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1. Introduction

Thewordrobotcomedrom the Czechword robotawhichmeansrudgery” or “servitude”. This
termwas rst usedby Karel Capekin his work “R.U.R. (Rossuns UniversalRobots)”[39]
writtenin 1920. Thefollowing is amoreformal de nition [28]:

“Programablanachineor electronicdevice whichis ableto manipulateobjectsand
to carryout operationghatwerebeforecarriedout by humans.

Accordingto this de nition, mary different machinescan be consideredobots. The Japan
Robot Association[15] gives a classi cation of robotsaccordingto their intelligencelevel
manualmanipulator x ed sequenceaobot, variable sequenceobot, playbackrobot, numeri-
cal controlrobot, andintelligentrobot. Herewe focuson the classof intelligentrobot, which
characterizesbotsthat“can understané@ndinteractwith changesn the ervironment”.

One type of intelligent robot that has beenof increasinginterestin pastyearsis the au-
tonomousmobile robot. This kind of robot is designedand progammedo successfullyand
autonomoushnavigatein differentervironments suchasindoor (Burgardet al. [5], Stachniss
etal. [33], Thrunetal. [35]), outdoor(Hahneletal. [12], Talluri andAggarwal [34]) or under
water(Whitcombetal. [21], Williams etal. [42]) ervironments.

In particular the navigation of mobile robotsindoorsimplies that a robot shouldbe able
to performin ervironmentsthat are designedand structuredfor humans. Considera mobile
senant-robotthatsenersin adomestiaesidenceThis robotmustbeableto maneuerthrough
placessuchascorridorsor rooms.Moreover, therobotshouldbe ableto recognizeheseplaces
in the sameway thata persondoes.Thatis, if therobotis in a corridot, thenit mustbe ableto
relatetheterm“corridor” to this place.Whenwe relatea term, e.g“corridor”, with a place,we
carryout whatis calledsemantidabeling. This semantidnformationis moreuserfriendly for
humans Supposehatamembeiof thefamily askstherobotfor its position.If therobotanswers
with theword “corridor”, it would thenbe easyfor this persono imaginewheretherobotis. In
contrastjf therobotanswerswith the exactcoordinate®f its pose thentheinformationcould
notbevery usefulto thatperson.

The semantidabeling of differentplacescanalsoto a greatextentimprove the interaction
betweerhumansand mobile robotsin indoor ervironments. For example,the sentencégo to
thecorridor” would be enoughfor therobotto go to thecorridor becauseherobotwould know
which placecorrespondso theterm*“corridor”. Furthermoresemantidabelingallows therobot
to carryouttasksmoreef ciently. Forinstancejf asenant-robothasto make a coffee,it would
be a wasteof time to look for a coffee machinethroughoutthe whole house. Instead,with
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Figurel.l..Exampleraw beamgecordedn aroom,adoorway, andacorridot

semantianformation,the robotneedsonly to searchfor the coffee machinewhenit entersthe
appropriatelacesj.e. thekitchen.

Thework presentedh this thesisdescribestechniquehatenablesa mobilerobotto interact
in anindoor ervironmentdesignedfor humans. In particular this work demonstrateion a
robotrecognizeghe placesof anindoor environment,relatingdifferenttermslike “corridor”,
“room”, “hallway” or “doorway” to theseplaces.To achiese this, we proposedh methodbased
onsupervisedearningto recognizehedifferentplacesn whichanervironmentcanbedivided.
Our approacttreatesa classi er which will be usedby the mobile robotto classifysubsequent
placesof location.In orderto learnthetermrelatedto a place therobotmust rst make certain
obserationsin the ervironment. In our case theseobserationsare proximity measurements
obtainedby a laserrange nder. No other sensorinformationis used. Figure 1.1 shawvs an
exampleof obsenationsrecordedn threedifferentplacesin anof ce building. Eachexample
belongsto a different placein an indoor ervironment. The beamsare representedy their
proximity measuremerand by their anglerelative to the robot. However, the raw proximity
informationis not enoughto characterizea setof beamsaken from a certainpose. Therefore,
we designeda setof simple geometricfeaturesthat represeneachsetof beamsandthat will
be usedin the procesf learningandclassifying. Moreover, the differentmethodsusedin this
work for learningareall basedn the AdaBo ost algorithm,which allows the boostingof our
simplegeometrideaturedo a strongclassi er for placecateayorization.

The contritution of this work is an approactthat learnsthe relation betweenthe proximity
measurementtaken at a poseand the semanticterm relatedto that pose. Additionally, our
approachcreatesa classi er that allows the posteriorclassi cation of so far unknavn poses,
like the onesdepictedin Figurel.1,into a setof differentsemantiderms(“corridor”, “room”,
“hallway” or “doorway”). Ourapproachs supervisedwhichhastheadwantagehattheresulting
semantidabelscorrespondo userde ned classes.

1.1. Related Work

In the past,several authorsfocussedn the problemof addingsemantidnformationto places.
In the paperby BuschkaandSafotti [6], avirtual sensoiis describedvhich automaticallysey-
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mentsthespacento roomandcorridorregions,andcomputesa setof characteristicparameters
for eachregion. This algorithmis incrementaljn the sensehatit only maintainsa local topo-
logical map of the spacerecentlyexploredby the robot and generatesnformationabouteach
detectedoomwhilst roomsarevisited. Althausand Christenserl] usethe Houghtransform
from sonarreadinggto detecttwo parallellineswhich areconsideregartof a corridor Door
way detectionis carriedout usingthe gapsbetweertheselines. With the detectionof corridors
anddoorways, they constructa topologicalmap for navigation and obstacleavoidance. Also
Koenigand Simmong[19] usea pre-programmedoutineto detectdoorwaysfrom rangedata.
Comparedo theseapproachespur methodallows usto classifymoreclassesi.e. room, cor
ridor, doorway and hallway. Furthermorewhereaghe former methodsneedof several scans
for extractinggeometricatharacteristicfrom the differentplaces pur geometricafeaturesare
extractedfrom only onerangescan.Moreover, our algorithmdoesnot requireary pre-de ned
routinefor extractinghigh-level featuresrom differentplaces.Insteadjt usesthe AdaBo ost
algorithmto boostsimplegeometrideaturesnto a strongclassi er.

Otherresearchealsoapplylearningtechniquego localizetherobotor to identify distinctive
statesin the ervironment. For example,Ooreet al. [26] train a neuralnetwork to estimatethe
locationof a maobile robotin its ervironmentusing the odometryinformation and ultrasound
data.KuipersandBeesor20] apply differentlearningalgorithmsto learntopologicalmapsof
the ervironment. Althoughthesemethodsareableto createtopologicalmaps,they do not add
semantidnformationto thesemaps.In contrasto this, our algorithmis ableto labeleachpose
of therobotwith a semantidermand,therefore a semantianapcanbe constructed.

Additionally, learningalgorithmshave beenusedto identify objects.For example,Anguelos
andcolleagueg2, 3] applythe EM algorithmto clusterdifferenttypesof objects,i.e. walls
anddoors,from sequencesf rangedata. The EM algorithm ts the model parameterghat
bestrepresenthe differentobjectsusedasexamples.To achiese this, eachobjectmustbe rst
modeledwith a probabilisticdistribution. In a recentwork, Torralbaand colleagueq37] use
Hidden Markov Modelsfor learningplacesfrom imagedata. They modelthe appearancef
eachlocationasa setof K views (a mixture of K sphericalGaussians).In contrastto these
approacheshe AdaBo ost algorithmusedin this work doesnot needprevious probabilistic
modelsfor the differentplaces.Instead a setof simplegeometricafeatureds usedto identify
differentplaces. Thesefeaturesare supplyto the AdaBo ost algorithmasa set,without ary
prior model.

In particular the AdaBo ost algorithmhasbeensuccessfullyappliedin differentclassi ca-
tion problems.Viola andJoneq41] extracta setof featuresandusethe AdaBo ost algorithm
to detectfacesn images.TieuandViola[36] useAdaBo ost for imageretrieval. Also Treptav
etal. [38] usethe AdaBo ost algorithmto tracka ball without colorinformationin the context
of RoboCup.The key ideain all theseapproachess to usesimplefeaturesthatarevery easy
to calculate.In thesepapersthe featuresverecomposef simplesubtractionof grey values
betweendifferentpartsof theimages.In contrastour approachs basedon laserrange nder
data,andnoimageinformationis used.However, thekey ideaof our methaodis similar: we also
calculatevery simplegeometricafeaturedrom our laserrangescanswhich will thenbe used
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by theAdaBo ost algorithm.

The contritution of this work is a systemfor a mobile robotthatlearnsthe relationbetween
the proximity informationobtainedat a locationin the ervironment,andthe semantidermre-
latedto this location. Aditionally, our approachs ableto classifynew environmentsfor which
notrainingdatainformationis available. As long asthe environmenthasa similar structure pne
canre-usedoreviously learnedmodels.

The restof this work is organizedas follows. Chapter2 gives a shortintroductionto su-
pervisedlearningand explains several conceptsrelatedto it. It also describeghe probably
approximatelycorrect(PAC) frameavork andthe Boostingmethod. Chapter3 introducesthe
AdaBo ost algorithm. It alsoexplainshow to extendthe original binary versionof this algo-
rithm to the multi-classcaseusing differentapproachesChapter4 explainsin detail the aim
of this work, which is the supervisedearningof placesfrom laserrangedata. It alsodescribes
the differentsimple geometricafeaturesextractedfrom the raw laserdatawhich will be used
in the procesf learningandclassi cation.In Chapter5 we presensereralexperimentsyvhich
demonstratehat our simplefeaturescanbe boostedo a robust classi er of places. Addition-
ally we analyzewhetherthe resultingclassi er canbe usedto classifyplacesin ervironments
for which no training datawere available. Finally, Chapter6 containssomeconclusionsand
discussegpotentialfuturework.



2. Supervised Learning

2.1. Introduction

This sectionintroducesthroughan example,somebasicconceptsof supervisedearningthat
will beusefulfor theunderstandingf thisthesis.

Supposeave wantto developasenant-robotfor domestiaesidencesik e therobotintroduced
in Chapterl. The purposeof this robotis to sene a family. We wantour rst prototypeof
senant-robotto do only two tasks: “make a coffee” and“make the bed”. In orderto make a
coffee, therobotmust rst beableto recognizea kitchenin the house andfor makingthe bed
therobotmustbeableto recognizeéhebedrooms.

Thus,the rst stepis to designa systemsothattherobotis ableto recognizethe kitchenand
bedroomsof a house. Becauseeachfamily hasa differenthouseit is necessaryo develop a
systemin sucha way thattherobotis ableto learnthe differencebetweenthe kitchenandthe
bedroomdor eachparticularhouse.For this example we placea sensoiin our robotthatis able
to take threemeasurementisom a room: thewidth, thelengthandthe height. We expectthese
threemeasurementareenoughto distinguisha kitchenfrom a bedroomin a house.In the next
stepwe placetherobotin a kitchen. The robotthentakesthe following threemeasurements:
Length = 5 m, Width = 4 m, andHeight = 3 m. Therobotthenkeepsthesemeasurements
in adatabas#ngethemwith thetermKitc hen. After that,we placetherobotin abedroonwhere
it takesthefollowing measurementd:ength = 10 m, Width = 3 m, andHeight = 2:5 m.
Therobotthenkeepshis datatogethemunderthetermBedro om.

Now it shouldbeeasyfor therobotto recognizehekitchenin thehouse It only hasto take the
previousthreemeasurements aroomandcompareghemwith the onesin the databasewhich
arerelatedto thetermKitc hen. If they arethesamethentheplaceis labeledasKitc hen.

This is a simple methodfor recognizingplaces:to sase all measurementsf eachplacein
a databaseinderits relatve term. This kind of learningis called“supervisedearning” asthe
robotis told which term mustbe keeptogethemwith which measurements.

Now supposethat we want to learn information aboutthe kitchensin all the housesin a
country In this casewe will needto sare the measurementsf all the kitchensin the country
togethemwith thelabelKitc hen. In orderto classifyanen room,therobotwill haveto compare
the measurementsaken in this roomwith all the measurementsaken from all the kitchensin
thecountry If themeasurementsken by therobot t with ary otherin the databasenderthe
termKitc hen, thentherobotwill labelthe nev roomasKitc hen. This comparisorcanbe
quite time consuming. Oneway to improve this comparisoris to extract rulesfrom the data
thatcanhelpto recognizea kitchenwithout the needof comparingall the measurements the
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databasef-or example,if we have thefollowing two differentsetsof measurementsakenfrom
two differentkitchenskitchen; andkitchen,:

g Length = 10m
kitchenp = Width = 5m
Height = 25m
g Length = 10m
kitchenp, =  Width = 3m ;
Height = 3m

we canextractarulein theform:

if Length=10m) theplaceis aKitc hen

This rule wasextractedusingthe informationsharedetweerthe two kitchens.In this casethe
valueof themeasurementength. Thus,thenext time therobotis in aroomandtakesthethree
measurements, only hasto checkthis rule to recognizethisroomasaKitc hen, avoiding the
needto comparingthe taken measurementwith the onesfrom the two kitchens. In this same
way, therobotcanextractothersimpli ed ruleswith the measurementsom all the kitchensin
acountry

This is the key ideaof learning: to extractsimpli ed rulesfrom a given setof examplesin
orderto usetheseruleslateronto classi y new unseerexamples.

2.2. Description of a Learning Task

Theexamplein the previous Section2.1is calleda supervisedearningtaskandcanbeformally
describedhsfollows (seeMitchell [24] for moredetails):

Thereis somespaceof possibleinstances< over which differenttamget conceptanbe
de ned. In our caseX representshe setof all roomsthatcanbefoundin ahouse.The
talgetconceptarethe placesve wantto recognizelike Kitc hen andBedro om.

Eachinstancex 2 X is describedoy a setof attributes. In our casetheseattributesare
"Length”, "Width” and”Height”.

Let C referto somesetof taiget conceptghat our learner(our senant-robot)might be
calleduponto learn. Eachtamet conceptc 2 C correspondd¢o somesubsetof X, or
equvalently to someboolean-aluedfunctionc : X ! f0;1g. For example,the tamget
concepftc = Kitc hen corresponds$o the subsebf placesin a housewhich arekitchens.
If oneinstancex 2 X is a positive exampleof c, thatis, the placerepresentethy x is a
kitchen,thenwe will write ¢(x) = 1; andc(x) = 0if X is anegative example(a different
place).



2.2. Descriptionof a LearningTask

We assumehatdifferentinstancesn X may be encounteredvith differentfrequencies,
for examplewe cansupposehatin ahousetherearemorebedroomshankitchens.A con-
venientway to modelthisis to assumehatthereis someunknavn probabilitydistribution
D thatde nestheprobability of encounteringachinstancean X (e.g.,D mightassigna
lower probabilityto encountering kitchenthana bedroom).NoticethatD saysnothing
aboutwhetherx is a positve or negative example;it only determineshe probability that
x will beencountered.

ThelearnerL considerssomesetH of possiblehypothesesvhenattemptingto learna
taiget concept. For example,H might be the setof all hypotheseslescribableby our
attributes.For example:

8 8
3 < Lengthofx > 12m
_ 1 if  Widthofx > 2m
hi(x) = 3 " Heightofx = 3m (1)
' Otherwise
_ 1 if Heightofx = 3m
ha(x) = 0 Otherwise (2.2)

whereh; representshe setof roomsin a housewhich arelongerthan12 meters,wider
than2 metersandhave a heightof 2 meters.And h, representshe roomswith a height
of 3 meters. As we cansee,the setsrepresentedy eachhypothesisdo not needto be
exclusive.

After observinga sequencef trainingexamplesS X, thelearner. mustoutputsome
hypothesis from H, whichis anestimatefrom c. TheoutputcanalsobeasubsebfH .

Thehypothesesutputby thelearneiwill besomehw usedto createaclassi erto classify
new instances.

Therearesomeconceptghatmustbe clearin alearningprocessOn onehand thelearnerL
mustlearnfrom atrainingsetS whichis asubsebf X . But ontheotherhand thetamgetconcept
cisde nedoverthewholesetX . Thatmeanghattheoutputh(x) generatedyy thelearnemust
alwaysbe consideredas an approximationof the target conceptc(x). It may be possiblethat
h(x) = ¢(x) 8x 2 X, but we canonly be sureof thatif S = X, whichimpliesthatthelearner
usesall thepossibleinstance®f X to learnthetargetconcept.Obtainingatraining setwith all
possibleinstancess not possiblefor the majority setof problems.As a result,the setS must
be sufciently representate of thewhole setof instances< . Someguidelinesfor obtaininga
goodtrainingsetaregivenin the book of Witten andFrank[43].

After describingthe learningtaskwe arereadyto de ne thelearningalgorithm. This algo-
rithm is responsibldor the selectionof the hypothesish which bestapproximateghe target
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concept.Differentalgorithmsandmethodsexist for thetaskof learning. Someof themarede-
cisiontrees neuralnetworks, bayesiametworks,inductive learning,algorithmbasedn version
spacesgeneticalgorithmsor inductive, learningamongothers.In his book, Mitchel [24] gives
agoodintroductionto this area.

In our senant-robotexample,supposehatwe have selectedhlearningalgorithmL , atraining
setS andwe have thefollowing hypothesidor thetamgetconcepitc hen asoutput:

8
< 1 i Lengthofx > 12m
h(x) = Widthofx > 2m (2.3)
0 Otherwise

This hypothesids the bestapproximationfor describinga kitchenafter applyingthe learning
algorithmto thetraining set. Thus,this hypothesids only anapproximatiorof all the training
examples,which impliesthatit classi esthe training exampleswith a low error However, if
therobot nds anew bedroomwhich is 13 meterdong and3 meterswide, it will classifyit as
akitchen,whichis anerror The questionhereis wetherthe hypothesis will alsohave alow
classi cationerrorin asetof unseerexamples.

An answerto this questionis given by the inductivelearning assumption.Informally, ary
hypothesigoundto approximatahetamgetfunctionwell overasufciently large setof training
exampleswill alsoapproximatehe tamget functionwell over otherunobsered examples. We
canalsofacethequestiorfrom a differentpoint of view. Thatis, we cantry to estimateheerror
of our hypothesish with respecto a new example(true error) providing the error of h in the
training set(trainingerror). Thesetwo errorsareformally de ned asfollows:

True error Thetrueerrorerrorp (h) of hypothesish 2 H with respecto targetconcepic 2 C
anddistribution D is the probability thath will misclassifyaninstancex 2 X drawvn at
randomaccordingo D:

errorp (h) = Xlglg [c(x) & h(x)] (2.4)

Training error Thetraining error (also called sampleerror) errors(h) of hypothesish with
respecto tamgetconceptt 2 CandtrainingsetS, is thefractionof misclassi edinstances
X2S:

1 X
errors(X) = — (c(x); h(x)); (2.5)
JSJ x2S
where:
1 if ¢(x) 6 h(x)
0 otherwise

(c(x); h(x)) = (2.6)

Differentstatisticalapproximation€anbe usedto calculatethe true error provided thetrain-
ing error For moredetailseeMitchell [24] andWitten andFrank[43].
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2.3. PAC Learning

Someotherimportantquestiongelatedto a speci ¢ learningtaskare:

Whatis the numberof training examplesneededo assurehatthe hypothesisoutputby
thelearnerhasalow trueerror?

Canthis numberbe boundedn someway?

Canwe boundthetime thelearnemeedso outputa hypothesis?

Thesequestionscan be answeredor certainsetsof problemsusingthe probablyapproxi-
matelycorrect(PAC) framework [40]. Theideaof thePAC learnabilityis to characterizelasses
of tarmget conceptghat canbe reliably learnedfrom a polynomialnumberof randomlydravn
training examplesand a polynomialamountof computation. PAC learnabilityis de ned for-
mally asfollows:

PAC learnability Considera conceptclassC over a setof instancesX of lengthn anda
learnerL usinghypothesispaceH . C is “PAC learnable™y L usingH, if forallc2 C,
distribution D over X, suchthat0 < < 1=2, and suchthat0 < < 1=2, the
learnerL will with probabilityatleast(1 ) outputa hypothesish 2 H suchasthat
errorp (h) , in time polynomialin 1=, 1=, n, andsize(c).

Heren is the size of theinstancesn X . In our senant-robottask eachx is describedby 3
attributes:”Length”, "Width”, "Height”, son = 3. The secondspaceparametersize(c), is the
encodindgengthof ¢ whichin our caseis boundingalsoby 3, themaximumnumberof attributes
thatcanbe usedfor describingaroom.

Thepreviousde nition of PAC learningmayappeast rst to beconcerneanly with thecom-
putationaltime, whereasve areusuallyinterestedn the numberof trainingexamples.However
they arecloselyrelated.In fact,atypical approacho shav thatsomeclassC of tamgetconcepts
is PAC learnable,s to rst demostratehat eachtaiget conceptc 2 C canbe learnedfrom a
polynomialnumberof trainingexamplesandthenshaw thatthe processingime perexampleis
alsopolynomialbounded.

A learneilL following thepreviousde nition is alsoknown asstrong PAC learningalgorithm
Ontheotherhand,a weakPAC learningalgorithmis de ned analogouslyexceptthatit is only
requiredto satisfythe condition 1=2 ,where > 0is eitheraconstantpr decreaseas
1=pwherep is apolynomialin therelevantparametersA hypothesidearnedrom aweakPAC
learningalgorithmis calleda weakhypothesis.The term “weak hypothesis’is alsousedfor a
hypothesisvhich performsjust slightly betterthanarandomguessing.

Othervariousextensionsandgeneralization®f the basicPAC conceptcanbe foundin An-
thory andBartlett[4], Hausslef14] andKearnsandVazirani[18].



2. Supervised.earning

2.4. Boosting

Boostingis a generaimethodwhich attemptgo improve the accurag of a givenlearningalgo-
rithm (seeFreundandShapird8], Meir andRatsch[23] andShapird31]). It hasits rootsin the
PAC framewvork (seeSection2.3). KearnsandValiant[17, 16] werethe rst to posethequestion
of whetheraweaklearningalgorithmwhich performgustslightly betterthanarandomguessing
in the PAC modelcanbe combinednto anarbitrarily accuratestronglearningalgorithm. Later,
Schapird32] demonstratethatary weaklearningalgorithmcanbe ef ciently transformecbr
boostednto a stronglearningalgorithm.

form a stronghypothesids suchthatthe performancef the stronghypothesiss betterthanthe
peformancef eachof the singleweakhypothesid;. Formally:

XT
hs(x) = wihe (X); 2.7

t=1
herew; denoteghe weightof hypothesish;. Both w; andthe hypothesish, areto belearned
within the boostingprocedure.The resultingstronghypothesishg hasthe form of a weighted

majority voteclassi er.

Formally, boostingproceedsasfollows: the boostingalgorithmis provided with a setof la-
beledtrainingexamples(x1;y1); ::5; (Xn; Yn), Wherey; is the labelassociatedvith instancex;.
In thebinarycasey; = 1if x; is a positve exampleandy; = 0if X; is a negative example.

examplesandrequestgfrom anunspeci edoracle)aweakhypothesis; with low error  with
respectto Dy, thatis = Pr[h:(x;) 6 y;i]. Thus,distribution D speci esthe relative im-
portanceof eachexamplefor the currentround. After T rounds,the boostemustcombinethe
weakhypothesemto a strongone. Theintuitive ideais to alterthedistribution over thetraining
examplesin away thatincreaseshe probabilityof the “harder” elementsthusforcing theweak
learnerto generataew hypothesethatmalke lessmistaleson theseelements.

To summarizethis chapterdescribedhekey ideaof supervisedearning,whichis the extrac-
tion of rulesfrom certaindata,andthe useof theserulesfor the classi cationof new examples.
ThePAC modelwasalsodescribedwhichallows usto calculatehe numberof examplesneeded
for learninga particulartask. Finally, the basicideaof boostingwasintroduced Boostingis the
basisfor thealgorithmsexplainedin the next chapters.

10



3. The AdaBo ost Algorithm

3.1. AdaBo ost as a Binary Classi er

In this sectionwe will concentrat@n the caseof binaryclassi cation.

TheAdaBo ost algorithm,introducedby FreundandSchapird9], is oneof themostpopular
boostingalgorithms.Following theideaof boosting(seeSection2.4),theAdaBo ost algorithm
takes asan input a training setof examples(x1;y1);:::; (Xn ;YN ), Whereeachx; belongsto
somedomainspaceX andeachlabely; pertainsto the label setY. In the caseof binary

learningalgorithmrepeatedIyto selecta weakhypothesis Following the notationfrom Freund
and Schapire[9], we will call this weak learningalgorithm W eakLearn . Unlike previous
boostingalgorithms(Freund[10, 7] and Shapire[32]), the AdaBo ost algorithm needsno
prior knovledgeof the accuracie®f theweakhypothesesRathey it adaptgo theseaccuracies
andgenerates weightedmajority hypothesisn which theweightof eachweakhypothesiss a
functionof its accurag.

The completealgorithmis describedn Algorithm 1. In this algorithmthe distribution D is
appliedovertheinstance®f thetrainingsetandis controlledby thelearner Thisdistributioncan
besetinitially astheuniformdistribution sothatD 1(i) = 1=N. Oneachroundt, thealgorithm
maintainsasetof weightsw! 2 D, overthetrainingexamplesandcomputesadistributionp! by
normalizingtheseweights. The distribution p! is fed to the weaklearnerW eakLearn which
generates hypothesigh; that, hopefully hasa small errorwith respecto the distribution pt.
Theaccurayof theweakhypothesid; is measuredby its error:

X
= Pri p, [he(xi) 6 yi] = p'(i): (3.1)
itht(xi)6yi

Notice thatthe erroris measuredavith respecto the distribution p! on which the weaklearner
WeakLearn wastrained. In practice,the WeakLearn algorithm may be ableto usethe
weightsp! on the training examples. Alternatively, whenthis is not possible,a subsetf the
training examplescanbe sampledaccordingto p!, andtheseresampledsxamplescanbe used
to traintheweaklearner

Usingthe newv hypothesis;, the boostingalgorithmgenerateshe next weightvectorw t*1
andtheprocesss repeatedAfter T iterationsthe nal hypothesid; is output. Thehypothesis
h; combinegheoutputsof the T weakhypothesesisinga weightedmajority vote.

11



3. TheAdaBo ost Algorithm

Algorithm 1 AdaBoost

distribution D overtheN examples,
weaklearningalgorithmW eakLearn |,
integerT specifyingnumberof iterations.

1. Set

2. Call WeakLearn , providing it with the distribution pt andgetbacka hypothesis
he : X 1 [0; 1]

3. Calculatetheerrorof hy:

t = pi jhe(Xi) Vi

4. Set
t
e
5. Setthenewn weights: _ _
Wit+1 = w! tll he(xi) vii
end for
Output: The nal stronghypothesis
( P P
he (x) = 1if [, logdt h(x) 3 [logt

0 otherwise

12



3.2. Sequential AdaBo ost

Freundand Schapirg9] provedthat,for binary classi cationproblems thetraining error of
the nal hypothesid generatedby the AdaBo ost algorithmis boundedoy:
!
Y p X
27 (I ) exp 2 2 . (3.2)
t=1 t=1
where { = 1=2 is theerrorof thetth weakhypothesis.Sincea hypothesighatmakesan
entirelyrandomguesshaserrorl/2, ; measuretheaccurayg of thetth weakhypothesiselative
to randomguessing.This boundshaws thatthe nal training errordropsexponentiallyif each
of theweakhypothesess betterthanarandomguess.

3.2. Sequential AdaBo ost

In the previous Section3.1we dealtonly with binaryclassi cationproblemsin whichthesetY
of possibldabelscontainednly two elementssayf 0; 1g. In thissectiorwe describeastructure
for usingbinary AdaBo ost classi ersin a multi-classcasein whichY = f1;2;:::;Kgisa
nite setof K labels.

A wayto construcemulti-classclassi eristo arrangeseveralbinaryclassi ersinto adecision
list. If we have K possiblelabelsfor the classi cation,we canconstructa decisionlist using
K 1binaryclassiersfcs;cp;:::;¢k 10. Eachbinaryclassi er ¢k usesabinary hypothesis
of theformhy : X ! Y = f0; 1g to classifyanexample.Figure3.lillustratesthe structureof
suchadecisionlist classi er. Eachelementcy in thelist is abinary classi er thatdeterminesf
anexamplex pertaingo thecorrespondinglassk 2 Y (i.e. thelabelof x is k). If theclassi er
Ck returnsapositive resulthy (x) = 1, thentheexamplex is assumedo be correctlyclassi ed
andis assignedhelabelk. Otherwisejt is recursvely passento the next elementn thelist
andthe processs repeated.The lastclassi er ck 1 assigndabelK 1 to the examplex if
hg 1(x) = 1, andlabelK if hx 1(x) = 0. Algorithm 2 shaws the generalprocedurausedto
classi y anaenv exampleusingadecisionlist.

This methodfor constructingmulti-classclassi ersis quite generalandcanbe usedwith ary
binaryclassi er. In thiswork, however, wewill limit ouruseto binaryclassi ersobtainedusing
thebinaryversionof the AdaBo ost algorithm(seeSection3.1).

Binary Binary
Classifiery -+ -\ Classifier 1

Figure3.1.: A decisionlist classi er for K classeaisingbinaryclassi ers.

13



3. TheAdaBo ost Algorithm

Algorithm 2 Classi cationprocedurdor adecisionlist
Input: anew examplex,

fork=1;:::;K 1do
if he(x) = 1then
return labelk
endif
endfor
return labelK

Oneimportantquestionin the contt of a sequentialkclassi er is the orderin which the
individual binary classi ersarearranged.This ordercanhave a majorin uence onthe overall
classi cationperformancebecauséheindividualclassi erstypically arenoterrorfreeandclas-
sify with differentaccuracies.Sincethe rst elementof sucha sequentiatlassi er processes
more datathan subsequentlementsjt is a good stratgy to orderthe classi ersaccordingto
their estimatecerrorin ascendingrder We will explainthis stratgy furtherwith thefollowing
example.

Supposeave have threebinary classi erscy, ¢, andcs correspondingo thethreeclassey,
y2 andys. Now supposehattheclassi ersc; andc; have anerror 1.2 = 0in theclassi cation,
whereascs is arandomclassi er ( 3 = 0:5). We will startwith a con gurationin which the
classi ers ¢c;, ¢, are situatedin positions1 and 2 in the decisionlist respectiely andcs is
situatedin position3. Now we wantto classifya setof n examplesfrom which n, examples
pertainto classy;, n, examplego classy, andnz exampledo classys, sothatn = ny+ n+ ns.
In the rst elementof the list the n examplesareclassi ed by ¢;. The examplesclassi ed as
positive arelabeledasy; andtherestarepassedo elemen. Because; hasanerror ; = Othe
examplespassedo theclassi er ¢, aren, + nz. In thesecondcelemenibf thelist, theexamples
classi edaspositive by ¢, arelabeledasy, andtherestarepassedo theelement3. In thislast
elementof the decisionlist, n3 examplesareclassi ed by c3 with anerrorof 3 = 0:5. Thus,
the nal numberof misclassi edexamplessnz 3.

If we now changethe con guration and situatethe c3 in the rst position of the decison
list, thenthe numberof misclassi cationsin the rst classi cationwill ben 3, withn =
ni + Ny + nz. Althoughtheelementsn positions2 and3 of the decisonlist, thatis ¢c; andcy,
have a classi cationerrors 1.2 = 0, the nal errorof thedecisionlist will ben 0:5, whichis
greatetthanns 3.

In generalthe problemof nding the optimal orderof binary classi ersthat minimizesthe
classi cationerroris NP-hard.In our application however, we areonly ever confrontedwith a
smallnumberof classesthereforewe caneasilyenumeratall potentialpermutationgo deter
minetheoptimalsequence.

14



3.3.Or Tree AdaBo ost

e >
D C

Figure3.2.:An Or-Treecon gurationfor theclasses = fA; B;C;D;Eg.

3.3. Or Tree AdaBo ost

A differentstructurefor a multi-classclassi er canbe obtainedif we arrangethe binary classi-
ers in adecisiontreein whichsomenodedry to recognizenorethanoneclassatthesameime.
Figure 3.2 shavs the structureof a possibledecisiontreefor classesy = fA;B;C;D;Eg. In
thisexamplethe rst nodetriesto recognizevetheranexamplex pertaingo theclasse\ orB.
If thisis the casethenthedecisiontreetriesto detectthe exactclassA or B in theright descent
node.If theexamplex doesnot pertainto ary of theclassedA or B, thenit it passedo anode
with differentclassi ers. Differentcon gurationscanbeusedfor constructingdecisiontrees,jn
which certainnodescanhave two or moreclassi ers.

3.4. AdaBo ost:M2

The previous Sections3.2 and 3.3 explainedhow to usebinary AdaBo ost classi ersto con-
structa multi-classclassi er. In this sectionwe describean extensionof the AdaBo ost algo-
rithm to themulti-classcasecalledAdaBo ost:M2 , whichwasoriginally describedy Freund
and Shapire[9]. This extensiongeneratesnulti-classhypothesesf theformh : X | Y =

In Adab oost:M2 , theweaklearnerW eakLearn generatesiypothesesvhoseoutputis a
vectorin [0; 1]¢, ratherthana singlelabelin Y. Theyth componenbf this vectorrepresents
the belief thatthe correctlabelis y. The componentsvith valuescloseto 1 areassignedo the
moreplausiblelabels.Lik ewise, labelsconsideredmplausibleareassigned valuenear0, and
guestionabldabelsmaybeassigned valuenearl/2. To formalizethe goalof theweaklearner
W eakLearn , a pseudolosss de ned which measureshe accurag of the weak hypotheses.
To explainthis de nition, we considetthefollowing setupdescribedy FreundandShapire[9].
For eachexample(x;;yi) we createa setof incorrectlabelsl = Y  fy;g, whichis composed

15



3. TheAdaBo ost Algorithm

by all labelsexceptthe correctoney;. Thereforethesetl containsK 1 labels.Now we use
agivenhypothesid toaskK 1 questionsin eachquestionwe comparethe probability that
thelabelof the examplex; is the correctlabely;, with the probability thatthelabel of x; is the
incorrectlabely 2 | . For this purposewe split thehypothesi$ into K weakbinaryhypotheses
in theform:
8
% El(xi)
X
oy = (33)
3
" he (%)
Hereeachbinary hypothesidy (xj) withy 2 Y = f1;:::;Kgisafunctionhy : X I f0;1g
which determinesvethery is the labelof x;. If hy(x;) = 0 andhy, (x;) = 1, thenthe label
for xj is yj. In the sameway, if hy(x;) = 1 andhy, (xj) = O thenthelabelfor x; isy. If
hy(xi) = hy, (Xi), thenoneof thetwo labelsis choseruniformly atrandom.

In the more generalcasewhereh takes valuesin [0; 1], the interpretationof h(x;y) is a
randomizeddecision. Thatis, we rst choosea randombit b(x; y) whichis 1 with probability
h(x; y) and0 otherwise We thenapplytheabove procedurdo the stochasticallychoserbinary
functionb. Accordingto FreundandShapirg9], theprobabilityof choosingheincorrectanswer
y to thequestiorabove is:

Pribixi;yi) = 0~ blxisy) = 1+ ZPrbxyi) = by = (L hy, () + hy(xp): (3.4

If theanswerdo all K 1 questionsare consideredequallyimportant,thenthelossof the
hypothesiss de nedto betheaverageoverall K 1 questions:

0 1
X

X
! ! hy(x)A: (3.5

1 5(1 hy, (xi) + hy(xi)) = %@1 hy, (xi) +

y21 K y21

We canalsogive differentimportanceto eachquestiondependingon the situation,assigning

a differentweightto eachquestion. So, for eachinstancex; andincorrectlabely 6 y; , we

assignaweightq(i; y) which we associatavith the questionthatdiscriminatedabely from the

correctlabely; . We thenreplacethe averageusedin Equation3.5 with an averageweighted

accordingto g(i; y). Theresultingformula, describedy Freundand Shapire[9], is calledthe
pseudolossf h ontraininginstance with respecto g

0 1

X
pIossq(h;i):%@l hy, (xi) +  q(i; y)hy (xi)A : (3.6)
y21

Thefunctiong:f1;:::;Ng Y ! [0;1]assigngo eachexamplex; aprobabilitydistribution
overtheK  1discriminationproblemsde ned abore. So,for all i:

16



3.4. AdaBo ost:M2

X
qi;y) = 1. 3.7
y21
The completeAdaBo ost:M2 algorithmis shavn in Algorithm 3. The weightswit;y are
maintainedfor eachinstancex; andeachlabely 2 |. TheweaklearnerW eakLearn must
be provided with a distribution D anda labelweightfunction .. Both of theseare computed
usingtheweightvectorw' asshawvn in Stepsl-3. Theweaklearners goalis thento minimize
the pseudolosst, asde ned in Step5. Theweightsareupdatedasshavn in Step7. The nal
hypothesid¢ outputs,for agiveninstancex, thelabely thatmaximizesa weightedaverageof
theweakhypothesiS/alueshty(x).
FreundandSchapird9] provedthat,for multi-classclassi cationproblemsthetrainingerror
of the nal hypothesid; generatedby AdaBo ost:M2 is boundedoy:

Yp___ X
(k 1)27 (@ 0 (k Dexp 2 ¢ (3.8)
t=1 t=1
where ; is the pseudo-lossf thetth weakclassi er. As we canseetheerrorincreasedinearly
with thenumberof classesf we comparet with theerrorof the binary case(Equation3.2).

TosummarizethischaptedescribedheAdaBo ost boostingalgorithm.In its originalform,
thisalgorithmwasdesignedor binaryclassi cation. Thereforethreeextensionsf AdaBo ost
for multi-classclassi cationwerepresentedSequential AdaBo ost,Or TreeAdaBo ost
andAdaBo ost:M2 .

17



3. TheAdaBo ost Algorithm

Algorithm 3 AdaBoost.M2

distribution D overtheN examples,
weaklearningalgorithmW eakLearn |,
integerT specifyingnumberof iterations.
Initialize theweightvectorwil;y =D(@()%K Dfori=1:::;N;y2Y fyig.

1. Set X
Wit = Wit;y
y6yi
2. Set .
aiy) = w2
fory 6 vy;.
3. Set

Wi
Di(i) = Pt
iN=i W
4. CallWeakLearn providing it with thedistribution D andlabelweightingfunction
¢. Getbackahypothesih! : X Y I [0;1].

5. Calculatethe pseudo-lossf ht:

0 1
A X
i3 De(i) @1 hi, (xi) + ck(i; y)hy (xi)A
i=1 y8yi
6. Set
_ t
e
7. Setthenew weightsvector
Wit;§l _ it;y t(1=2)(1+ hy, (xi) hy(xi))

fori=1;:::;Nandy2Y fyig.
endfor
Output: Thehypothesis

X 1 .
ht (x) = arg r)pza}(x Iog—t hy (x):

t=1
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4. Learning of Indoor Places from Range
Data

4.1. Description of the Learning Task

This sectiondescribeghe learningtaskof this work: the learningof indoor placesusinglaser
rangedata.

As introducedin Chapterl, indoor ervironmentsaretypically distributedin differentliving
andworking spacesEachof thoseplaceshasadifferentfunctionalityandstructure An example
of anindoorervironmentis shavn in Figure4.1. Most of theseplaceshave a similar structure,
but in differentenvironments.For example,a corridoris usuallylonger aroomis moresquare,
doorwaysaresmall, etc.

The aim of this work is to build a systemin a mobile robot, so that the robot is able to
recognizethe placewhereit is. For example,if therobotis in a corridorandwe askit whereit
is, therobotmustbeableto answerCorridor . Figure4.2 explainsthis situation.

Herewe describethis problemasa learningtask. Accordingto Section2.2, this taskcanbe
formally describedasfollows:

The spaceof possibleinstancesX is composedf the posesof the robotin the erviron-
ment. Eachinstancex is representethy one obseration z madeby the robot, andone
labely 2 Y representinghe placein whichthe poseis. In this work we will restrictthe
setto:

Y = fCorridor ;Room ;Do orw ay;Hallw ayg: (4.1)

As we will seelaterin Section4.2, eachobsenration is composedf a laserrangescan
togethemwith certainfeatureghatwe calculatedrom this scan.

Ourtametconceptt 2 Cisrepresentetly afunctionc: X Y ! f1;0g of theform:

1 if x isin placelabeledy

cxy) = 0 otherwise (4.2)
Eachhypothesid 2 H hastheform:
1 if xisclassiedas
h(xy) = Y (4.3)

0 otherwise
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4. Learningof IndoorPlacesdrom RangeData

Room

Doorwa Corridor

o\ Corridor

O 0O

Figure4.2.: After takinganobseration,arobotclassi esits poseasCorridor .
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4.2. Featuresrom LaserRangeScans
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Figure4.3.:Beamsobtainedby therobotin a corridot

ThelearnerL generatea nal hypothesi$; whichis usedfor subsequertlassi cations.
For theimplementatiorof the learnerL. we will usean adaptatiorof two differentalgo-
rithms: AdaBo ost:M2 andSequential AdaBo ost, whichwewill describdan detail
in Sectionst.3and4.4.

4.2. Features from Laser Range Scans

This sectiondescribeshe setof simplefeatureghatarecalculatedrom eachobserationusing
thebeamsof alaserrangescan.Thesefeatureswill be usedlaterasweakhypothese$o form a
nal strongclassi er.

Asweshavedin Sectiord.1,theaim of thiswork is to createa classi er for amobilerobotin
suchawaythatit is ableto recognizesachdifferentplace.We assumehattherobotis equipped
only with a36( eld of view rangelaser Thereforethe nal classi eris constructedisingthe
dataprovided by the laser without ary othersensolinformation. That meansthe obseration
madeby therobotat a speci ¢ poseis composednly of the setof beamsrom thelaserrange.
Formally, eachobserationz = fhy;::;;by 19 containsa setof M beamsh. Eachbeamb
consistsof atuple ( i;d;j) where ; is the angleof the beamrelative to the robot, and d; is
the lengthof the beam. Eachobseration usedin this wotk hasanumberof M = 360beams,
with ananglestepof 1°. An exampleof the beamstaken by the robotin a corridoris shavn in
Figure4.3.

To correctlyclassifya posein anindoorervironment,therobotmustclassifythe obseration
Z obtainedn this poseinto oneof theplacesY = fCorridor ;Room ;Do orw ay;Hallw ayg
thatwe wantto learn. As an example,Figure4.4 shavs threeobsenrationstaken in different
placesin anindoorervironment: in a room, a doorway anda corridor In the rst instances,
it seemshardto nd featuresin thesebeamsthat can be relatedwith the placewherethey
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4. Learningof IndoorPlacesdrom RangeData

weretaken from. But by looking more carefully we can nd somegeometriccharacteristics
which usually appearin the beamstaken from the sameplace. For example,looking at the
rangetakenin the corridor (Figure4.4(a)),a centralhorizontalboundingbox canbe extracted,
which representshe corridor Moreover, two consecutie beamsinside this rectangulatbox
have a small differencein length, dueto the continuity of the walls thatform a corridor We
canalso nd two perpendiculaears correspondingo two doorsthatwereopenin the moment
of registeringthe beams.On the otherhand,the beamdaken insidearoom (Figure4.4(b))are
more scatteredhanthe onesfrom a corridor This is dueto the differentobjectsthat we can
nd insidelike tables,chairsor coatstands.As a consequencenore gapsappealin the scan.
A gapis adifferencein lengthbetweerntwo consecutie beamsconsideredssigni cant. With
respecto thebeamsbtainedrom adoorway (Figure4.4(c)),two oppositesetsexist with length
signi cantly smallerthanothers.Thesebeamsepresenthe doorframe.Figure4.5 graphically
shaws thedifferentcharacteristicebtainedrom the threesetof beams.

Thus,it seemseasonabléo representachobserationz notbytheraw beamd bg; :::;;bw 10,
but by asetof geometricafeaturesvhich canbemorerepresentate of thecompleterangescan.
In this work we usea setof single-\aluedgeometricafeatureghatarecalculatedrom eachset
of beamghatcomposean obseration. Formally, we de ne afeaturef asafunctionthattakes
asanamgumentoneobseration andreturnsarealvaluef : Z ! R, whereZ is the setof all
possibleobserations. Apart from that, it is desirablethat thesefeaturesare rotationalinvari-
ant. The reasonfor this constraintis that we areinterestedn classifyingthe posewherethe
robotis, independenthyof its orientation.Most of the featureswve usein this work arestandard
geometricafeaturesoften usedin shapeanalysis(seeGonzalezandWintz [11], Haralickand
Shapiro[13], Loncaric[22], O'Rourke [27], andRuss[29]).

Two setsof single-aluedfeaturesare calculatedfrom eachobseration. The rst setB is
calculatedusing the raw beamsin z asshowvn in Figure 4.4. The following is a list of the
single-aluedfeaturegertainingto this set:

1. Theaveragedifferencebetweerthelengthof consecutie beams.

2. Thestandardieviation of the differencebetweerthelengthof consecutie beams.
3. Sameasl), but consideringdifferentmax-rangevalues.

4. Theaveragebeamlength.

5. Thestandardieviation of the lengthof thebeams.

6. Numberof gapsin the scan. Two consecutie beamsbuild a gapif their differenceis
greatetthanagiventhreshold Differentfeaturesareusedfor differentthresholdvalues.

7. Numberof beamslying on lines that are extractedfrom the rangescan(seeSackand
Burgard[30]).
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4.2. Featuresrom LaserRangeScans

(a)Corridor

(b) Room

(c) Doorway

Figure4.4.:Exampleraw beamgecordedn a corridor aroomandadooray.

23



4. Learningof IndoorPlacesdrom RangeData
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(a) Corridor

Gap

(b) Room
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Figure4.5.: Possibleeaturesxtractedfrom theraw beamsof Figure4.4.



4.2. Featuresrom LaserRangeScans

8. Euclideandistancebetweenthe two points correspondingo the two consecutie local
minima.

9. Theangulardistancebetweerthe beamscorrespondindo thetwo consecutie local min-
imain feature8).

A secondsetP of featuress calculatedrom apolygonalapproximatiorP (z) of theareacov-
eredby theobserationz. Theverticesof theclosedpolygonP (z) correspondo thecoordinates
of theend-pointof eachbeamb; of z relative to therobot:

P(z) = f(dicos j;disin |)ji=0;:::;M 19 (4.4)
As anexample,the polygonalrepresentationsf the laserrangescansdepictedn Figure4.4

areshavn in Figure4.6. Thefollowing is a list containingthe single-aluedfeaturegertaining
to theP set:

=

. Areaof P(z).

2. Perimeterof P (2).

3. Areaof P(z) dividedby Perimetef P (z).

4. Meandistancebetweerthe centroidto the shapeboundary

5. Standardieviation of thedistancedetweerthe centroidto the shapeboundary
6. 200similarity invariantdescriptordasedn the Fouriertransformation.

7. Major axis Ma of the ellipsethat approximated$® (z) usingthe rst two Fourier coef-
cients.

8. Minor axisMi of theellipsethatapproximate® (z) usingthe rst two Fouriercoefcients.
9. Ma=Mi.

10. Seveninvariantscalculatedrom the centralmomentsof P (z).

11. Normalizedfeatureof compactnesef P (z).

12. Normalizedfeatureof eccentricityof P (2).

13. Formfactorof P (z).
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(a)Corridor

(b) Room

Figure4.6.: Polygonalrepresentationsf the scansshawvn in Figure4.4.
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4.3. TheFinalSequential AdaBo ost Algorithm

AppendixA.1 andA.2 describdn detailhow to calculateeachof thefeaturedor bothB and
P sets.

i = (ffg;::05f500yi); withy; 2 Y andf; 2fB[ Pg: (4.5)

HereY = fCorridor ;Room ;Do orw ay;Hallw ayg is the setof classeghat we wantto
learn.We assuméhatthelabelof thetrainingexampleds givenin adwance.In practicethis can
be achieved by manuallylabelingplacesin the mapaswe will seein Section5.1, or instructing
therobotwhile it is exploringits ervironment.

4.3. The Final Sequential AdaBo ost Algorithm

As shavn in Section3.2,amulti-classclassi er canbe constructedinking severalbinaryclassi-
ers into adecisionlist. To createcachof thebinaryclassi ersneededn thiswork we applythe
variantof the AdaBo ost algorithmpresentedy Viola andJoneg41]. This variantrestricts
the weakclassi ersto dependon single-waluedfeaturesonly. In our casewe will usethe two

setsB andP of featuredrom Section4.2.
Following the notationfrom Viola and Joneg41], eachweakclassi er h; (x) consistsof a
featuref, athreshold ; andaparity p; indicatingthedirectionof theinequalitysign:

oy~ L) <p
hy (x) = 0 otherwise (4.6)

As anexample,a weakclassi er haea createdfrom the feature“Areaof P (X)”, f area(X),
will have theform:

1 if fArea(X) > Area

0 otherwise (4.7)

harea(X) =
meaningthatif the areaof P (x) is biggerthanthethreshold area, thenthe examplex will be
classi edaspositive.

The parameters andp mustbelearnedby eachweakclassi er in thetraining processOne
possiblemethodfor learningtheseparameter$or a speci ¢c weakclassi er h; with featuref;
andsetof N examplesconsistf creatinga searchspaceS; whoseelementsarethe pairvalues
( i;pi) with = f;(xj), in theform:

S =f(1 i+ (n: i( N+ (4.8)

Now we have only to selecteachpair ( i;pj) and computethe numberof misclassi cations
usingtheExpressiont.6. Finally, we selecthe parametersvhichimplieslessmisclassi cations.
Formally:
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4. Learningof IndoorPlacesdrom RangeData

XN
(;p):argm_ipn ihy (Xi) Vil (4.9)
Pzt
with
oy Lifp fi(xj)<p
hy (xi) = 0 otherwise (4.10)

This procesxanbecarriedonin lineartime is theelementof S; arepreviously orderedby the
values .

Oncewe have amethodfor trainingweakclassi erswe canimplementhe nal versionof the
binaryAdaBo ost algorithmwhichis shavn in Algorithm 4. As we cansee Step2 and3 cor
respondo theW eakLearn algorithmin theoriginal AdaBo ost algorithm(seeAlgorithm 1).
In this casea bruteforcesearctis doneamongall thepossiblenypotheseandthen,theonewith
lowesterroris selected.

To createhe nal Sequential AdaBo ost algorithmwe only have to arrangea decisionlist
in the sameway asexplainedin Section3.2.

4.4. The Final AdaBo ost:M2 Algorithm

As we shaved in Section3.4, the AdaBo ost:M2 algorithmcreatesa nal strongclassi er
which is able to discrimateamongK different classes. In our case,eachmulti-classweak
hypothesis; (x; y) with featuref is splitinto K binaryhypothesesf the form:

8
hj; l(X)
h;.
hj (xi;yi) = 5 :J' ) (4.11)
hj;K (X)
with _
hix (Xi) = é gtﬁjervt/"is(;(‘) Sh (4.12)

To trainthe multi-classhypothesig; (xi; y;) we train eachof the binary hypotheses$ (x;)
usingthe samemethodasin Section4.3, but usingas positive training examplesthoseswith
labelk andtherestasnegatives. Formally:

X
(ip)=argmin — hy (xi) yP (4.13)
i
with
1 ifp fi(x)<p

i (Xi) = 0 otherwise (4.14)
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4.4. TheFinalAdaBo ost:M2 Algorithm

and
o 1 ifyi=k
Y= 0 ity 6 k:

Thecompletenal AdaBo ost:M2 algorithmis shavn in Algorithm 5.

(4.15)

This chapterpresentedhe learningtask of this thesis:the supervisedearningof placesfrom
rangedatausing boosting. Moreover, the different simple featuresextractedfrom proximity
dataweredescribed Thesdeatureswill be usedasweakhypotheseby theboostingprocedure.
Finally, the particularversionsof Sequential AdaBo ost andAdaBo ost:M2 for thiswork
wereintroduced.
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Algorithm 4 AdaBoostversionby ViolaandJones

integer T specifyingthe numberof iterations.
Initialize theweightvectorw! = % % fory; = 0; 1 respeciiely, wherem is the numberof
negatve examplesandl is the numberof positve examples.

1. Set
g W
P =Py
i=1 Wi
2. Foreachfeaturef;, train aweakclassi er hj whichis restrictedto usingthis single
feature.Theerrorof h; is evaluatedwith respecp':

= P (i) i

i=1

3. Chooseheclassi er hy with lowesterror ;.

4. Set .
e
5. Setthenewn weights:
Wit+1 = w! tlj he(xi) vil
endfor
Output: The nal stronghypothesis

(

i 1 1P 1
h (x) = 1 if oy log= h(x) 35 (- 109+

t
0 otherwise
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4.4. TheFinalAdaBo ost:M2 Algorithm

Algorithm 5 Final AdaBoost.M2algorithm

integer T specifyingnumberof iterations.
Initialize theweightvectorwil;y =D(@)k Dfori=1;:::;N;y2Y fyig,
whereD (i) = % andm is thenumberof trainingexampleswith labely;.

1. Set X
Wi = Wb
y6yi
2. Set ‘
Loy Wiy
(i y) = Wt
|
fory 6 vy;.
3. Set

N W
Dt(l) = PN—V\/It

4. For eachfeaturej train multi-classweak classi er h;j (x; y) which is restrictedto
usingthesinglefeaturej . Theerroris evaluatedwith respecD (i):

0 1

R X
i=5 D) @1 hy(6)+ (i Y)hyy (x0)A
i=1 y8yi

5. Chooseheclassi er ht with lower error .

6. Set
- t .
Ta

7. Setthenen weightsvector
(1=2)(1+ hy, (xi) hy(xi)

Wiyt = Wiy ’ ’
fori=1;:::;Nandy2Y fyig.
endfor
Output: Thehypothesis

XT

— 1 t .
hs (x) = arg r)ga\l(x Iog—t hy (x):

t=1
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5. Experiments

Theaim of thefollowing experimentds to demonstrat¢éhatthe single-\aluedfeaturesiescribed
in Section4.2 canbeboostedo arohustclassi erwhichis ableto recognizalifferentplacesin
anindoorervironment. Additionally we analyzewhetherthe resultingclassi er canbe usedto
classifyplacesn environmentsfor which no training datawasavailable.

5.1. Experimental Setup

In orderto testour approacton realdataaswell asin simulation,we usethe Carngjie Mellon
RobotNavigation Toolkit (CARMEN) [25]. This simulationervironmentallows usto navigate
with arobotin differentmapswhereagecordingall sensoiinformation(Figure5.1). Therobot
usedin the simulationwasan ActivMediaPioneer2-DX8 equippedwith two SICK laserrange
nders asdepictedin Figure5.2. To generatehe training andtestsetof examples,a speci ¢
software was developedwhich communicatesvith the CARMEN simulatorand permitsthe
selectionof differentposeswvheretherobotwill have to take the obsenations. A moredetailed
descriptionof this softwareis givenin AppendixB.

5.2. Results with Sequential AdaBo ost

Oneimportantparameteof the AdaBo ost aswell asthe AdaBo ost:M2 algorithmis the
numberof weak classi ers T usedto form the nal strongclassi er. We performedseveral
experimentswith different numbersof weak classi ers and analyzedthe classi cation error
Throughoutour experimentswe foundthat 100 weakclassi ersprovide a high velocity in the
classi cationwhenusinga robotin real time, togetherwith a low errorin the classi cation.
Thereforethisvalueis usedin all experimentgresentedh this work.

The rst experimentwasperformedusingdatafrom our of ce ervironmentin Building 79 at
theUniversityof Freikurg (seeFigure5.4(a)). This environmentwasdividedinto threedifferent
typesof places:room,doorway, andcorridor For the sale of clarity we presentbur resultsby
separatinghe ervironmentinto two parts.Theleft half of theenvironmentcontainghetraining
examples(seeFigure5.4(b)),andthe right half of the ervironmentwasthenusedasa testset
(seeFigure5.4(c)).

In this experimentwe usedthe sequentiaktlassi er shawvn in Figure 3.1. We testedall the
possiblecombinationf binary classi erswith labelsY = fCorridor ;Room ;Do orw ayg
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5. Experiments

Figure5.1.:Interfaceof the Carngjie Mellon RobotNavigation Toolkit (CARMEN).

Figure5.2.: Therobotusedin the experimentsaa Pioneer2-DX8 equippedwith two SICK laser
range nders.
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5.2. Resultswith Sequential AdaBo ost

in a decisionlist, and calculatedthe succesf the nal classi cationfor eachof them. Ta-
ble 5.1 shaws the correctclassi cationrate for all the possibledecisionlists. Accordingto
this table the optimal decisionlist for this classi cation problemis given by the sequence
Room Do orway whosecon gurationis shawvn in Figure5.3. This decisionlist correctly
classi es93.94%0f all testexamples.Theclassi cationresultsarealsodepictedascolored/grg-
shadedareadn Figure5.4(c).

Classi er Sequence CorrectClassi cations%
Room Doorw ay 93.94
Room  Corridor 93.31
Corridor Room 93.16
Doorway Corridor 80.68
Doorway Room 80.49
Corridor Do orw ay 80.10

Table5.1.: Percentagef correctlyclassi ed examplesfor the 6 con gurationsof a sequential
multi-classclassi er with Y = fCorridor ;Room;Do orw ay g usedin the map
of Building 79 (seeFigure5.4).

: — _ : - h(x)=0
Binary Classifier , h(x)=0 . (_Binary Classifier poonyay

"

Figure5.3.: The bestdecisionlist con gurationfor the classi cationof building 79 at the Uni-
versityof Freiburg.

In asecondxperimentwe repeathe processut usethe mapof Building 52 atthe University
of Freikurg (seeFigure5.5(a)). Table5.2 shavs theresultsfor thedifferentcon gurationsusing
the setof labelsY = fCorridor ;Room;Doorwayg. Figure5.5 depictsthe training and
testclassi cationfor Building 52 usingthe bestdecisionlist Room  Corridor accordingo
Table5.2.

A third experimentwasperformedisingamapcontainingfour differentclassesf placesy =
f Corridor ;Room; Do orw ay; Hallw ayg. Thecompletemapis shawn in Figure5.6(a).Ta-
ble 5.3 shaws the resultingclassi cation of all the possibledecisionlists. The optimal deci-
sion list for this experimentwas Corridor Hallw ay Do orw ay, with a successate of
89.52%.

It is alsointerestingto calculatethe error of the differentbinary classi ersthatform the -
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5. Experiments

Classi er Sequence CorrectClassi cations%
Room  Corridor 92.10
Corridor Room 91.57
Doorway Corridor 91.13
Corridor Do orw ay 91.03
Room Do orw ay 90.94
Doorway Room 90.30

Table5.2.:Percentagef correctlyclassi ed examplesfor the 6 con gurationsof a sequential
multi-classclassi er with Y = fCorridor ;Room;Do orw ay g usedin the map
of Figure5.5(a).

nal sequentiaklassi er. Table 5.4 containsthe error ratesof the individual binary classi ers
on the training dataof mapin Figure5.6. The error ratesdiffer between7% and1:5%. The
binary Do orw ay classi er yieldsthe highesterror We believe thatthis is dueto several fac-
tors. First, adoorway is typically a very smallregion sothatonly a few trainingexamplesare
available.Furthermoreif arobotstandsn adoorway thescantypically coversnearbyroomsor
corridorswhich malkesit hardto distinguishthe doorway from suchplaces.If we comparethe
classi cationratesof the Sequential AdaBo ost for four classesn Table5.3 andthe errors
of the binary class ersshavn in Table5.4, we canseethat mostof the decisionlist with best
results(the rst twelve) have as rst binaryclassi er the onewith lesserror, thatis, Corridor
or Hallw ay. Thiscoincideswith our stratgy from Section3.2,in which we explainedthatit is
agoodheuristicto placethebinaryclassi erswith lesserrorin the rst positionsof thedecision
list.

5.3. Results with Or Tree AdaBo ost

This experimentwas designedo comparethe two typesof structuredor a multi-classclassi-

er usingbinaryclassi ers: Sequential Adab oost andOr Tree Adab oost. Figure5.7
shaws the training and testmapsusedin this experiment. Table 5.5 shaws the resultsof the
classi cation of the testsetfor the differentcon gurationsof a sequentiaklassi er usingla-
belsY = fCorrdior ;Room;Doorwayg. Table5.6 depictsthe resultsin the class cation
of differentcon gurationsfor an Or-tree classi er. As we canseethe classi cationratesare
very similar. Thisis dueto thefactthatan Or-treecon gurationis similarto a sequentiaton-
guration if the rst two binaryclass ers in the decisionlist areusedin the rst nodeof the
Or-tree.
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5.3. ResultsvithOr  Tree AdaBo ost

Classi er Sequence CorrectClassi cations%
Corridor Hallw ay Do orw ay 89.52
Corridor Room Hallw ay 89.41
Corridor Hallw ay Room 89.36
Room  Corridor Hallw ay 89.29
Hallw ay Room Do orw ay 88.95
Room Hallw ay Do orway 88.78
Hallw ay Corridor Do orw ay 88.69
Hallw ay Doorway Corridor 88.68
Hallw ay Doorway Room 88.59
Hallw ay Corridor Room 88.53
Hallw ay Room Corridor 88.53
Room Hallw ay Corridor 88.36
Corridor Room Do orw ay 86.88
Room  Corridor Do orw ay 86.81
Room Doorway Corridor 86.80
Corridor Doorway Room 86.60
Doorway Room Corridor 86.59
Doorway Corridor Room 86.57
Corridor Doorway Hallw ay 85.82
Doorway Corridor Hallw ay 85.74
Room Doorway Hallw ay 84.98
Doorway Hallw ay Room 84.76
Doorway Hallw ay Corridor 84.75
Doorway Room Hallw ay 84.68

Table5.3.:Percentagef correctlyclassi ed examplesfor the 24 con gurationsof a sequential
multi-classclassi er with labelsY = fCorridor ;Room;Do orw ay;Hallw ayg
for themapin Figure5.6(a).

Binary Classi er | Trainingerror%
Corridor 0.7
Hallw ay 0.7

Room 14
Do orw ay 15

Table5.4.:Error in the training datafor the individual binary classi erslearnedfrom the map
depictedn Figure5.6.
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5. Experiments

(a) Map of building 79

(b) Trainingexamples

(c) Classi®catiorof testexamples

Corridor Room Doorway

Figure5.4.: The map of Building 79 at the University of Freikurg is shawvn in Figure 5.4(a).
Figure5.4(b)shaws thetraining set. Finally, Figure5.4(c)shavs the classi edtest
datausingthebestsequentiatlassierRoom Do orw ay.
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5.3. ResultsvithOr  Tree AdaBo ost

(a) Map of building 52

(b) Trainingexamples

(c) Classi®catiorof testexamples

Corridor Room Doorway

Figure5.5.: The map of Building 52 at the University of Frelurg is shavn in Figure 5.5(a).
Figure5.5(b)shavs thetraining setandFigure5.5(c) shaws the classi ed testdata
usingthebestsequentiatlassi erRoom  Corridor .
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5. Experiments

(a) CompleteMap

(b) Trainingexamples

(c) Testclassi®cation
Corridor Room Doorway Hallway

Figure5.6.: The completemapwith 4 typesof placesis shavn in Figure5.6(a). Figure5.6(b)
shaws thetraining set,andFigure5.6(c)shavs the classi ed testdatawith the best
40 sequentiaton gurationCorridor Hallw ay Doorway.



5.3. ResultsvithOr  Tree AdaBo ost

(a) Trainingexamples

(b) Testexamples

Corridor Room Doorway

Figure5.7.: Trainingandtestsetsusedfor the comparisorof the Or-treeandsequentiaton g-
urations.
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Classi er Sequence CorrectClassi cations%
Corridor Room 88.83
Room  Corridor 88.82
Corridor Do orw ay 88.33
Room Do orw ay 87.04
Doorway Room 86.17
Doorway Corridor 85.82

Table5.5.: Percentagef correctly classi ed examplesfor the 6 con gurations of a sequen-
tial multi-classclassi erwith Y = f Corridor ; Room; Do orw ay g usingthedata
from Figure5.7.

Classi er Tree CorrectClassi cations%
(Room or Corridor ) Do orw ay 88.82
(Corridor or Room) Do orw ay 88.72
(Corridor or Doorway) Room 87.91
(Room or Doorway) Corridor 86.94
(Doorway or Room) Corridor 86.19
(Do orway or Corridor ) Room 85.74

Table5.6.: Percentagef correctlyclassi ed examplesfor 6 con gurationsof an Or-treemulti-
classclassi erwith Y = f Corridor ; Room; Do orw ay g usingthedatafrom Fig-
ure5.7.
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5.4. Comparison of the Sequential AdaBo ost and
AdaBo ost:M2 Algorithms

The former experimentsusedthe Sequential AdaBo ost algorithmto createa strongclas-
si er, usedto classifythe differentenvironments. In this sectionwe comparethis approacho
Adab oost:M2 , themulti-classvariantof AdaBo ost.

5.4.1. Comparison with Half Maps

The rst comparisonwas calculatedusingastraining andtestexamplesthe samesetsusedin

Section5.2. Figures5.8, 5.9and 5.10shav theresultsof theclassi cationof thetestexamples
for the threedifferent mapsusedin this work. As we canseethe Sequential AdaBo ost

algorithmperformsbetterthanthe AdaBo ost:M2 algorithm.Table5.4.1shavs aquantitatve

analysisof the classi cationperformancdor thethreemaps.

Map depictedn | SequentiaClassi er% | Adaboost.M2Z6
Figure5.8 93.94 83.89
Figure5.9 92.10 91.83
Figure5.10 89.52 82.33

Table5.7.: Resultsof classi cationfor differentindoormapsanddifferentclassi ers.

5.4.2. Comparison using K-Fold Cross Validation

K-fold crossvalidationis a standardnethodfor comparinglearningalgorithms. This method
dividesthe training setinto k subset®of equalsize. Eachof thesesubsetsnustcontaina rep-
resentatie amountof examplesof eachclass. The procesdeaves one of the subsetout and
appliesthe learningalgorithmto the otherk 1 subsets.The learnedclassi er is thenused
to classifythe left subsetandto calculateits error The procesgepeatk timesleaving out a
differentsubseeachtime. The nal erroris thencalculatedasthe meanof thek partialerrors.
To comparedifferentlearningalgorithmsthe whole processs carriedout eachtime andtheir
nal errorsareusedasacomparisorvalue. A valueof k = 10 hasbecomea standardor this
method.

In our casewe areinterestedn comparingour Sequential AdaBo ost algorithmwith the
AdaBo ost:M2 . For the experimentwe usedthe mapof Building 79 (Figure5.4(a)). We use
asatrainingsetthe 3487posedistributedrandomlyonthewholemapasshavn in Figure5.11.
This setis dividedinto 10 subset®f equalsize. Eachsubsetontainsa setof randomlyselected
posessothatthey containrepresentate examplesof eachclass.Table5.8 shaws theresulting
errorsof applying10-fold crossvalidationwith Sequential AdaBo ost. Aswe canseein this
table,the bestthreecon gurationscoincidewith the onesin Table5.1,in which a comparison
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(a) Sequential AdaBo ost

(b) AdaBo ost:M2

Corridor Room Doorway

Figure5.8.:Figure 5.8(a) shawvs the classi ed test data of our Sequential Adab oost
algorithm in Building 79. Figure 5.8(b) depicts the result obtained with
Adab oost:M2 . As canbe seen,the error of Adab oost:M2 is much higher

comparedo our approach.
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(a) Sequential AdaBo ost

(b) AdaBo ost:M2

Corridor Room Doorway

Figure5.9.: The classi ed testdataof our Sequential Adab oost algorithmin Building 52
(Figure5.9(a))andthe resultobtainedwith Adab oost:M2 (Figure5.9(b)). As
canbeseentheerrorof Adab oost:M2 is highercomparedo ourapproach.
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(a) Sequential AdaBo ost

(b) AdaBo ost:M2
Corridor Room Doorway Hallway

Figure5.10.:Classi cationresultsof our Sequential Adab oost algorithm (Figure5.10(a))
andAdab oost:M2 (Figure5.10(b)).Againthesequentiahpproactoutperforms
Adab oost:M2 .
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5.5. PlaceRecognitionwith a Moving Robot

with half mapsweredone. The error of applying 10-fold crossvalidationto AdaBo ost:M2
is 9.66%. Thatmeansthethreebestcon gurationsof Sequential AdaBo ost arebetterthan
AdaBo ost:M2 .

Classi er Sequence Error%
Room  Corridor 5.84
Corridor Room 5.96
Room Do orw ay 6.39
Corridor Do orw ay 9.60
Doorway Room 10.13
Doorway Corridor 10.44

Table5.8.: Percentagef errorof Sequential AdaBo ost using10-fold crossvalidation.

5.5. Place Recognition with a Moving Robot

In the following experimentwe usethe mostsuitableclassier Room Do orw ay for our
of ce building (seeTable5.1) to classifythe currentposeof a mobile robot. We placedour
Pioneer2-DX8&obotin our of ce building andsteeredt throughthe corridor, differentrooms,
andseveral doorways. Whilst the robotwas maoving, we loggedits trajectoryandthe classi -
cationsobtainedfor the differentrangescans.The resultsaredepictedin Figure5.12. Again,
the differentcolors/grg levels of the pointson the trajectoryindicatethe classi cation of the
correspondingcan.As canbeseentherobotreliablyidenti es thetypeof place.Only in afew
placeds theclassi cationwrong. Thesefailuresaremostoftencausedy clutterin theenviron-
ment,which malke thesequentiaRoom Do orw ay classi er believe thatthe corresponding
placeis adoorway.

5.6. Transferring the Classier s to New Environments

This experimentis designedo analyzewhethera classi er trainedin a particularervironment
canbe usedto successfullyclassifythe placesof a new ervironment. To carry out this experi-
mentwe trainedour Sequential AdaBo ost classi er onthe mapshawvn in Figure5.5(a).In
this environmentour approachwasableto correctlyclassify92.1%of all placeswith acon gu-
rationRoom  Corridor (seeTable5.2). Theresultingclassi erwasthenevaluatedonscans
simulatedgiventhe mapof the Intel Research.ab in Seattle.For thesescanghe classi cation
ratedecreasetb 82.23%(seeFigure5.13). Thisindicateshatour sequentialzersionalgorithm
yields good generalizationsvhich canthen alsobe appliedto correctly label placesof so far
unknavn ervironments.Note thata successateof 82.23%is quite high for this ervironment,
sinceevenhumangypically donotconsistently/correly classifytheplacesn thiservironment.
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(a) Randomposes

(b) An examplesubset

Corridor Room Doorway

Figure5.11.:Thetraining setusedfor 10-fold crossvalidationis shavn in Figure5.11(a).Fig-
ure5.11(b)depictsanexamplesubseusedfor the calculationof a partialerror.
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5.6. Transferringthe Classi®erdo New Ervironments

Corridor Room Doorway

Figure5.12.:Classi cationresultsare obtainedwith a mobile robot moving throughour of ce
environment.Colors/grg levelsin theimageindicatethe classi cationof the cor
respondinglacesof thetrajectory
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Corridor Room Doorway

Figure5.13.:Classi cation resultsobtainedby applyingthe classi er learnedfor the environ-
mentdepictedin Figure4.1to the mapof the Intel ResearchLab in Seattle.The
factthat82.23%of all placescouldbe correctlyclassi edillustratesthatresulting
classi erscanbeappliedto sofar unknavn ervironments.
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binaryclassi er | sevenbestfeatures

Corridor B.6,B.1,P7,P6,P6,B.1,B.1
Room P2,B.1,P4,P6,P7,B.6,P5
Doorway B.8,B.1,B.9,B.4,B.2,P6,B.1,
Hallway P1,B.1,B.8,P1,P12,P6,B.1

Table5.9.: Thebestserenfeaturedor eachbinaryclassi er.

5.7. Impor tant Simple Features

In this sectionwe analyzethe importanceof the individual weak featuresin the nal strong
classi er. As shavn in Section4.2, we calculatediwo setsof features:the setB, which is
formedby featurescalculatedrom theraw beamsandthe setP, with featuresextractedfrom
the polygonapproximationP (z) of the beams.Table5.7 lists the seven bestfeaturesfor each
binaryclassi erwith theleftmostfeaturethemostimportant.In thistableanentryB.i represents
thei-th featureof the B featuresetz whereasan entry Pj representshe j-th featureof the P
featureset. Note thatoftenidenticalfeaturesoccur As we saw in Section4.3, on eachroundt
of theAdaBo ost algorithm,eachfeaturef ; is usedto createaweakhypothesid; . In different
roundsthesamefeaturef; createdlifferenthypotheses; which differ in its parameters and
p. Thesehypothesesredifferent,althoughthey correspondo the samefeature.

As thetable shaws, several featuredik e the averagedifferencebetweenconsecutie beams
(featureB.1) appeardo be quite important. Furthermore the numberof gaps(featureB.6),
which representhiow clutteredthe ervironmentis, appearguite often. WhereadeatureP.1,
which correspondso the areaof the polygon,is mostimportantfor the detectionof hallways,
the featureB.8, which measureshe distancebetweenthe smallestiocal minimain the range
scan hasthehighestweightin theclassi er for doorways. In fact, this lastfeaturewasdesigned
speci cally for the detectionof doorways.

In this chapterwe presentedsereral experimentswhich demonstratehat our simple features
canbe boostedto a rohust classi er of places. Additionally, we analyzewhetherthe resulting
classi er canbe usedto classifyplacesin ernvironmentsfor which no training datawere avail-
able. Finally, we shavedthe mostimportantgeometricafeaturesusedin theclassi er for each
speci c place.
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6. Conclusion

This thesispresentecn approacHor a mobile robotthatlearnsthe relationbetweerthe prox-
imity measurementskenin aposeandthe semantidermrelatedto this pose.Additionally, our
approactcreatesa classi er thatallows the posteriorclassi cationof unseerposesnto a setof
differentsemantidermslike “corridor”, “room”, “hallway” or “doorway”. Our approachis su-
pervisedwhich hasthe advantagethatthe resultingsemantidabelscorrespondo userde ned
classes.

The different set of beamstaken as obserationsare representedby a setof single-walued
geometricafeatureswhich areeasyandquicker to calculate . Thesefeaturegepresentlifferent
propertieof thebeamsaswell asof a polygonapproximatiorof thecompletescan.

Thealgorithmusedfor supervisedearningis the boostingAdaBo ost, which permitsusto
boostthe single-waluedfeaturesinto a strongclassi er. In its original form, the AdaBo ost
algorithm generates binary classi er which can discriminatebetweentwo classes:positve
examplesand nggative examples. To determinebetweenmore than two classesve devised
a structurethat usesa setof binary classi ersto form a multi-classclassi er. The structure
hasthe form of a decisionlist, in which eachelementis representedby one binary classi er.
We calledthis multi-classclassi er Sequential AdaBo ost. To testthe performanceof the
Sequential AdaBo ost we carriedout experimentsusingdifferentindoor ervironments,ob-
taining classi cationratesof morethan90%. We alsocomparedur Sequential AdaBo ost
algorithmwith AdaBo ost:M2 , amulti-classextensionof AdaBo ost. Theexperimentake-
sults shaved that our sequentiabpproachoutperformsAdaBo ost:M2 in the ernvironments
usedin thiswork.

We alsoanalyzedvhethera classi er trainedin a particularervironmentcanbe usedto suc-
cessfullyclassifythe placesof anew environment. To carry out this experimentwe trainedour
Sequential AdaBo ost classi er on onemap,andtheresultingclassi er wasthenevaluated
on scanbtainedn adifferentenvironment. The experimentakesultsshav thatour sequential
versionalgorithmyields goodgeneralizationsvhich canthenalsobe appliedto correctlylabel
placesof sofar unknavn environments.

Moreover, experimentscarriedout with arealrobotin anof ce indoorervironmentdemon-
stratedhatthe Sequential AdaBo ost approachs fastenoughto doarealtime classi cation
of the differentposesof the robot. Thisis dueto the useof simplefeatureswvhich arevery fast
to calculate.Also the numberof featuresusedwasvery low. In the experimentsve only used
100features.

Neverthelesour methodalsohaslimitations. Dueto thefactthatwe only use2-dimensional
informationfrom thelaserrange nder, themethodis notwell-suitedto distinguishthedifferent
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betweerroomswhich have similar structure.

Our methodfor semanticclassi cation of placesusesobserations composedof only 2-
dimensionalinformation. This allows us to do a real time classi cation of places,but with
somelimitations. The useof only 2-dimensionalnformationpermitsusto createonly features
in the plane. However, roomsare 3-dimensionakpacesand as a result, higher dimensional
geometrideaturescanimprove the informationtaken from eachobsenration. For example,the
useof 3-dimensionakcanausinga laserrange nder would addmoreinformationto eachob-
senationandallows to extractmorecomplex featureswhich canbe morerepresentate of each
room. Althoughthelaserrange nder givesvery preciseproximity measurementshey cannot
supply otherkinds of datawhich are alsorepresentate of an ervironment, like for example
colorinformation. For this reasonthe useof a cameracanalsoimprove theinformationthata
robotcanextractfrom anobsenration.

The classi cation of the differentplacesin aindoorenvironmentis a taskthata humancan
performwithout dif culty . Onereasorfor thisis thata personis ableto recognizehe different
objectsthataresituatedn aroom,andthenis ableto quickly relatetheseobjectsto a place.For
example,abedrooms very easyto recognizedf we canlocateabedin it. Hence therecognition
of objectscanbeaconsiderablémprovementto thetaskof placeclassi cation. And conversely
the classi cationof placescanhelptherecognitionof objects.If arobothasa goodestimation
of the placewhereit is, it canusea speci ¢ objectclassi er. For instancejf arobotknows that
theareawhereit is placedis abedroomthenit canuseaspeci c classi erto look for abed.

Neverthelesspur methodprovides a very good estimateof the kind of room aslong asthe
differentplacesare distinguishablébasedon sensolinformationobtainedin a 2D-plane.Even
for more comple places,our approachcan be usedas an initial guessfor the classi cation
technique.
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A. Calculation of the Single-V alued
Features

A.1l. Set B of simple features

tion. Eachbeamly isrepresentelly atuple( i;d;), where ; istheangleof thebeanrelativeto
therobotandd; is thelengthof thebeam.We alsode ne thefunctionlength(b;) whichreturns
thelengthd; of thebeamly. In thesamewaywe de ne thefunctionangle(ly) whichreturnsthe
angle ; of thebeamb.

A.1.1. The average diff erence between the length of consecutive beams

Thefeaturerepresentinghe averagedifferencebetweerthe lengthof consecutie beamss de-
ned as:

N1

1
faverage = M length(ly) length(bi+1 modm) (A.1)
i=0

A.1.2. The standar d deviation of the diff erence between the length of
consecutive beams

Thefeaturerepresentinghe standardieviation of the differencebetweerthelengthof consecu-
tive beamsds de ned as:
W1

1
fsta = M (length(b) length(b+1 modm))  faverage (A.2)
i=0

wheref qerage iS thefeaturede nedin A.1.1.

A.1.3. The average diff erence between the length of consecutive beams
considering max-rang e

The value max-rangeis a threshold indicatingthe maximumlength of a beam. Using this
threshold , we de ne thefunctionlength (b) asfollows:
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A. Calculationof the Single-\a4luedFeatures

length(b) if length(ky)

length (bh) = otherwise

(A.3)

Thefeaturerepresentinghe averagedifferencebetweerthelengthof consecutie beamsusing
max-rangas de ned as:

1 X
faverage; = M length (b)) length (B+1 modm) (A.4)
i=0

A.1.4. The standar d deviation of the diff erence between the length of
consecutive beams considering max-rang e

The standarddeviation of the differencebetweenthe length of consecutie using max-range
beamsds de ned as:

1 X1
fstd; = M (length (b)) length (B+1 modm)) faverage; (A.5)
i=0

wheref qyerage IS thefeaturede nedin A.1.3.

A.1.5. The average beam length
Thefeaturerepresentinghe averagebeamlengthis de ned as:
1%t
faverage length = M length(ly) (A.6)
i=0
A.1.6. The standar d deviation of the length of the beams

Thefeaturerepresentinghe standarddeviation of thebeamlengthis de ned as:

1 X!
fstd length = M length(ly) faverage length (A.7)
i=0

wheref qyerage length IS thefeaturede nedin A.1.5.

A.1.7. Number of gaps in the scan.

Two consecutie beamsbuild agapif theirlengthdifferenceis greatetthana giventhreshold .
An exampleof agapis shavn in FigureA.1. Formally agapis de ned as:
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A.1. SetB of simplefeatures

1 if length(b) length(b+1) >

g9ap (B;b+1) = Giperwise (A-8)
Thefeaturerepresentinghetotal numberof gapsis calculatedas:
I\X 1
fgaps = gap(®;b+1 modm) (A.9)

i=0

Gap

FigureA.1.: An exampleof agapin anscan.

A.1.8. Number of beams lying on lines that are extracted from the range

This featureis calculatedusingthe methodby SackandBurgard[30].

A.1.9. Euclidean distance between the two points corresponding to two
consecutive local minima in the beam length

This featurewas designedo help in the classi cation of doors. If we plot the length of the
beamsf anobsenration z, we obtaina graphlike theoneshavn in FigureA.2(b). We canlook
in this graphfor two consecutie local minimap; = (X1;Y1); P2 = (X2;Y2) which canbethe
representationf adoorframgFigureA.2(a)). The Euclideardistancebetweerp; andp; isthen
calculate:

p
faistance minima = (X1 X2)2+ (Y1 Y2)? (A.10)
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A. Calculationof the Single-\a4luedFeatures

Doorframe

(a)
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(b)

FigureA.2.: Representationf a set of beamscollectedwherethe robot werein a door In
FigureA.2(a)thearrows indicatethe two minimawhich canindicatea doorframe.
FigureA.2(b) is a plot of the lengthof the beams.Thetwo marksX indicatethe
sametwo minima(p1 andp, in thetext).
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A.2. SetP of simplefeatures

A.1.10. The angular distance between the beams corresponding to two
consecutive local minima in the beam length

Thetwo local minimal p1; p2 calculatedn A.1.9 correspondo theendof two beamsj.e b; and
. Theangulardistancebetweerthesetwo beamds usedasa feature,in theform:

f minima = jangle(by)  angle(ly)j (A.11)

A.2. Set P of simple features

This setof featureds calculatedfrom a polygonalapproximationP (z) of the areacoveredby

P(z) = fvoiiiivm 1;vm = Vod; (A.12)
wherev; = (Xxj;y;) with x; = dj cos ; andy; = d; sin ;.

A.2.1. Area of P(z)

Theareaof P (z) is givenby:

1%t
Aredpp) = 5 (Xi¥is1  Xis1Yi) (A.13)
i=0
A.2.2. Perimeter of P(z)
Theareaof P (z) is givenby:
W1
Perimeterp ;) = dist(vi;vi + 1) (A.14)
i=0
where: D
dist(vi;vi+ 1) = (Xi  Xi+x1)?2+ (Vi Vi+1)? (A.15)

A.2.3. Mean distance between the centroid to the shape boundar y

Thecentroidc = (cx; ¢y) of P(z) isde ned as:
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A. Calculationof the Single-\a4luedFeatures

1 K1
& = 6 Areap() (Xi + Xisn)(XiYier  Xi+1Vi) (A.16)
& 6 Areap(z) o ! i+1 iYi+1 i+1Yi .

The meandistanceébetweerthe centroidto the shapeboundaryof P (z) is calculatedas:

1 Xt
f mean shape = M dist(vi;c); (A.18)
i=0
where: q
dist(vi;0) =  (Xi )2+ (yi ¢)2 (A.19)

A.2.4. Standar d deviation of the distances between the centroid to the
shape boundar y

The standarddeviation of the distancedetweerthe centroidto the shapeboundaryof P(z) is
givenby:

M 1
fstd shape = M diSt(Vi ; C) 1:mean shape (A-ZO)
i=0
wheref mean shape IS thefeaturede nedin A.2.3.

A.2.5. Similarity invariant descriptor s based on the Fourier
transf ormation

To calculatethe Fourier coefcients we transformeachvertex v; 2 R? of P(z) into a comple
numbery; 2 C in theform:

A
Vi= (XiYi)i=) w=Exi+tyi o j=00 1 (A.21)
TheFouriercoefcients fc ;:::;C 1;Co;C1;:::;cngof P(z) arethencalculatedas:

1 X1 . )

C = o>F (W + W+1) ] 4 % (A.22)
k=0
M1 .

G = o (e 4s)el (A.23)

(2 n)? -
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A.2. SetP of simplefeatures

with:

4w = W W (A.24)
4s = 4w=jdwj (A.25)

K 1
ty = dwj k>0t5=0 (A.26)

i=0
T = perimeterof P(2) (A.27)
TheFourierdescriptord x ;:::;%o;:::;%n0, whichareinvariantto similarity, thatis, trans-

lation, rotationandscale arecalculatedas:

n o 0
%, o= ASld(n+@ n) 2 @ n) 1) (A.28)

JC1)

n = phaseof ¢, (A.29)
A.2.6. Major axis Ma of the ellipse that approximates P(z) using the ®rst
two Fourier coef®cients
Having the two Fourier coefcients (¢ 1;¢;) of P(z) (seeA.2.5), we cancalculatethe major
axisof anellipsethatapproximateshe polygonP (z) as:
Ma = jaj + jc i (A.30)
A.2.7. Minor axis Mi of the ellipse that approximates P(z) using the ®rst
two Fourier coef®cients
Having the two Fourier coefcients (¢ 1;c¢;) of P(z) (see A.2.5), we cancalculatethe minor
axisof anellipsethatapproximateshe polygonP (z) as:

Mi = jicij jc 4] (A.31)

A.2.8. Invariants calculated from the normaliz ed central moments of P(2)

Thecentralmoments ,q of P(z) upto 3 are:

MIM 1

10= xi )Ny y° (A.32)
i=0 j=0
MIM 1

01 = xi X%y ! (A.33)
i=1 j=1
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A. Calculationof the Single-\a4luedFeatures

M1 1
11= xi NNy ot (A.34)
i=1 j=1
M 1IN 1
20 = xi Xy y)° (A.35)
i=1 j=1
M1 1
02 = xi %y y)? (A.36)
i=1 j=1
M1 1
30 = xi X3y y)° (A.37)
i=1 j=1
MCIM 1
03 = xi Xy )3 (A.38)
i=1 j=1
MCIM 1
2= xi )Ny y)? (A.39)
i=1 j=1
M1 1
21 = xi x)y; ' (A.40)
i=1 j=1
with:
1 X!
X = vl Xi (A.41)
i=1
and:
1 X!
y = M Yj (A.42)

j=1

Thenormalizedcentralmomentsdenoted 4 of P (z) arede ned as:

oq = _Pd (A.43)
00
where: N
:p2q+1 (A.44)
forp+ q= 2,3;:::

A setof seveninvariantmomentswith respectranslation rotationandscalecanbe derived
from thesecondandthird moments:
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A.2. SetP of simplefeatures

1 = 20t o (A.45)

2 = (20 ow?+4% (A.46)

s = (320 312°+B@a ) (A.47)

4 = (a0t 12°+( 21+ 03)° (A.48)

5 = (30 312)( 30+ 12) (s0+ 12° 3( 21+ 09)° (A.49)

+3 21 03 21+ 03) 3(30 12?2 (2+ 03)?

6 = (20 02 (30+ 122 (21+ 03)° (A.50)
+4 11( 30+t 12)( 21+ 03)

7= B2 o033 12 (30 122 3(20+ 03)? (A.51)
+3 12 30)( 22+ 03) 3( 30+ 120 (21+ 03)°

A.2.9. Normaliz ed feature of compactness of P(z)

Thenormalizedieatureof compactnesM .mp of P (z) is calculatedas:

_ Areapg)
20t 02

where ,q; o2 arethecentralmomentof secondrdercalculatedn A.2.8.

A.2.10. Normaliz ed feature of eccentricity of P(z)

Thenormalizedfeatureof eccentricityM ¢t of P (2) is calculatedas:

+ 2+4 72
Mect = (20 02) 11; 0 Mex 1 (A.53)

20t o2
where ,o; o2; 11 arethecentralmomentof secondrdercalculatedn A.2.8.
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A. Calculationof the Single-\a4luedFeatures

A.2.11. Form factor of P(z)
Theform factorof theP (z) is givenby:

- 4 Areap(z)
" Perimeterp

(A.54)

ft factor =
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B. Developed Software

To generatehetrainingandtestsetsof exampleausedin theexperimentf thiswork, aspeci ¢
programwasdevelopedthatcommunicatewsith the CARMEN senerto obtainthemapin which
thesimulationis running.Oncethesoftwareis connectedo CARMEN, its graphicuserinterface
(GUI) permitstheuserto selectpointsin themapwheretherobotmustbesituatedto obtainthe
obsenrationstaken from the laser(Figure B.1). Thereexit two modesto obtainlaserbeams
information.In the rst mode thesimulatedrobotis situatedn a posein the mapandits beams
arerecordedas canbe seenin FigureB.2. The secondmodepermitsa massive selectionof
pointswith their correspondindabel. This pointsareusedlateronto posetherobotandrecord
thelaserinformation. FigureB.3 shavs howv canwe selecta setof pointswith aspeci ¢ label.

The software also permitsthe visualizationof a setof examplesthatwereclassi ed by ary
classi er usedin this work. The pointsare dravn using different colorsfor eachlabel (Fig-
ureB.4). Theimagesusedin this work wereobtainedusingthis software.
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B. DevelopedSoftnare

FigureB.1.: Exampleof amapobtainedrom CARMEN.

FigureB.2.: Positioningof a robotin a maptogetherwith its beams. Blue raysrepresenthe
formerlaserandredonesrepresentherearlaser

66



FigureB.3.: Selectionof a setof poseghatcorrespondo the corridot

FigureB.4.: Visualizationof the classi cationof a setof posescorrespondingo the rigth part
of themap.Eachclassis dravn with a differentcolor.
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