingplacesof the en-
vironmentof a mobile robot usingrange nder dataand vision features.
Indoor ervironments,like the one depictedin Figure 1, cantypically be
dividedinto areaswith differentfunctionalitiessuchaslaboratoriespf ce
rooms,corridors,or kitchens.Someof theseplaceshave specialgeometric
structuresand canthereforebe distinguishednerely basedon laserrange
data. Thetypesof otherplaces however, canonly beidenti ed according
to the objectslocatedat them. For example,a coffee machinecantypically
befoundin thekitchen. To detectsuchobjectswe usevision dataacquired
by acamereasystem.

In theapproachdescribedere we applythe AdaBoostalgorithm[6] to
boostsimplefeaturesywhichontheirown areinsufcient for areliablecate-
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Figurel. An environmentwith of ces, doorways, a corridor, a kitchen,anda laboratory
Additionally, the gure shaws typical obserationsobtainedby a mobile robotat different
places.
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gorizationof placesto astrongclassi erfor placelabeling. Sincethe orig-
inal versionof AdaBoostprovidesonly binarydecisionswe determinghe
decisionlist with thebestsequencef binarystrongclassi ers. To take spa-
tial dependencieimito accountwe apply a HiddenMarkov Model (HMM)
which estimateghe label of the currentposebasedon the currentandthe
previousoutputsof the sequencef binary strongclassi ers. Experimental
resultsshawvn in this paperillustrate that our classi cation systemyields
recognitionratesof morethan91% or 93% (dependingon the numberof
classedo distinguishbetween). We also presentexperimentsillustrating
thatthe resultingclassi er caneven be usedin environmentsfrom which
no trainingdatawereavailable.

In the past,several authorsconsideredhe problemof addingsemantic
informationto places. Buschkaand Safotti [4] describea virtual sen-
sorthatis ableto identify roomsfrom rangedata. Also Koenigand Sim-
mons[9] apply a pre-programmedoutineto detectdoorwaysfrom range
data. AlthausandChristenserjl] useline featureso detectcorridorsand
doorways. Someauthorsalso apply learningtechniquego localize the
robot or to identify distinctive statesin the ervironment. For example,
Ooreetal. [15] train a neuralnetwork to estimatethe locationof a mobile
robot in its ervironmentusing the odometryinformation and ultrasound
data.KuipersandBeesor{10] apply differentlearningalgorithmsto learn
topologicalmapsof the environment.

Additionally, learningalgorithmshave beenusedto identify objects.
For example,Anguelo etal. [2, 3] applythe EM algorithmto clusterdif-
ferenttypesof objectsfrom sequencesf rangedataandto learnthe state
of doors. Limketkai et al. [12] userelationalMarkov networks to detect
objectdlike doorwayshasedn laserrangedata.Furthermorethey employ
Markov chainMonte Carloto learnthe parameter®f the models. Trep-
tow etal. [19] utilize the AdaBoostalgorithmto tracka soccetball without
colorinformation. In arecentwork, Torralbaandcolleague$18] useHid-
denMarkov Modelsfor learningplacesfrom imagedata.



Comparedo the otherapproachespur algorithmis ableto combine
arbitrary featuresextractedfrom different sensorgo form a sequencef
strongclassi ersto label places. Our approachis alsosupervisedwhich
hastheadwantagdhattheresultinglabelscorrespondo userde nedclasses.

2 The AdaBoostAlgorithm

Boostingis a generalmethodfor creatingan accuratestrongclassi er by

combininga setof weakclassi ers. The requiremenfor eachweakclas-
si er is thatits accurag is betterthana randomguessing.In this work,

we applythe AdaBoostalgorithmwhich hasoriginally beenintroducedoy

Freundand Schapirg[6]. The input to this algorithmis a setof labeled
trainingexamples.n aseriesof T rounds thealgorithmrepeatedlyselects
aweakclassi er h; (x) usingadistribution D over the training examples.
Theselectedveakclassi eris expectedto have asmallclassi cationerror
onthetrainingdata.Theideaof thealgorithmis to modify thedistribution

D by increasingheweightsof themostdif cult trainingexamplesoneach
round. The nal strongclassi er H is a weightedmajority vote of the T

bestweakclassi ers.

Throughoutthis work, we usethe approachpresentecby Viola and
Joned20] in which the weakclassi ersdependon single-waluedfeatures
f; 2 <. Two kinds of weakclassi ersarecreatedn our currentsystem.
The rst typeis de ned asby Viola andJonesandhasthe form

+1 ifpfi(X)<p i
hi(x) = 1 otEJerJV\(/is)e i ()
where j is athresholdandp; is either 1 or +1 andthusrepresentshe
directionof the inequality We designeda secondtype of weakclassi er
which hastheform

B ppif T<fi(x)< ?
h(x) = Jpj othjerwisje : (2)

where jl and j2 de ne anintenal andp; is either+1 or 1 indicating

whetherexamplesinside the intenal are positive or negative. For both

typesof weakclassi ers, the outputis +1 or 1 indicatingwhetherthe

classi cationis positve or negative. The AdaBoostalgorithmdetermines
for eachweakclassi erh; (x) theoptimalparameterssuchthatthenumber
of misclassi edtrainingexamplesis minimized.

The AdaBoostalgorithm hasbeendesignedfor binary classi cation
problems. To classify placesin the ervironment, we needthe ability to
handlemultiple classesTo achieve this, we usea sequencef binaryclas-
si ers, whereeachelementof sucha sequencaleterminesf an example
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Figure2. A decisionlist classi er for K classesisingbinaryclassi ers.

belongsto onespeci c class. If the classi er returnsa positive result,the
exampleis assumedo be correctlyclassi ed. Otherwisei|t is recursvely
passedo the next elementin thislist. Figure?2 illustratesthe structureof
suchadecisionlist classi er.

In our currentsystemwe typically considera smallnumberof classes
which malesit feasibleto evaluateall potentialsequenceandchoosethe
bestorderof binaryclassi ers. Althoughthisapproachs exponentiain the
numberof classesthe actualnumberof permutationgonsidereds limited
in ourdomaindueto thesmallnumberof classesln practice we foundout
thattheheuristicwhich sortstheclassi ersin increasingorderaccordingo
their classi cationratealsoyieldsgoodresultsandatthe sametime canbe
computedef ciently. In several situations the sequencgeneratedy this
heuristicturnedoutto bethe optimaloneor very closeto it [16].

3 Featuresfrom Vision and Laser Data

In this section,we describethe featuresusedto createthe weak classi-
ers in the AdaBoostalgorithm. Our robotis equippedwith a 360 degree
eld of view lasersensorand a camera. Eachlaserobseration consists
of 360 beams.Eachvision obsenration consistsof 8 imageswhich form a

panoramioview. Figurel illustratesdifferentimagesandlaserrangeread-
ingstakenin anof ce environment. Accordingly eachtraining example
for the AdaBoostalgorithm consistof one laserobsenration, one vision

obsenration,andits classi cation.

Our methodfor placeclassi cationis basedon single-\aluedfeatures
extractedfrom laserandvision data.All featuresareinvariantwith respect
to rotationto malke the classi cation of a posedependenbnly on the po-
sition of therobotandnot of its orientation.Most of our laserfeaturesare
standardgeometricafeaturesusedfor shapeanalysis[8, 17]. Typical ex-
amplesconsideredy our systemareillustratedin Figure3. Thecomplete
list of laserfeaturess providedby Mart nez-Mozoset al. [14].

In thecaseof vision,theselectiorof thefeaturess motivatedby thefact
that typical objectsappeamwith differentprobabilitiesat differentplaces.
For example the probabilityof detectingacomputemonitoris largerin an
of ce thanin akitchen. For eachtype of object,a vision featureis de ned
as a function that takes as agumenta panoramicvision obseration and
returnsthe numberof detectedbjectsof thistypein it. This numberrep-



Figure 3. Examplesfor featuresgeneratedrom laserdata, namelythe averagedistance
betweertwo consecutie beamsthe perimeterof theareacoveredby a scan,andthe mayor
axisof theellipsethatapproximateshe polygondescribedy thescan.

resentdhe single-\aluedfeaturef; within AdaBoostaccordingto Eq. (1)
andEg. (2). In our casewe considemonitors,coffee machinessoapdis-
penserspf ce cupboardsfrontal faces,facepro les, full humanbodies,
andupperhumanbodies.An exampleof suchobjectsis shavn in Figurel.
Theindividual objectsaredetectedisingclassi ersalsotrainedwith Ada-
Boostandbasedon the setof Haarlike featuresproposedby Lienhartet
al. [11].

In casethe obserationsdo not cover a 360 degree eld of view, the
propertyof the rotationalinvarianceis lost. In sucha situation,we expect
that muchmoretraining datawill be necessaryandthatthe classi cation
will belessrobust.

4 Probabilistic PlaceRecognition

The approactdescribedso far is ableto classify single obserationsonly
but doesnot take into accountpastclassi cationswhen determiningthe
type of placethe robotis at. However, when&er a mobile robot moves
throughan ervironment,the semantidabelsof nearbyplacesaretypically
identical. Furthermoregertaintransitionsbetweerclassesreunlikely. For
example,if therobotis currentlyin akitchenthenit is ratherunlikely that
therobotendsupin anof ce givenit movedashortdistanceonly. In mary
ervironmentsto getfrom the kitchento the of ce, therobottypically has
to move throughadoorway rst.
Toincorporatesuchspatialdependencidsetweertheindividual classes,

weapplyaHiddenMarkov Model(HMM) andmaintainaposterioBel( )
aboutthetypeof theplace ; therobotis currentlyat

X
Bel(t) = P (zj ) P(t]twu 1)Bel(t1): ()

t 1

In this equation, is a normalizingconstantensuringthat the left-hand
sidesumsup to oneover all ;. To implementthis HMM, threecompo-
nentsneedto be known. First, we needto specifythe obseration model
P(z: j ¢) whichis thelikelihoodthatthe classi cationoutputis z; given
the actualclassis ;. Second,we needto specify the transition model
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Figure4. Theleft imageillustratesa classi cationoutputz. Therightimagedepictsproba-
bilities of possibletransitionshetweerplacesn the environment.To increasehevisibility,
we useda logarithmicscale.Dark valuesindicatelow probability

P(+t¢j t 1;ut 1) whichde nestheprobabilitythatthe robotmovesfrom
class ; 1 toclass ; by executingactionu; ;. Finally, we needto specify
how thebeliefBel( o) isinitialized.

In our currentsystem,we choosea uniform distribution to initialize
Bel( o). Furthermorethe classi cationoutputz; is representedby a his-
togram,asillustratedin the left imageof Figure4. In this histogram the
k-th bin storeghe probabilitythattheclassi edlocationbelonggo thek-th
classaccordingto the sequencef 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 a positive binary classi cationwith AdaBoost.Let Cy
referto thecon dencevalueof thek-th binaryclassi erin ourdecisionlist.
Then, the probability thatthe locationto be classi ed belongsto the k-th
classis givenby thek-th bin of the histogramz computedas

K 1
M = ¢ @ g (4)
j=1

whereador the con dencevalue Cy , usedto computethe last bin (z[K1)
of the histogramholdsCk = 1 accordingto the structureof the decision
list (compareFigure?2).

To determineP (z; j ), we usethe KL-divergence[5] betweentwo
distributions. The rst distribution is the currentclassi cation output z;.
The secondneis learnedfrom a statistics:for eachclass , we computea
histogram2,.;,( ) usingh obserationsrecordedwithin a placebelonging
toclass (hereh = 50). This histogram?.,( ) is obtainedby averaging

to Eq. (4). To determineP (z; j ), we usethe KL-divergencekld( k )
which providesa measureboutthe similarity of two distributions

P(zj{) = e kId(Ztkzl:h(t»z: @)
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Figure5. Thedistributionsdepictedn the rst row shav thelearnechistogramg;., ( ) for
the individual classegherecorridor (1), doorway (2), kitchen (3), lab (4), seminarroom
(5), andof ce (6)). Theleft imagein the secondrow depictsapossibleclassi cationoutput
z;. In theright image,eachbarrepresentshe correspondindikelihoodP (z; j ) for the
differentestimate®f .

To illustrate the computationof the obseration likelihoodP (z; | ¢)
considetFigureb. The rst row depictsexampledor thehistogram®.4( ).
The left imagein the secondrow depictsthe outputz; of the sequential
classi er while therobotwasin anof ce. As canbeseenalsotheclasses
doorway andseminaroomhave aprobabilitysigni cantly largerthanzero.
Thisoutputz; andthehistogran?,.,( {) isthanusedto computeP (z; j +)
accordingto Eq. (5). Theresultfor all classess depictedin the right im-
agein the secondrow. In this image,eachbin representshe likelihood
P(z: j ) for theindividual classes . As canbe seen,the obseration
likelihoodgiventherobotis in adoorway is closeto zero,whereadikeli-
hoodgivenit is in anof ce is around90%, which is actuallythe correct
class.

To realizethe transitionmodelP( ¢ j  1;uU; 1), we only consider
thetwo actionsu; 1 2 fMove; Stayg. The transitionprobabilitieswere
learnedn amanuallylabeledervironmentby running1000simulationex-
periments. In eachrun, we startedthe robot at a randomlychosenpoint
and orientation. We then executeda randommaovementso that the robot
traveledbetweer20cmand50cm. Thesevaluescorresponds$o typical dis-
tancedraveledby therobotbetweertwo consecutie updateof the HMM.
The nally obtainedransitionprobabilitymatrixP( ¢ j ¢ 1;ut 1) forthe
actionMove is depictedn theright imageof Figure4. As canbe seenthe
probability of stayingin a placewith the sameclassi cationis higherthan
the probabilityof changingthe place.Moreover, the probability of moving
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Figure6. Whereaghe left imagedepictsthe training data,the right imageshaws the clas-
si cation resulton thetestset. Thetrainingandtestdatawereobtainedby simulatinglaser
rangescansn themap.

from aroomto a doorway is higherthanthe probability of moving from
aroomdirectly to acorridor Thisindicatesthatthe robottypically hasto
crossa doorway rst in orderto reacha differentroom. Furthermorethe
matrix shavs a lower probability of stayingin a doorway thanstayingthe
the sametype of room. This is dueto the factthata doorway is usuallya
smallareain which therobotnever restsfor alongerperiodof time.

5 Experiments

The approacltdescribedabore hasbeenimplementecandtestedon a real
robotaswell asin simulation.Therobotsusedto carryouttheexperiments
werean ActivMedia Pioneer2-DX8 equippedwith two SICK laserrange
nders aswell asaniRobotB21rrobotwhichis additionallyequippedwith
acamerasystem.

The goal of the experimentds to demonstrat¢éhatour simplefeatures
canbe boostedto a robust classi er of places. Additionally, we analyze
whetherthe resultingclassi er can be usedto classify placesin erviron-
mentsfor which no training datawereavailable. Furthermorewe demon-
stratethe advantagef utilizing the vision informationto distinguishbe-
tweendifferentroomslike, e.g.,kitchens,of ces, or seminarrooms. Ad-
ditionally, we illustratethe adwvantagesof the HMM Itering for classify-
ing placeswith a moving mobilerobot. Finally, we brie y presentesults
comparingour sequentiaAdaBoostclassi er with a multi-classvariantof
AdaBoostcalledAdaBoost.M26]. Throughouburexperimentstheterm
classi cationresultrefersto the mostlikely classreportedby the HMM or
respectrely by the sequencef binaryclassi ers.

5.1 Resultswith the sequentialclassi er using Laser Data

The rst experimentwas performedusing simulateddatafrom our of ce
environmentin building 79 at the University of Freiturg. The taskwasto
distinguishbetweenthreedifferenttypesof places,namelyrooms,door
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Figure7. Theleft imagedepictsatrajectoryof arobotandthe correspondinglassi cations
basednreallaserdata. Therobotusedin this experimentis depictedn therightimage.

ways, and a corridor basedon laserrangedataonly. In this experiment,
we solely appliedthe sequentiatlassi er withoutthe HMM Itering. For
the sale of clarity, we separatedhe testfrom the training databy dividing
the overall ervironmentinto two areas.Whereaghe left part of the map
containsthe training examples,the right partincludesonly testdata(see
Figure6). Theoptimaldecisionlist for this classi cationproblemin which
the robothadto distinguishbetweerthreeclassess room-doorvay. This
decisionlist correctly classi es93.9%of all testexamples(seeright im-
ageof Figure6). Theworstcon gurationsof the decisionlist arethosein
which the doorway classi er is in the rst place. This is probablydueto
thefact,thatdoorwaysarehardto detectandtypically mostpartsof arange
scanobtainedn a doorway cover the adjacenroomsor the corridor Note
thatwe obtainedsimilar successateswith alternatve trainingandtestsets.

Thenext experimenthasbeencarriedout with arealmobile robotthat
we manuallysteered¢hroughthe environment.We usedthe sameclassi er
asin the previous experiments.Thetrajectoryincludingthe corresponding
classi cationresultsaswell asthemobilerobotaredepictedn Figure7. As
canbe seenfrom this gure, thelearnedclassi er yields a robustlabeling
alsofor realrobotdata.

Additionally, we performedan experimentusinga mapof the entrance
hall at the University of Freilurg which containedfour differentclasses,
namelyrooms, corridors,doornays, and hallways. The optimal decision
list is corridorhallway-dmrway with a successateof 89.5%.

5.2 Transferring the Classi ers to New Environments

The secondexperimentis designedo analyzewhethera classi er learned
in a particularernvironmentcanbe usedto successfullclassifythe places
of anew environment.To carryoutthis experimentwe trainedour sequen-
tial classi erin theleft half of themapshavn in Figurel. In theright half
of this ervironment,our approachwasableto correctlyclassify92.1%of
all places. The resultingclassi er wasthenevaluatedon scanssimulated
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Figure8. The left mapdepictsthe occupang grid map of the Intel ResearchLab andthe
rightimagedepictstheclassi cationresultsobtainedby applyingtheclassi er learnedrom

the ervironmentdepictedn Figurel to this ervironment. Thefactthat82.2%of all places
couldbe correctlyclassi edillustratesthatthe resultingclassi erscanbe appliedto sofar

unknavn ervironments.

given the map of the Intel Research_ab in Seattledepictedin Figure 8.
For thesescangthe classi cationrate decreasedio 82.2%. This indicates
thatour Algorithm yieldsgoodgeneralizations/hich canalsobeappliedto
correctlylabelplacesof sofarunknavn environments.Notethata success
rateof 82.2%is quite high for this environment,sinceeven humansypi-
cally cannotconsistently/cormly classifythe placesn this environment.

5.3 Improving RobustnessusingHMM Filtering

The third experimentwas performedusing real laserand vision dataob-
tainedin atypical of ce ervironment,which containssix differenttypesof
placeshamelyof ces, doorways,alaboratory a kitchen,a seminaroom,
anda corridot The true classi cation of the differentplacesin this envi-
ronmentds shavn in Figure9.

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

A further experimentwascarriedout usingtestdataobtainedin a dif-
ferentpart of the samebuilding. We appliedthe sameclassi er asin the
previous experiment. Whereaghe sequentiatlassi er yields a classi ca-
tion rate of 75.4%,the combinationwith the HMM generatedhe correct
answerin 91.2%of all casesA two-sampléd-testappliedto theclassi ca-
tion resultsobtainedalongthetrajectoriedor bothexperimentshavedthat
the improvementsintroducedby the HMM are signi cant. Furthermore,



® ® L] (® Laboratory (S Semina
®@ ®®® @ g @ Corridor (P Office
(® Doorway QKitchen
® e ®

Figure9. Groundtruth labelingof theindividual areasn the ervironment.
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Figure10. Theleft imagedepictsatypical classi cationresultfor atestsetobtainedusing
only the outputof the sequencef classi ers. Theright imageshaws theresultingclassi -
cationin caseaHMM is additionallyappliedto Iter theoutputof thesequentiatlassi er.

we classi edthe samedataignoringthevision informationandbasecbnly
onthelaserfeatures.In this case only 54.4%could be classi ed correctly
withouttheHMM. Theapplicationof theHMM increasesheclassi cation
performanceo 66.7%. Thesethreeexperimentsillustrate that the HMM
seriouslyimprovesthe overall rateof correctlyclassi edplaces.

5.4 Comparisonof the SequentialClassi er with AdaBoost.M2

Our currentsystemusesa sequencef 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 sequentialkclassi ers performedbetterthan Ada-
Boost.M2.Tablel providesa quantitatve analysisof theclassi cationper
formancefor threedifferentervironments.As canbe seen,our sequential
AdaBoostclassi er yields betterresultsthanthe AdaBoost.M2algorithm.
A moredetailedcomparisorbetweerboth algorithmscanbe foundin the
work by Mart nez-Mozoq13].

We also evaluatedthe performanceof the systemwhenthe order of
the binary strongclassi ersis choseraccordingto their classi cationrate.
Comparedo the optimal order theclassi er generatedby the heuristicfor
six differentclasseperformedn averageonly 1.3%worse.



Tablel. Classi cationresultsfor differentclassi ers.

Environment Seq.Classi er% | AdaBoost.M2%
depictedn Figurel 92.1 91.8
depictedn Figure6 93.9 83.8

Univ. of Freiturg, entrancehall 89.5 82.3

6 Conclusion

In this paper we presented novel approacho classifydifferentplacesin
the environmentof a mobile robotinto semanticclasseslike rooms,hall-
ways,corridors,of ces, kitchens,or doorways. Our algorithmusessimple
geometrideaturesxtractedfrom asinglelaserrangescanandinformation
extractedfrom cameradataandappliesthe AdaBoostalgorithmto form a
strongclassi er. To distinguishbetweenmorethantwo classeswe usea
sequencef strongbinary classi ersarrangedn a decisionlist. We fur-
thermoreusea HiddenMarkov Model to take into accountthe spatialde-
pendenciepetweerplaces.Experimentgsarriedoutonarealrobotaswell
asin simulationillustrate that our techniqueis well-suitedto reliably la-
bel placesin differentervironments. Furtherexperimentsillustratethata
learnedclassi er canevenbe appliedto sofar unknavn environments.Fi-
nally, we comparedour sequentialAdaBoostclassi er to AdaBoost.M2,
a multi-classvariant of the AdaBoostalgorithm. In our experiments the
sequentiatlassi er alwaysoutperformedidaBoost.M2.

We belive that theseresultsopennew directionsfor future research.
First, semantidabelscanbe usedto facilitateloop-closingactionsduring
explorationand SLAM. Furthermorethe extractionof labelswill support
naturalinteractionwith users.
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