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Victor, Vicente,JoseÁngel, Daniel, Karla, Karina, Patricia, Marta y algunomás que habŕe
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1. Intr oduction

Thewordrobotcomesfrom theCzechwordrobotawhichmeans“rudgery” or “servitude”.This
term was �rst usedby Karel �Capekin his work “R.U.R. (Rossum's UniversalRobots)” [39]
written in 1920.Thefollowing is amoreformalde�nition [28]:

“Programablemachineor electronicdevicewhich is ableto manipulateobjectsand
to carryoutoperationsthatwerebeforecarriedoutby humans.”

According to this de�nition, many different machinescan be consideredrobots. The Japan
Robot Association[15] gives a classi�cation of robotsaccordingto their intelligencelevel:
manualmanipulator, �x ed sequencerobot, variablesequencerobot, playbackrobot, numeri-
cal control robot,andintelligent robot. Herewe focuson theclassof intelligent robot,which
characterizesrobotsthat“can understandandinteractwith changesin theenvironment”.

One type of intelligent robot that hasbeenof increasinginterestin pastyearsis the au-
tonomousmobile robot. This kind of robot is designedandprogammedto successfullyand
autonomouslynavigatein differentenvironments,suchasindoor (Burgardet al. [5], Stachniss
et al. [33], Thrunet al. [35]), outdoor(Hähnelet al. [12], Talluri andAggarwal [34]) or under-
water(Whitcombetal. [21], Williams etal. [42]) environments.

In particular, the navigation of mobile robots indoorsimplies that a robot shouldbe able
to perform in environmentsthat aredesignedandstructuredfor humans. Considera mobile
servant-robotthatserversin adomesticresidence.This robotmustbeableto maneuver through
placessuchascorridorsor rooms.Moreover, therobotshouldbeableto recognizetheseplaces
in thesameway thata persondoes.That is, if therobot is in a corridor, thenit mustbeableto
relatetheterm“corridor” to this place.Whenwe relatea term,e.g“corridor”, with a place,we
carryout what is calledsemanticlabeling.This semanticinformationis moreuser-friendly for
humans.Supposethatamemberof thefamily askstherobotfor its position.If therobotanswers
with theword“corridor”, it would thenbeeasyfor thispersonto imaginewheretherobotis. In
contrast,if therobotanswerswith theexactcoordinatesof its pose,thentheinformationcould
notbeveryusefulto thatperson.

The semanticlabelingof differentplacescanalsoto a greatextent improve the interaction
betweenhumansandmobile robotsin indoorenvironments.For example,thesentence“go to
thecorridor” wouldbeenoughfor therobotto go to thecorridor, becausetherobotwouldknow
whichplacecorrespondsto theterm“corridor”. Furthermore,semanticlabelingallowstherobot
to carryout tasksmoreef�ciently. For instance,if aservant-robothasto makeacoffee,it would
be a wasteof time to look for a coffee machinethroughoutthe whole house. Instead,with
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1. Introduction

Figure1.1.:Exampleraw beamsrecordedin a room,a doorway, andacorridor.

semanticinformation,therobotneedsonly to searchfor thecoffeemachinewhenit entersthe
appropriateplaces,i.e. thekitchen.

Thework presentedin this thesisdescribesa techniquethatenablesamobilerobotto interact
in an indoor environmentdesignedfor humans. In particular, this work demonstrateshow a
robot recognizesthe placesof an indoor environment,relatingdifferenttermslike “corridor”,
“room”, “hallway” or “doorway” to theseplaces.To achieve this,we proposeda methodbased
onsupervisedlearningto recognizethedifferentplacesin whichanenvironmentcanbedivided.
Our approachcreatesa classi�er which will beusedby themobilerobotto classifysubsequent
placesof location.In orderto learnthetermrelatedto aplace,therobotmust�rst make certain
observationsin the environment. In our case,theseobservationsareproximity measurements
obtainedby a laserrange�nder. No othersensorinformation is used. Figure1.1 shows an
exampleof observationsrecordedin threedifferentplacesin anof�ce building. Eachexample
belongsto a different place in an indoor environment. The beamsare representedby their
proximity measurementandby their anglerelative to the robot. However, the raw proximity
informationis not enoughto characterizea setof beamstaken from a certainpose.Therefore,
we designeda setof simplegeometricfeaturesthat representeachsetof beams,andthat will
beusedin theprocessof learningandclassifying.Moreover, thedifferentmethodsusedin this
work for learningareall basedin theAdaBo ost algorithm,which allows theboostingof our
simplegeometricfeaturesto a strongclassi�er for placecategorization.

The contribution of this work is an approachthat learnsthe relationbetweenthe proximity
measurementstaken at a poseand the semanticterm relatedto that pose. Additionally, our
approachcreatesa classi�er that allows the posteriorclassi�cation of so far unknown poses,
like theonesdepictedin Figure1.1, into a setof differentsemanticterms(“corridor”, “room”,
“hallway” or “doorway”). Ourapproachissupervised,whichhastheadvantagethattheresulting
semanticlabelscorrespondto user-de�ned classes.

1.1. Related Work

In thepast,severalauthorsfocussedon theproblemof addingsemanticinformationto places.
In thepaperby BuschkaandSaf�otti [6], a virtual sensoris describedwhichautomaticallyseg-
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1.1. RelatedWork

mentsthespaceinto roomandcorridorregions,andcomputesasetof characteristicsparameters
for eachregion. This algorithmis incremental,in thesensethat it only maintainsa local topo-
logical mapof the spacerecentlyexploredby the robot andgeneratesinformationabouteach
detectedroomwhilst roomsarevisited. AlthausandChristensen[1] usetheHoughtransform
from sonarreadingsto detecttwo parallellineswhich areconsideredpartof a corridor. Door-
way detectionis carriedout usingthegapsbetweentheselines. With thedetectionof corridors
anddoorways, they constructa topologicalmapfor navigation andobstacleavoidance. Also
KoenigandSimmons[19] usea pre-programmedroutineto detectdoorwaysfrom rangedata.
Comparedto theseapproaches,our methodallows us to classifymoreclasses,i.e. room,cor-
ridor, doorway andhallway. Furthermore,whereasthe former methodsneedof several scans
for extractinggeometricalcharacteristicsfrom thedifferentplaces,our geometricalfeaturesare
extractedfrom only onerangescan.Moreover, our algorithmdoesnot requireany pre-de�ned
routinefor extractinghigh-level featuresfrom differentplaces.Instead,it usestheAdaBo ost
algorithmto boostsimplegeometricfeaturesinto astrongclassi�er.

Otherresearchesalsoapplylearningtechniquesto localizetherobotor to identify distinctive
statesin theenvironment. For example,Ooreet al. [26] train a neuralnetwork to estimatethe
locationof a mobile robot in its environmentusingthe odometryinformationandultrasound
data.KuipersandBeeson[20] applydifferentlearningalgorithmsto learntopologicalmapsof
theenvironment.Althoughthesemethodsareableto createtopologicalmaps,they do not add
semanticinformationto thesemaps.In contrastto this,our algorithmis ableto labeleachpose
of therobotwith asemantictermand,therefore,asemanticmapcanbeconstructed.

Additionally, learningalgorithmshave beenusedto identify objects.For example,Anguelov
andcolleagues[2, 3] apply the EM algorithmto clusterdifferent typesof objects,i.e. walls
anddoors,from sequencesof rangedata. The EM algorithm�ts the modelparametersthat
bestrepresentthedifferentobjectsusedasexamples.To achieve this, eachobjectmustbe�rst
modeledwith a probabilisticdistribution. In a recentwork, Torralbaandcolleagues[37] use
HiddenMarkov Models for learningplacesfrom imagedata. They model the appearanceof
eachlocationasa setof K views (a mixture of K sphericalGaussians).In contrastto these
approaches,the AdaBo ost algorithmusedin this work doesnot needprevious probabilistic
modelsfor thedifferentplaces.Instead,a setof simplegeometricalfeaturesis usedto identify
differentplaces.Thesefeaturesaresupplyto the AdaBo ost algorithmasa set,without any
prior model.

In particular, theAdaBo ost algorithmhasbeensuccessfullyappliedin differentclassi�ca-
tion problems.Viola andJones[41] extracta setof featuresandusetheAdaBo ost algorithm
to detectfacesin images.TieuandViola [36] useAdaBo ost for imageretrieval. Also Treptow
etal. [38] usetheAdaBo ost algorithmto trackaball withoutcolor informationin thecontext
of RoboCup.Thekey ideain all theseapproachesis to usesimplefeaturesthat arevery easy
to calculate.In thesepapers,thefeatureswerecomposedof simplesubtractionsof grey values
betweendifferentpartsof the images.In contrastour approachis basedon laserrange�nder
data,andno imageinformationis used.However, thekey ideaof ourmethodis similar: wealso
calculatevery simplegeometricalfeaturesfrom our laserrangescans,which will thenbeused
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1. Introduction

by theAdaBo ost algorithm.
Thecontribution of this work is a systemfor a mobile robot that learnstherelationbetween

theproximity informationobtainedat a locationin theenvironment,andthesemantictermre-
latedto this location.Aditionally, our approachis ableto classifynew environmentsfor which
notrainingdatainformationis available.As longastheenvironmenthasasimilarstructure,one
canre-usedpreviously learnedmodels.

The restof this work is organizedas follows. Chapter2 gives a short introductionto su-
pervisedlearningand explains several conceptsrelatedto it. It also describesthe probably
approximatelycorrect(PAC) framework and the Boostingmethod. Chapter3 introducesthe
AdaBo ost algorithm. It alsoexplainshow to extendtheoriginal binaryversionof this algo-
rithm to the multi-classcaseusingdifferentapproaches.Chapter4 explainsin detail the aim
of this work, which is thesupervisedlearningof placesfrom laserrangedata.It alsodescribes
the differentsimplegeometricalfeaturesextractedfrom the raw laserdatawhich will be used
in theprocessof learningandclassi�cation.In Chapter5 wepresentseveralexperimentswhich
demonstratethat our simplefeaturescanbe boostedto a robust classi�er of places.Addition-
ally we analyzewhetherthe resultingclassi�er canbe usedto classifyplacesin environments
for which no training datawereavailable. Finally, Chapter6 containssomeconclusionsand
discussespotentialfuturework.

4



2. Super vised Learning

2.1. Intr oduction

This sectionintroduces,throughan example,somebasicconceptsof supervisedlearningthat
will beusefulfor theunderstandingof this thesis.

Supposewewantto developaservant-robotfor domesticresidenceslike therobotintroduced
in Chapter1. The purposeof this robot is to serve a family. We want our �rst prototypeof
servant-robotto do only two tasks: “make a coffee” and“make the bed”. In orderto make a
coffee,therobotmust�rst beableto recognizea kitchenin thehouse,andfor makingthebed
therobotmustbeableto recognizethebedrooms.

Thus,the�rst stepis to designa systemsothattherobotis ableto recognizethekitchenand
bedroomsof a house. Becauseeachfamily hasa differenthouseit is necessaryto develop a
systemin sucha way that the robot is ableto learnthedifferencebetweenthekitchenandthe
bedroomsfor eachparticularhouse.For thisexample,weplaceasensorin ourrobotthatis able
to take threemeasurementsfrom a room: thewidth, thelengthandtheheight.We expectthese
threemeasurementsareenoughto distinguisha kitchenfrom a bedroomin a house.In thenext
stepwe placethe robot in a kitchen. The robot thentakesthe following threemeasurements:
Length = 5 m, Width = 4 m, andHeight = 3 m. Therobotthenkeepsthesemeasurements
in adatabasetogetherwith thetermKitc hen . After that,weplacetherobotin abedroomwhere
it takesthefollowing measurements:Length = 10 m, Width = 3 m, andHeight = 2:5 m.
TherobotthenkeepsthisdatatogetherunderthetermBedro om .

Now it shouldbeeasyfor therobotto recognizethekitchenin thehouse.It onlyhasto takethe
previousthreemeasurementsin a roomandcomparethemwith theonesin thedatabase,which
arerelatedto thetermKitc hen . If they arethesame,thentheplaceis labeledasKitc hen .

This is a simplemethodfor recognizingplaces:to save all measurementsof eachplacein
a databaseunderits relative term. This kind of learningis called“supervisedlearning”asthe
robotis told which termmustbekeeptogetherwith whichmeasurements.

Now supposethat we want to learn information aboutthe kitchensin all the housesin a
country. In this casewe will needto save themeasurementsof all the kitchensin thecountry
togetherwith thelabelKitc hen . In orderto classifyanew room,therobotwill haveto compare
themeasurementstaken in this roomwith all themeasurementstaken from all thekitchensin
thecountry. If themeasurementstakenby therobot�t with any otherin thedatabaseunderthe
term Kitc hen , thenthe robotwill label thenew roomasKitc hen . This comparisoncanbe
quite time consuming.Oneway to improve this comparisonis to extract rulesfrom the data
thatcanhelpto recognizea kitchenwithout theneedof comparingall themeasurementsin the
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2. SupervisedLearning

database.For example,if wehave thefollowing two differentsetsof measurements,takenfrom
two differentkitchenskitchen1 andkitchen2:

kitchen1 =

8
<

:

Length = 10m
Width = 5 m
Height = 2:5 m

kitchen2 =

8
<

:

Length = 10 m
Width = 3 m
Height = 3 m

;

we canextracta rule in theform:

if Length= 10 m ) theplaceis aKitc hen

This rule wasextractedusingtheinformationsharedbetweenthetwo kitchens.In this casethe
valueof themeasurementLength. Thus,thenext timetherobotis in a roomandtakesthethree
measurements,it only hasto checkthis rule to recognizethis roomasa Kitc hen , avoiding the
needto comparingthe taken measurementswith theonesfrom the two kitchens. In this same
way, therobotcanextractothersimpli�ed ruleswith themeasurementsfrom all thekitchensin
acountry.

This is the key ideaof learning: to extract simpli�ed rulesfrom a given setof examplesin
orderto usetheseruleslateron to classi�y new unseenexamples.

2.2. Description of a Learning Task

Theexamplein thepreviousSection2.1is calledasupervisedlearningtaskandcanbeformally
describedasfollows (seeMitchell [24] for moredetails):

� Thereis somespaceof possibleinstancesX over which differenttargetconceptscanbe
de�ned. In our caseX representsthesetof all roomsthatcanbefoundin a house.The
targetconceptsaretheplaceswewantto recognize,like Kitc hen andBedro om .

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

� Let C refer to somesetof target conceptsthat our learner(our servant-robot)might be
calledupon to learn. Eachtarget conceptc 2 C correspondsto somesubsetof X , or
equivalently to someboolean-valuedfunction c : X ! f 0; 1g. For example,the target
conceptc = Kitc hen correspondsto thesubsetof placesin a housewhicharekitchens.
If oneinstancex 2 X is a positive exampleof c, that is, theplacerepresentedby x is a
kitchen,thenwe will write c(x) = 1; andc(x) = 0 if x is a negative example(a different
place).

6



2.2. Descriptionof aLearningTask

� We assumethatdifferentinstancesin X maybeencounteredwith differentfrequencies,
for examplewecansupposethatin ahousetherearemorebedroomsthankitchens.A con-
venientwayto modelthis is to assumethatthereis someunknown probabilitydistribution
D thatde�nes theprobabilityof encounteringeachinstancein X (e.g.,D might assigna
lower probabilityto encounteringa kitchenthana bedroom).NoticethatD saysnothing
aboutwhetherx is a positive or negative example;it only determinestheprobabilitythat
x will beencountered.

� The learnerL considerssomesetH of possiblehypotheseswhenattemptingto learna
target concept. For example,H might be the setof all hypothesesdescribableby our
attributes.For example:

h1(x) =

8
>><

>>:

1 if

8
<

:

Lengthof x > 12m
Width of x > 2 m
Heightof x = 3 m

0 Otherwise

(2.1)

h2(x) =
�

1 if Heightof x = 3 m
0 Otherwise;

(2.2)

whereh1 representsthesetof roomsin a housewhich arelongerthan12 meters,wider
than2 metersandhave a heightof 2 meters.And h2 representstheroomswith a height
of 3 meters. As we cansee,the setsrepresentedby eachhypothesisdo not needto be
exclusive.

� After observingasequenceof trainingexamplesS � X , thelearnerL mustoutputsome
hypothesish from H , which is anestimatefrom c. Theoutputcanalsobeasubsetof H .

� Thehypothesesoutputby thelearnerwill besomehow usedto createaclassi�er to classify
new instances.

Therearesomeconceptsthatmustbeclearin a learningprocess.Ononehand,thelearnerL
mustlearnfrom atrainingsetS whichis asubsetof X . But ontheotherhand,thetargetconcept
c is de�nedover thewholesetX . Thatmeansthattheoutputh(x) generatedby thelearnermust
alwaysbe consideredasan approximationof the target conceptc(x). It may be possiblethat
h(x) = c(x) 8x 2 X , but we canonly besureof that if S = X , which impliesthatthelearner
usesall thepossibleinstancesof X to learnthetargetconcept.Obtaininga trainingsetwith all
possibleinstancesis not possiblefor themajority setof problems.As a result,thesetS must
besuf�ciently representative of thewholesetof instancesX . Someguidelinesfor obtaininga
goodtrainingsetaregivenin thebookof Witten andFrank[43].

After describingthe learningtaskwe arereadyto de�ne the learningalgorithm. This algo-
rithm is responsiblefor the selectionof the hypothesish which bestapproximatesthe target
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2. SupervisedLearning

concept.Differentalgorithmsandmethodsexist for thetaskof learning.Someof themarede-
cisiontrees,neuralnetworks,bayesiannetworks,inductive learning,algorithmbasedin version
spaces,geneticalgorithmsor inductive, learningamongothers.In his book,Mitchel [24] gives
agoodintroductionto thisarea.

In ourservant-robotexample,supposethatwehaveselectedalearningalgorithmL, atraining
setS andwehave thefollowing hypothesisfor thetargetconceptKitc hen asoutput:

h(x) =

8
<

:
1 if

�
Lengthof x > 12 m
Width of x > 2 m

0 Otherwise
(2.3)

This hypothesisis the bestapproximationfor describinga kitchenafter applyingthe learning
algorithmto thetrainingset. Thus,this hypothesisis only anapproximationof all the training
examples,which implies that it classi�es the training exampleswith a low error. However, if
therobot �nds a new bedroomwhich is 13 meterslong and3 meterswide, it will classifyit as
a kitchen,which is anerror. Thequestionhereis wetherthehypothesish will alsohave a low
classi�cationerrorin asetof unseenexamples.

An answerto this questionis given by the inductivelearning assumption.Informally, any
hypothesisfoundto approximatethetarget functionwell over asuf�ciently largesetof training
exampleswill alsoapproximatethe target functionwell over otherunobserved examples.We
canalsofacethequestionfrom adifferentpointof view. Thatis, wecantry to estimatetheerror
of our hypothesish with respectto a new example(trueerror) providing the error of h in the
trainingset(trainingerror).Thesetwo errorsareformally de�ned asfollows:

True error ThetrueerrorerrorD (h) of hypothesish 2 H with respectto targetconceptc 2 C
anddistribution D is theprobability thath will misclassifyan instancex 2 X drawn at
randomaccordingto D:

errorD (h) = Pr
x2D

[c(x) 6= h(x)] (2.4)

Training error The training error (alsocalledsampleerror) errorS(h) of hypothesish with
respectto targetconceptc 2 CandtrainingsetS, is thefractionof misclassi�edinstances
x 2 S:

errorS(x) =
1

jSj

X

x2 S

� (c(x); h(x)) ; (2.5)

where:

� (c(x); h(x)) =
�

1 if c(x) 6= h(x)
0 otherwise

(2.6)

Differentstatisticalapproximationscanbeusedto calculatethetrueerrorprovidedthetrain-
ing error. For moredetailseeMitchell [24] andWitten andFrank[43].
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2.3. PAC Learning

2.3. PAC Learning

Someotherimportantquestionsrelatedto aspeci�c learningtaskare:

� What is thenumberof trainingexamplesneededto assurethat thehypothesisoutputby
thelearnerhasa low trueerror?

� Canthisnumberbeboundedin someway?

� Canweboundthetime thelearnerneedsto outputahypothesis?

Thesequestionscanbe answeredfor certainsetsof problemsusing the probablyapproxi-
matelycorrect(PAC) framework [40]. Theideaof thePAC learnabilityis to characterizeclasses
of target conceptsthat canbe reliably learnedfrom a polynomialnumberof randomlydrawn
training examplesanda polynomialamountof computation.PAC learnability is de�ned for-
mally asfollows:

PAC learnability Considera conceptclassC over a set of instancesX of length n and a
learnerL usinghypothesisspaceH . C is “PAC learnable”by L usingH , if for all c 2 C,
distribution D over X , � suchthat 0 < � < 1=2, and � suchthat 0 < � < 1=2, the
learnerL will with probability at least(1 � � ) outputa hypothesish 2 H suchasthat
err orD (h) � � , in timepolynomialin 1=�, 1=� , n, andsize(c).

Heren is the sizeof the instancesin X . In our servant-robottaskeachx is describedby 3
attributes:”Length”, ”Width”, ”Height”, son = 3. Thesecondspaceparameter, size(c), is the
encodinglengthof c which in ourcaseis boundingalsoby 3, themaximumnumberof attributes
thatcanbeusedfor describinga room.

Thepreviousde�nition of PAClearningmayappearat�rst to beconcernedonlywith thecom-
putationaltime,whereasweareusuallyinterestedin thenumberof trainingexamples.However
they arecloselyrelated.In fact,a typical approachto show thatsomeclassCof targetconcepts
is PAC learnable,is to �rst demostratethat eachtarget conceptc 2 C canbe learnedfrom a
polynomialnumberof trainingexamplesandthenshow thattheprocessingtimeperexampleis
alsopolynomialbounded.

A learnerL following thepreviousde�nition is alsoknown asstrongPAC learningalgorithm.
On theotherhand,a weakPAC learningalgorithmis de�ned analogouslyexceptthat it is only
requiredto satisfythecondition� � 1=2 � 
 , where
 > 0 is eithera constant,or decreasesas
1=pwherep is apolynomialin therelevantparameters.A hypothesislearnedfrom aweakPAC
learningalgorithmis calleda weakhypothesis.Theterm“weak hypothesis”is alsousedfor a
hypothesiswhichperformsjust slightly betterthana randomguessing.

Othervariousextensionsandgeneralizationsof thebasicPAC conceptcanbe found in An-
thony andBartlett[4], Haussler[14] andKearnsandVazirani[18].
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2. SupervisedLearning

2.4. Boosting

Boostingis a generalmethodwhich attemptsto improve theaccuracy of a givenlearningalgo-
rithm (seeFreundandShapire[8], Meir andRätsch[23] andShapire[31]). It hasits rootsin the
PAC framework (seeSection2.3).KearnsandValiant[17, 16] werethe�rst to posethequestion
of whetheraweaklearningalgorithmwhichperformsjustslightly betterthanarandomguessing
in thePAC modelcanbecombinedinto anarbitrarilyaccuratestronglearningalgorithm.Later,
Schapire[32] demonstratedthatany weaklearningalgorithmcanbeef�ciently transformedor
boostedinto astronglearningalgorithm.

Theunderlyingideaof boostingis to combinea setof weakhypothesesf h1; h2; : : : ; hT g to
form astronghypothesishs suchthattheperformanceof thestronghypothesisis betterthanthe
peformanceof eachof thesingleweakhypothesisht . Formally:

hs(x) =
TX

t=1

wtht (x); (2.7)

herewt denotestheweight of hypothesisht . Both wt andthe hypothesisht areto be learned
within theboostingprocedure.The resultingstronghypothesishs hasthe form of a weighted
majorityvoteclassi�er.

Formally, boostingproceedsasfollows: theboostingalgorithmis providedwith a setof la-
beledtrainingexamples(x1; y1); :::; (xn ; yn ), whereyi is the labelassociatedwith instancex i .
In the binary case,yi = 1 if x i is a positive exampleandyi = 0 if x i is a negative example.
On eachroundt = 1; : : : ; T , the boostingalgorithmdevisesa distribution D t over the setof
examples,andrequests(from anunspeci�edoracle)aweakhypothesish t with low error� t with
respectto D t , that is � t = Pr[ht (x i ) 6= yi ]. Thus,distribution D t speci�es the relative im-
portanceof eachexamplefor thecurrentround. After T rounds,theboostermustcombinethe
weakhypothesesinto astrongone.Theintuitive ideais to alterthedistribution over thetraining
examplesin away thatincreasestheprobabilityof the“harder”elements,thusforcingtheweak
learnerto generatenew hypothesesthatmake lessmistakeson theseelements.

To summarize,thischapterdescribedthekey ideaof supervisedlearning,which is theextrac-
tion of rulesfrom certaindata,andtheuseof theserulesfor theclassi�cationof new examples.
ThePAC modelwasalsodescribed,whichallowsusto calculatethenumberof examplesneeded
for learningaparticulartask.Finally, thebasicideaof boostingwasintroduced.Boostingis the
basisfor thealgorithmsexplainedin thenext chapters.
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3. The AdaBo ost Algorithm

3.1. AdaBo ost as a Binar y Classi�er

In thissectionwe will concentrateon thecaseof binaryclassi�cation.
TheAdaBo ost algorithm,introducedby FreundandSchapire[9], is oneof themostpopular

boostingalgorithms.Following theideaof boosting(seeSection2.4),theAdaBo ost algorithm
takes as an input a training setof examples(x1; y1); :::; (xN ; yN ), whereeachx i belongsto
somedomainspaceX and eachlabel yi pertainsto the label set Y . In the caseof binary
classi�cationwe assumeY = f 0; 1g. On eachroundt = 1; : : : ; T , AdaBo ost call a weak
learningalgorithmrepeatedlyto selecta weakhypothesis.Following thenotationfrom 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 knowledgeof theaccuraciesof theweakhypotheses.Rather, it adaptsto theseaccuracies
andgeneratesa weightedmajority hypothesisin which theweightof eachweakhypothesisis a
functionof its accuracy.

Thecompletealgorithmis describedin Algorithm 1. In this algorithmthedistribution D is
appliedovertheinstancesof thetrainingsetandiscontrolledby thelearner. Thisdistributioncan
besetinitially astheuniformdistribution sothatD 1(i ) = 1=N . Oneachroundt, thealgorithm
maintainsasetof weightsw t 2 D t overthetrainingexamplesandcomputesadistributionp t by
normalizingtheseweights.Thedistribution p t is fed to theweaklearnerW eakLearn which
generatesa hypothesisht that,hopefully, hasa small errorwith respectto thedistribution p t .
Theaccurayof theweakhypothesisht is measuredby its error:

� = Pr i � D t [ht (x i ) 6= yi ] =
X

i :ht (x i )6= yi

pt (i ): (3.1)

Notice that theerror is measuredwith respectto thedistribution p t on which theweaklearner
W eakLearn was trained. In practice,the W eakLearn algorithm may be able to usethe
weightsp t on the training examples.Alternatively, whenthis is not possible,a subsetof the
trainingexamplescanbesampledaccordingto p t , andtheseresampledexamplescanbeused
to train theweaklearner.

Usingthenew hypothesisht , theboostingalgorithmgeneratesthenext weightvectorw t+1 ,
andtheprocessis repeated.After T iterations,the�nal hypothesish f is output.Thehypothesis
hf combinestheoutputsof theT weakhypothesesusingaweightedmajorityvote.
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3. TheAdaBo ost Algorithm

Algorithm 1 AdaBoost

Input: sequenceof N labeledexamples(x1; y1); : : : ; (xN ; yN ),
distribution D over theN examples,
weaklearningalgorithmW eakLearn ,
integerT specifyingnumberof iterations.

Initialize theweightvectorw1
i = D(i ) for i = 1; : : : ; N .

for t = 1; : : : ; T do
1. Set

p t =
w t

P N
i=1 wt

i

2. Call W eakLearn , providing it with the distribution p t andget backa hypothesis
ht : X ! [0; 1].

3. Calculatetheerrorof ht :

� t =
NX

i =1

pt
i jht (x i ) � yi j

4. Set
� t =

� t

(1 � � t )

5. Setthenew weights:
wt+1

i = wt
i �

1�j ht (x i )� yi j
t

end for
Output: The�nal stronghypothesis

hf (x) =

(
1 if

P T
t=1

�
log 1

� t

�
ht (x) � 1

2

P T
t=1 log 1

� t

0 otherwise
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3.2. Sequential AdaBo ost

FreundandSchapire[9] proved that,for binaryclassi�cationproblems,thetrainingerrorof
the�nal hypothesishf generatedby theAdaBo ost algorithmis boundedby:

� � 2T
TY

t=1

p
� t (1 � � t ) � exp

 

� 2
TX

t=1


 2

!

; (3.2)

where� t = 1=2 � 
 t is theerrorof thetth weakhypothesis.Sincea hypothesisthatmakesan
entirelyrandomguesshaserror1/2,
 t measurestheaccuracy of thetth weakhypothesisrelative
to randomguessing.This boundshows that the �nal trainingerrordropsexponentiallyif each
of theweakhypothesesis betterthana randomguess.

3.2. Sequential AdaBo ost

In thepreviousSection3.1we dealtonly with binaryclassi�cationproblemsin which thesetY
of possiblelabelscontainedonly two elements,sayf 0; 1g. In thissectionwedescribeastructure
for usingbinaryAdaBo ost classi�ersin a multi-classcasein which Y = f 1; 2; : : : ; K g is a
�nite setof K labels.

A waytoconstructamulti-classclassi�er is toarrangeseveralbinaryclassi�ersintoadecision
list. If we have K possiblelabelsfor the classi�cation,we canconstructa decisionlist using
K � 1 binaryclassi�ersf c1; c2; : : : ; cK � 1g. Eachbinaryclassi�er ck usesa binaryhypothesis
of theform hk : X ! Y = f 0; 1g to classifyanexample.Figure3.1 illustratesthestructureof
sucha decisionlist classi�er. Eachelementck in thelist is a binaryclassi�er thatdeterminesif
anexamplex pertainsto thecorrespondingclassk 2 Y (i.e. thelabelof x is k). If theclassi�er
ck returnsa positive resulthk (x) = 1, thentheexamplex is assumedto becorrectlyclassi�ed
andis assignedthelabelk. Otherwise,it is recursively passedon to thenext elementin thelist
andthe processis repeated.The last classi�er cK � 1 assignslabel K � 1 to the examplex if
hK � 1(x) = 1, andlabelK if hK � 1(x) = 0. Algorithm 2 shows thegeneralprocedureusedto
classi�y anew exampleusingadecisionlist.

This methodfor constructingmulti-classclassi�ersis quitegeneralandcanbeusedwith any
binaryclassi�er. In thiswork, however, wewill limit ouruseto binaryclassi�ersobtainedusing
thebinaryversionof theAdaBo ost algorithm(seeSection3.1).

Classh(x)=1

.  .  .

h(x)=1

h(x)=0
Class K

 K�1Class1

h(x)=0
Classifier

Binary
  K�1   1

Binary
Classifier

Figure3.1.:A decisionlist classi�er for K classesusingbinaryclassi�ers.
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3. TheAdaBo ost Algorithm

Algorithm 2 Classi�cationprocedurefor adecisionlist

Input: anew examplex,
setof labelsY = f 1; : : : ; K g,
setof binaryclass�ersf c1; : : : ; cK � 1g

for k = 1; : : : ; K � 1 do
if hk (x) = 1 then

return labelk
end if

end for
return labelK

One importantquestionin the context of a sequentialclassi�er is the order in which the
individual binaryclassi�ersarearranged.This ordercanhave a major in�uence on theoverall
classi�cationperformance,becausetheindividualclassi�erstypicallyarenoterror-freeandclas-
sify with differentaccuracies.Sincethe �rst elementof sucha sequentialclassi�er processes
moredatathansubsequentelements,it is a goodstrategy to orderthe classi�ersaccordingto
theirestimatederrorin ascendingorder. Wewill explain thisstrategy furtherwith thefollowing
example.

Supposewe have threebinaryclassi�ersc1, c2 andc3 correspondingto thethreeclassesy1,
y2 andy3. Now supposethattheclassi�ersc1 andc2 have anerror� 1;2 = 0 in theclassi�cation,
whereasc3 is a randomclassi�er (� 3 = 0:5). We will startwith a con�guration in which the
classi�ers c1, c2 are situatedin positions1 and 2 in the decisionlist respectively and c3 is
situatedin position3. Now we want to classifya setof n examples,from which n1 examples
pertainto classy1, n2 examplesto classy2 andn3 examplesto classy3, sothatn = n1+ n2+ n3.
In the �rst elementof the list the n examplesareclassi�ed by c1. The examplesclassi�ed as
positivearelabeledasy1 andtherestarepassedto element2. Becausec1 hasanerror� 1 = 0 the
examplespassedto theclassi�er c2 aren2 + n3. In thesecondelementof thelist, theexamples
classi�edaspositive by c2 arelabeledasy2 andtherestarepassedto theelement3. In this last
elementof thedecisionlist, n3 examplesareclassi�ed by c3 with anerrorof � 3 = 0:5. Thus,
the�nal numberof misclassi�edexamplesis n3 � � 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�cation will be n � � 3 , with n =
n1 + n2 + n3. Althoughtheelementsin positions2 and3 of thedecisonlist, that is c1 andc2,
have a classi�cationerrors� 1;2 = 0, the �nal errorof thedecisionlist will ben � 0:5, which is
greaterthann3 � � 3.

In general,theproblemof �nding the optimalorderof binary classi�ersthat minimizesthe
classi�cationerror is NP-hard.In our application,however, we areonly ever confrontedwith a
smallnumberof classes,thereforewe caneasilyenumerateall potentialpermutationsto deter-
minetheoptimalsequence.
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3.3. Or � Tree AdaBo ost

h(x)=0

h(x)=0

E C

D

h(x)=0

h(x)=1

h(x)=1

A

h(x)=1h(x)=0

C

B A

h(x)=1
A or B

C or D

Figure3.2.:An Or-Treecon�gurationfor theclassesY = f A; B ; C; D ; Eg.

3.3. Or � Tree AdaBo ost

A differentstructurefor a multi-classclassi�er canbeobtainedif we arrangethebinaryclassi-
�ers in adecisiontreein whichsomenodestry to recognizemorethanoneclassatthesametime.
Figure3.2shows thestructureof a possibledecisiontreefor classesY = f A; B ; C; D ; Eg. In
thisexamplethe�rst nodetriesto recognizewetheranexamplex pertainsto theclassesA or B .
If this is thecase,thenthedecisiontreetriesto detecttheexactclassA or B in theright descent
node.If theexamplex doesnot pertainto any of theclassesA or B , thenit it passedto a node
with differentclassi�ers.Differentcon�gurationscanbeusedfor constructingdecisiontrees,in
whichcertainnodescanhave two or moreclassi�ers.

3.4. AdaBo ost :M2

ThepreviousSections3.2 and3.3 explainedhow to usebinaryAdaBo ost classi�ersto con-
structa multi-classclassi�er. In this sectionwe describeanextensionof theAdaBo ost algo-
rithm to themulti-classcase,calledAdaBo ost :M2 , whichwasoriginally describedby Freund
andShapire[9]. This extensiongeneratesmulti-classhypothesesof the form h : X ! Y =
f 1; : : : ; K g whichcanbeuseddirectly to classifyanexampleinto thedifferentK classes.

In Adab oost :M2 , theweaklearnerW eakLearn generateshypotheseswhoseoutputis a
vectorin [0; 1]K , ratherthana singlelabel in Y . The yth componentof this vectorrepresents
thebelief thatthecorrectlabel is y. Thecomponentswith valuescloseto 1 areassignedto the
moreplausiblelabels.Likewise,labelsconsideredimplausibleareassigneda valuenear0, and
questionablelabelsmaybeassigneda valuenear1/2. To formalizethegoalof theweaklearner
W eakLearn , a pseudolossis de�ned which measuresthe accuracy of the weakhypotheses.
To explain thisde�nition, weconsiderthefollowing setupdescribedby FreundandShapire[9].
For eachexample(x i ; yi ) we createa setof incorrectlabelsI = Y � f yi g, which is composed
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3. TheAdaBo ost Algorithm

by all labelsexceptthecorrectoneyi . Therefore,thesetI containsK � 1 labels.Now we use
a givenhypothesish to askK � 1 questions.In eachquestionwe comparetheprobabilitythat
thelabelof theexamplex i is thecorrectlabelyi , with theprobabilitythatthelabelof x i is the
incorrectlabely 2 I . For thispurposewesplit thehypothesish into K weakbinaryhypotheses
in theform:

h(x i ; yi ) =

8
>>><

>>>:

h1(x i )
h2(x i )
...
hK (x i )

: (3.3)

Hereeachbinaryhypothesishy(x i ) with y 2 Y = f 1; : : : ; K g is a functionhy : X ! f 0; 1g
which determineswethery is the label of x i . If hy(x i ) = 0 andhyi (x i ) = 1, thenthe label
for x i is yi . In the sameway, if hy(x i ) = 1 andhyi (x i ) = 0 then the label for x i is y. If
hy(x i ) = hyi (x i ), thenoneof thetwo labelsis chosenuniformly at random.

In the more generalcasewhereh takes valuesin [0; 1], the interpretationof h(x; y) is a
randomizeddecision.That is, we �rst choosea randombit b(x; y) which is 1 with probability
h(x; y) and0 otherwise.We thenapplytheabove procedureto thestochasticallychosenbinary
functionb. AccordingtoFreundandShapire[9], theprobabilityof choosingtheincorrectanswer
y to thequestionabove is:

Pr[b(x i ; yi ) = 0 ^ b(x i ; y) = 1]+
1
2

Pr[b(x i ; yi ) = b(x i ; y)] =
1
2

(1� hyi (x i ) + hy(x i )) : (3.4)

If theanswersto all K � 1 questionsareconsideredequallyimportant,thenthe lossof the
hypothesisis de�ned to betheaverageover all K � 1 questions:

1
K � 1

X

y2 I

1
2

(1 � hyi (x i ) + hy(x i )) =
1
2

0

@1 � hyi (x i ) +
1

K � 1

X

y2 I

hy(x i )

1

A : (3.5)

We canalsogive differentimportanceto eachquestiondependingon thesituation,assigning
a differentweight to eachquestion.So, for eachinstancex i andincorrectlabel y 6= yi , we
assigna weightq(i; y) which we associatewith thequestionthatdiscriminateslabely from the
correctlabel yi . We thenreplacethe averageusedin Equation3.5 with an averageweighted
accordingto q(i; y). Theresultingformula,describedby FreundandShapire[9], is calledthe
pseudolossof h on traininginstancei with respectto q:

plossq(h; i ) =
1
2

0

@1 � hyi (x i ) +
X

y2 I

q(i; y)hy (x i )

1

A : (3.6)

Thefunctionq : f 1; : : : ; N g � Y ! [0; 1] assignsto eachexamplex i a probabilitydistribution
over theK � 1 discriminationproblemsde�ned above. So,for all i :
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3.4. AdaBo ost :M2

X

y2 I

q(i; y) = 1: (3.7)

The completeAdaBo ost :M2 algorithm is shown in Algorithm 3. The weightsw t
i;y are

maintainedfor eachinstancex i andeachlabel y 2 I . The weaklearnerW eakLearn must
beprovidedwith a distribution D t anda labelweight functionqt . Both of thesearecomputed
usingtheweightvectorw t asshown in Steps1-3. Theweaklearner's goal is thento minimize
thepseudoloss� t , asde�ned in Step5. Theweightsareupdatedasshown in Step7. The�nal
hypothesishf outputs,for a giveninstancex, thelabely thatmaximizesa weightedaverageof
theweakhypothesisvaluesht

y(x).
FreundandSchapire[9] provedthat,for multi-classclassi�cationproblems,thetrainingerror

of the�nal hypothesishf generatedby AdaBo ost :M2 is boundedby:

� � (k � 1)2T
TY

t=1

p
� t (1 � � t ) � (k � 1)exp

 

� 2
TX

t=1


 2
t

!

; (3.8)

where� t is thepseudo-lossof thetth weakclassi�er. As we canseetheerror increaseslinearly
with thenumberof classesif wecompareit with theerrorof thebinarycase(Equation3.2).

Tosummarize,thischapterdescribedtheAdaBo ost boostingalgorithm.In itsoriginalform,
thisalgorithmwasdesignedfor binaryclassi�cation.Therefore,threeextensionsof AdaBo ost
for multi-classclassi�cationwerepresented:Sequential AdaBo ost , Or � TreeAdaBo ost
andAdaBo ost :M2 .
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3. TheAdaBo ost Algorithm

Algorithm 3 AdaBoost.M2

Input: sequenceof N labeledexamples(x1; y1); : : : ; (xN ; yN ) with labelsyi 2 Y = f 1; : : : ; K g,
distribution D over theN examples,
weaklearningalgorithmW eakLearn ,
integerT specifyingnumberof iterations.

Initialize theweightvectorw1
i;y = D(i )=(K � 1) for i = 1; : : : ; N ; y 2 Y � f yi g.

for t = 1; : : : ; T do
1. Set

W t
i =

X

y6= yi

wt
i;y

2. Set

qt (i; y) =
wt

i;y

W t
i

for y 6= yi .

3. Set

D t (i ) =
W t

iP N
i= i W t

i

:

4. Call W eakLearn providing it with thedistributionD t andlabelweightingfunction
qt . Getbackahypothesisht : X � Y ! [0; 1].

5. Calculatethepseudo-lossof ht :

� j =
1
2

nX

i =1

D t (i )

0

@1 � ht
yi

(x i ) +
X

y6= yi

qt (i; y)ht
y (x i )

1

A :

6. Set
� t =

� t

(1 � � t )

7. Setthenew weightsvector

wt+1
i;y = wt

i;y �
(1=2)(1+ h t

y i
(x i )� ht

y (x i ))
t

for i = 1; : : : ; N andy 2 Y � f yi g.
end for

Output: Thehypothesis

hf (x) = argmax
y2 Y

TX

t=1

�
log

1
� t

�
ht

y(x):
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4. Learning of Indoor Places from Range
Data

4.1. Description of the Learning Task

This sectiondescribesthe learningtaskof this work: the learningof indoorplacesusinglaser
rangedata.

As introducedin Chapter1, indoorenvironmentsaretypically distributedin differentliving
andworkingspaces.Eachof thoseplaceshasadifferentfunctionalityandstructure.An example
of anindoorenvironmentis shown in Figure4.1. Most of theseplaceshave a similar structure,
but in differentenvironments.For example,a corridoris usuallylonger, a roomis moresquare,
doorwaysaresmall,etc.

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

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

� Thespaceof possibleinstancesX is composedof theposesof therobot in theenviron-
ment. Eachinstancex is representedby oneobservation z madeby the robot,andone
labely 2 Y representingtheplacein which theposeis. In this work we will restrictthe
setto:

Y = f Corridor ; Ro om ; Do orw ay ; Hallw ayg: (4.1)

As we will seelater in Section4.2, eachobservation is composedof a laserrangescan
togetherwith certainfeaturesthatwe calculatedfrom thisscan.

� Our targetconceptc 2 Cis representedby a functionc : X � Y ! f 1; 0g of theform:

c(x; y) =
�

1 if x is in placelabeledy
0 otherwise

(4.2)

� Eachhypothesish 2 H hastheform:

h(x; y) =
�

1 if x is classi�edasy
0 otherwise

(4.3)
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4. Learningof IndoorPlacesfrom RangeData

CorridorDoorway

Room

Figure4.1.:Exampleenvironmentcontainingrooms,doorwaysandacorridor.

Corridor

Figure4.2.:After takinganobservation,a robotclassi�esits poseasCorridor .
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4.2. Featuresfrom LaserRangeScans

Figure4.3.:Beamsobtainedby therobotin a corridor.

� ThelearnerL generatesa�nal hypothesishf which is usedfor subsequentclassi�cations.
For the implementationof the learnerL we will useanadaptationof two differentalgo-
rithms: AdaBo ost :M2 andSequential AdaBo ost , whichwewill describein detail
in Sections4.3and4.4.

4.2. Features from Laser Range Scans

Thissectiondescribesthesetof simplefeaturesthatarecalculatedfrom eachobservationusing
thebeamsof a laserrangescan.Thesefeatureswill beusedlaterasweakhypothesesto form a
�nal strongclassi�er.

As weshowedin Section4.1,theaimof thiswork is to createaclassi�er for amobilerobotin
suchawaythatit is ableto recognizeeachdifferentplace.Weassumethattherobotis equipped
only with a360o �eld of view rangelaser. Therefore,the�nal classi�er is constructedusingthe
dataprovidedby the laser, without any othersensorinformation. Thatmeans,theobservation
madeby therobotat a speci�c poseis composedonly of thesetof beamsfrom thelaserrange.
Formally, eachobservation z = f b0; :::; bM � 1g containsa setof M beamsbi . Eachbeambi

consistsof a tuple (� i ; di ) where� i is the angleof the beamrelative to the robot, anddi is
the lengthof thebeam.Eachobservation usedin this wotk hasanumberof M = 360 beams,
with ananglestepof 1o. An exampleof thebeamstakenby therobotin a corridor is shown in
Figure4.3.

To correctlyclassifyaposein anindoorenvironment,therobotmustclassifytheobservation
z obtainedin thisposeinto oneof theplacesY = f Corridor ; Ro om ; Do orw ay ; Hallw ayg
that we want to learn. As an example,Figure4.4 shows threeobservationstaken in different
placesin an indoor environment: in a room, a doorway anda corridor. In the �rst instances,
it seemshard to �nd featuresin thesebeamsthat can be relatedwith the placewherethey
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4. Learningof IndoorPlacesfrom RangeData

weretaken from. But by looking morecarefully, we can�nd somegeometriccharacteristics
which usually appearin the beamstaken from the sameplace. For example,looking at the
rangetaken in thecorridor (Figure4.4(a)),a centralhorizontalboundingbox canbeextracted,
which representsthe corridor. Moreover, two consecutive beamsinside this rectangularbox
have a small differencein length,dueto the continuity of the walls that form a corridor. We
canalso�nd two perpendicularears correspondingto two doorsthatwereopenin themoment
of registeringthebeams.On theotherhand,thebeamstaken insidea room(Figure4.4(b))are
morescatteredthanthe onesfrom a corridor. This is dueto the differentobjectsthat we can
�nd insidelike tables,chairsor coatstands.As a consequencemoregapsappearin thescan.
A gapis a differencein lengthbetweentwo consecutive beamsconsideredassigni�cant. With
respectto thebeamsobtainedfrom adoorway(Figure4.4(c)),two oppositesetsexist with length
signi�cantly smallerthanothers.Thesebeamsrepresentthedoorframe.Figure4.5graphically
shows thedifferentcharacteristicsobtainedfrom thethreesetof beams.

Thus,it seemsreasonableto representeachobservationz notby theraw beamsf b0; :::; bM � 1g,
but by asetof geometricalfeatureswhichcanbemorerepresentativeof thecompleterangescan.
In this work we usea setof single-valuedgeometricalfeaturesthatarecalculatedfrom eachset
of beamsthatcomposeanobservation. Formally, we de�ne a featuref asa functionthat takes
asan argumentoneobservation andreturnsa real value:f : Z ! R, whereZ is thesetof all
possibleobservations. Apart from that, it is desirablethat thesefeaturesarerotationalinvari-
ant. The reasonfor this constraintis that we are interestedin classifyingthe posewherethe
robot is, independentlyof its orientation.Most of thefeatureswe usein this work arestandard
geometricalfeaturesoften usedin shapeanalysis(seeGonzalezandWintz [11], Haralickand
Shapiro[13], Loncaric[22], O'Rourke [27], andRuss[29]).

Two setsof single-valuedfeaturesarecalculatedfrom eachobservation. The �rst setB is
calculatedusing the raw beamsin z as shown in Figure 4.4. The following is a list of the
single-valuedfeaturespertainingto thisset:

1. Theaveragedifferencebetweenthelengthof consecutive beams.

2. Thestandarddeviationof thedifferencebetweenthelengthof consecutive beams.

3. Sameas1), but consideringdifferentmax-rangevalues.

4. Theaveragebeamlength.

5. Thestandarddeviationof thelengthof thebeams.

6. Numberof gapsin the scan. Two consecutive beamsbuild a gap if their differenceis
greaterthanagiventhreshold.Differentfeaturesareusedfor differentthresholdvalues.

7. Numberof beamslying on lines that areextractedfrom the rangescan(seeSackand
Burgard[30]).

22
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(a)Corridor

(b) Room

(c) Doorway

Figure4.4.:Exampleraw beamsrecordedin acorridor, a roomandadoorway.
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Bounding Box representing
the corridor

Consecutive beams have
similar length

"Ears"

(a)Corridor

Gap

(b) Room

Doorframe

(c) Doorway

Figure4.5.:Possiblefeaturesextractedfrom theraw beamsof Figure4.4.
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4.2. Featuresfrom LaserRangeScans

8. Euclideandistancebetweenthe two points correspondingto the two consecutive local
minima.

9. Theangulardistancebetweenthebeamscorrespondingto thetwo consecutive localmin-
ima in feature8).

A secondsetP of featuresis calculatedfrom apolygonalapproximationP(z) of theareacov-
eredby theobservationz. Theverticesof theclosedpolygonP(z) correspondto thecoordinates
of theend-pointsof eachbeambi of z relative to therobot:

P(z) = f (di cos� i ; di sin� i ) j i = 0; : : : ; M � 1g (4.4)

As anexample,thepolygonalrepresentationsof thelaserrangescansdepictedin Figure4.4
areshown in Figure4.6. Thefollowing is a list containingthesingle-valuedfeaturespertaining
to theP set:

1. Areaof P(z).

2. Perimeterof P(z).

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

4. Meandistancebetweenthecentroidto theshapeboundary.

5. Standarddeviationof thedistancesbetweenthecentroidto theshapeboundary.

6. 200similarity invariantdescriptorsbasedin theFouriertransformation.

7. Major axis Ma of the ellipsethat approximatesP(z) usingthe �rst two Fourier coef�-
cients.

8. Minor axisMi of theellipsethatapproximateP(z) usingthe�rst two Fouriercoef�cients.

9. Ma=Mi .

10. Seveninvariantscalculatedfrom thecentralmomentsof P(z).

11. Normalizedfeatureof compactnessof P(z).

12. Normalizedfeatureof eccentricityof P(z).

13. Formfactorof P(z).

25



4. Learningof IndoorPlacesfrom RangeData

(a)Corridor

(b) Room

Figure4.6.:Polygonalrepresentationsof thescansshown in Figure4.4.
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4.3. TheFinalSequential AdaBo ost Algorithm

AppendixA.1 andA.2 describein detailhow to calculateeachof thefeaturesfor bothB and
P sets.

Finally, eachtrainingexamplex i is representedby a setof J featuresf f 1; : : : ; f J g together
with its labelyi , in theform:

x i = (f f 1; : : : ; f J g; yi ); with yi 2 Y and f j 2 f B [ Pg: (4.5)

HereY = f Corridor ; Ro om ; Do orw ay ; Hallw ayg is the setof classesthat we want to
learn.Weassumethatthelabelof thetrainingexamplesis givenin advance.In practicethiscan
beachievedby manuallylabelingplacesin themapaswe will seein Section5.1,or instructing
therobotwhile it is exploring its environment.

4.3. The Final Sequential AdaBo ost Algorithm

As shown in Section3.2,amulti-classclassi�er canbeconstructedlinking severalbinaryclassi-
�ers into adecisionlist. To createeachof thebinaryclassi�ersneededin thiswork weapplythe
variantof the AdaBo ost algorithmpresentedby Viola andJones[41]. This variantrestricts
theweakclassi�ers to dependon single-valuedfeaturesonly. In our casewe will usethe two
setsB andP of featuresfrom Section4.2.

Following the notationfrom Viola andJones[41], eachweakclassi�er h j (x) consistsof a
featuref j , a threshold� j andaparitypj indicatingthedirectionof theinequalitysign:

hj (x) =
�

1 if pj f j (x) < pj � j

0 otherwise:
(4.6)

As an example,a weakclassi�er hArea createdfrom the feature“Area of P(x)”, f Area (x),
will have theform:

hArea (x) =
�

1 if f Area (x) > � Area

0 otherwise;
(4.7)

meaningthat if theareaof P(x) is biggerthanthethreshold� Area , thentheexamplex will be
classi�edaspositive.

Theparameters� andp mustbelearnedby eachweakclassi�er in thetrainingprocess.One
possiblemethodfor learningtheseparametersfor a speci�c weakclassi�er h j with featuref j

andsetof N examplesconsistsof creatingasearchspaceSj whoseelementsarethepairvalues
(� i ; pi ) with � i = f j (x i ), in theform:

Sj = f (� 1; � 1); (� 1; +1) ; : : : ; (� N ; � 1); (� N ; +1) g (4.8)

Now we have only to selecteachpair (� i ; pi ) and computethe numberof misclassi�cations
usingtheExpression4.6.Finally, weselecttheparameterswhichimplieslessmisclassi�cations.
Formally:
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4. Learningof IndoorPlacesfrom RangeData

(� ; p) = argmin
� ;p

NX

i =1

jhj (x i ) � yi j (4.9)

with

hj (x i ) =
�

1 if p � f j (x i ) < p � �
0 otherwise:

(4.10)

Thisprocesscanbecarriedon in lineartime is theelementsof Sj arepreviously orderedby the
values� i .

Oncewehaveamethodfor trainingweakclassi�erswecanimplementthe�nal versionof the
binaryAdaBo ost algorithmwhich is shown in Algorithm 4. As wecansee,Steps2 and3 cor-
respondto theW eakLearn algorithmin theoriginalAdaBo ost algorithm(seeAlgorithm 1).
In thiscaseabruteforcesearchis doneamongall thepossiblehypothesesandthen,theonewith
lowesterroris selected.

To createthe�nal Sequential AdaBo ost algorithmweonly haveto arrangeadecisionlist
in thesamewayasexplainedin Section3.2.

4.4. The Final AdaBo ost :M2 Algorithm

As we showed in Section3.4, the AdaBo ost :M2 algorithmcreatesa �nal strongclassi�er
which is able to discrimateamongK different classes. In our case,eachmulti-classweak
hypothesishj (x; y) with featuref j is split into K binaryhypothesesof theform:

hj (x i ; yi ) =

8
>>><

>>>:

hj; 1(x)
hj; 2(x)
...
hj;K (x)

(4.11)

with

hj;k (x i ) =
�

1 if pj � f j (x i ) < pj � � j

0 otherwise:
(4.12)

To train themulti-classhypothesishj (x i ; yi ) we train eachof thebinaryhypothesesh j;k (x i )
usingthe samemethodas in Section4.3, but usingaspositive training examplesthoseswith
labelk andtherestasnegatives.Formally:

(� ; p) = argmin
� ;p

NX

i =1

�
�hj;k (x i ) � y0

i

�
� (4.13)

with

hj;k (x i ) =
�

1 if p � f j (x i ) < p � �
0 otherwise:

(4.14)
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and

y0
i =

�
1 if yi = k
0 if yi 6= k:

(4.15)

Thecomplete�nal AdaBo ost :M2 algorithmis shown in Algorithm 5.

This chapterpresentedthe learningtaskof this thesis: the supervisedlearningof placesfrom
rangedatausingboosting. Moreover, the different simple featuresextractedfrom proximity
dataweredescribed.Thesefeatureswill beusedasweakhypothesesby theboostingprocedure.
Finally, theparticularversionsof Sequential AdaBo ost andAdaBo ost :M2 for this work
wereintroduced.

29



4. Learningof IndoorPlacesfrom RangeData

Algorithm 4 AdaBoostversionby Viola andJones

Input: sequenceof N labeledexamples(x1; y1); : : : ; (xN ; yN ) whereyi = 1 for positive examples
andyi = 0 for negative examples,
asetof featuresf 1; : : : ; f J ,
integerT specifyingthenumberof iterations.

Initialize theweightvectorw1
i = 1

2m , 1
2l for yi = 0; 1 respectively, wherem is thenumberof

negative examplesandl is thenumberof positve examples.
for t = 1; : : : ; T do

1. Set

p t =
w t

P N
i=1 wt

i

2. For eachfeaturef j , train a weakclassi�er hj which is restrictedto usingthis single
feature.Theerrorof hj is evaluatedwith respectp t :

� j =
NX

i =1

pt
i jhj (x i ) � yi j

3. Choosetheclassi�er ht with lowesterror� t .

4. Set
� t =

� t

(1 � � t )

5. Setthenew weights:
wt+1

i = wt
i �

1�j ht (x i )� yi j
t

end for
Output: The�nal stronghypothesis

hf (x) =

(
1 if

P T
t=1

�
log 1

� t

�
ht (x) � 1

2

P T
t=1 log 1

� t

0 otherwise
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Algorithm 5 FinalAdaBoost.M2algorithm

Input: sequenceof N labeledexamples(x1; y1); : : : ; (xN ; yN ) with labelsyi 2 Y = f 1; : : : ; kg,
integerT specifyingnumberof iterations.

Initialize theweightvectorw1
i;y = D(i )=(k � 1) for i = 1; : : : ; N ; y 2 Y � f yi g,

whereD(i ) = 1
2m andm is thenumberof trainingexampleswith labelyi .

for t = 1; : : : ; T do
1. Set

W t
i =

X

y6= yi

wt
x;y

2. Set

qt (i; y) =
wt

i;y

W t
i

for y 6= yi .

3. Set

D t (i ) =
W t

iP N
i= i W t

i

:

4. For eachfeaturej train multi-classweakclassi�er h j (x; y) which is restrictedto
usingthesinglefeaturej . Theerroris evaluatedwith respectD (i ):

� j =
1
2

nX

i =1

D t (i )

0

@1 � hj;y i (x i ) +
X

y6= yi

qt (i; y)hj;y (x i )

1

A :

5. Choosetheclassi�er ht with lower error� t .

6. Set
� t =

� t

(1 � � t )
:

7. Setthenew weightsvector

wt+1
i;y = wt

i;y �
(1=2)(1+ h t

y i
(x i )� ht

y (x i ))
t

for i = 1; : : : ; N andy 2 Y � f yi g.
end for

Output: Thehypothesis

hf (x) = argmax
y2 Y

TX

t=1

�
log

1
� t

�
ht

y(x):
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5. Experiments

Theaimof thefollowing experimentsis to demonstratethatthesingle-valuedfeaturesdescribed
in Section4.2canbeboostedto a robustclassi�er which is ableto recognizedifferentplacesin
anindoorenvironment.Additionally we analyzewhethertheresultingclassi�er canbeusedto
classifyplacesin environmentsfor whichno trainingdatawasavailable.

5.1. Experimental Setup

In orderto testour approachon realdataaswell asin simulation,we usetheCarnegie Mellon
RobotNavigationToolkit (CARMEN) [25]. This simulationenvironmentallows usto navigate
with a robotin differentmapswhereasrecordingall sensorinformation(Figure5.1). Therobot
usedin thesimulationwasanActivMediaPioneer2-DX8 equippedwith two SICK laserrange
�nders asdepictedin Figure5.2. To generatethe training andtestsetof examples,a speci�c
software was developedwhich communicateswith the CARMEN simulatorand permitsthe
selectionof differentposeswheretherobotwill have to take theobservations.A moredetailed
descriptionof thissoftwareis givenin AppendixB.

5.2. Results with Sequential AdaBo ost

Oneimportantparameterof the AdaBo ost aswell asthe AdaBo ost :M2 algorithmis the
numberof weakclassi�ers T usedto form the �nal strongclassi�er. We performedseveral
experimentswith different numbersof weak classi�ers and analyzedthe classi�cation error.
Throughoutour experiments,we foundthat100weakclassi�ersprovide a high velocity in the
classi�cation whenusinga robot in real time, togetherwith a low error in the classi�cation.
Therefore,thisvalueis usedin all experimentspresentedin thiswork.

The�rst experimentwasperformedusingdatafrom ourof�ce environmentin Building 79 at
theUniversityof Freiburg (seeFigure5.4(a)).Thisenvironmentwasdividedinto threedifferent
typesof places:room,doorway, andcorridor. For thesake of clarity we presentour resultsby
separatingtheenvironmentinto two parts.Theleft half of theenvironmentcontainsthetraining
examples(seeFigure5.4(b)),andthe right half of theenvironmentwasthenusedasa testset
(seeFigure5.4(c)).

In this experimentwe usedthe sequentialclassi�er shown in Figure3.1. We testedall the
possiblecombinationsof binaryclassi�erswith labelsY = f Corridor ; Ro om; Do orw ay g
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5. Experiments

Figure5.1.:Interfaceof theCarnegie Mellon RobotNavigationToolkit (CARMEN).

Figure5.2.:Therobotusedin theexperiments:aPioneer2-DX8 equippedwith two SICK laser
range�nders.
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5.2. Resultswith Sequential AdaBo ost

in a decisionlist, andcalculatedthe successof the �nal classi�cation for eachof them. Ta-
ble 5.1 shows the correctclassi�cation rate for all the possibledecisionlists. According to
this table the optimal decisionlist for this classi�cation problem is given by the sequence
Ro om � Do orw ay whosecon�guration is shown in Figure5.3. This decisionlist correctly
classi�es93.94%of all testexamples.Theclassi�cationresultsarealsodepictedascolored/grey-
shadedareasin Figure5.4(c).

Classi�er Sequence CorrectClassi�cations%
Ro om � Do orw ay 93.94
Ro om � Corridor 93.31
Corridor � Ro om 93.16
Do orw ay � Corridor 80.68
Do orw ay � Ro om 80.49
Corridor � Do orw ay 80.10

Table5.1.:Percentageof correctlyclassi�ed examplesfor the 6 con�gurationsof a sequential
multi-classclassi�er with Y = f Corridor ; Ro om; Do orw ay g usedin the map
of Building 79 (seeFigure5.4).

Roomh(x)=1

.  .  .
h(x)=0

h(x)=1

Corridor

Doorway

h(x)=0
Binary Classifier

   Room
Binary Classifier   Doorway

Figure5.3.:Thebestdecisionlist con�guration for theclassi�cationof building 79 at theUni-
versityof Freiburg.

In asecondexperimentwerepeattheprocessbut usethemapof Building 52at theUniversity
of Freiburg (seeFigure5.5(a)).Table5.2shows theresultsfor thedifferentcon�gurationsusing
the setof labelsY = f Corridor ; Ro om; Do orw ay g. Figure5.5 depictsthe training and
testclassi�cationfor Building 52 usingthebestdecisionlist Ro om � Corridor accordingto
Table5.2.

A third experimentwasperformedusingamapcontainingfourdifferentclassesof placesY =
f Corridor ; Ro om; Do orw ay; Hallw ay g. Thecompletemapis shown in Figure5.6(a).Ta-
ble 5.3 shows the resultingclassi�cation of all the possibledecisionlists. The optimal deci-
sion list for this experimentwasCorridor � Hallw ay � Do orw ay , with a successrateof
89.52%.

It is alsointerestingto calculatethe errorof thedifferentbinary classi�ers that form the �-
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Classi�er Sequence CorrectClassi�cations%
Ro om � Corridor 92.10
Corridor � Ro om 91.57
Do orw ay � Corridor 91.13
Corridor � Do orw ay 91.03
Ro om � Do orw ay 90.94
Do orw ay � Ro om 90.30

Table5.2.:Percentageof correctlyclassi�ed examplesfor the 6 con�gurationsof a sequential
multi-classclassi�er with Y = f Corridor ; Ro om; Do orw ay g usedin the map
of Figure5.5(a).

nal sequentialclassi�er. Table5.4 containsthe error ratesof the individual binary classi�ers
on the training dataof mapin Figure5.6. The error ratesdiffer between:7% and1:5%. The
binaryDo orw ay classi�er yields thehighesterror. We believe that this is dueto several fac-
tors. First, a doorway is typically a very small region so thatonly a few trainingexamplesare
available.Furthermore,if a robotstandsin adoorway thescantypically coversnearbyroomsor
corridorswhich makesit hardto distinguishthedoorway from suchplaces.If we comparethe
classi�cationratesof theSequential AdaBo ost for four classesin Table5.3 andtheerrors
of thebinary class�ersshown in Table5.4, we canseethat mostof thedecisionlist with best
results(the�rst twelve) have as�rst binaryclassi�er theonewith lesserror, thatis, Corridor
or Hallw ay. Thiscoincideswith ourstrategy from Section3.2,in whichweexplainedthatit is
agoodheuristicto placethebinaryclassi�erswith lesserrorin the�rst positionsof thedecision
list.

5.3. Results with Or � Tree AdaBo ost

This experimentwasdesignedto comparethe two typesof structuresfor a multi-classclassi-
�er usingbinaryclassi�ers:Sequential Adab oost andOr � Tree Adab oost . Figure5.7
shows the training andtestmapsusedin this experiment. Table5.5 shows the resultsof the
classi�cationof the testset for the differentcon�gurationsof a sequentialclassi�er using la-
belsY = f Corrdior ; Ro om; Do orw ay g. Table5.6 depictsthe resultsin the class�cation
of differentcon�gurationsfor an Or-treeclassi�er. As we canseethe classi�cation ratesare
very similar. This is dueto thefact thatanOr-treecon�guration is similar to a sequentialcon-
�guration if the �rst two binaryclass��ers in thedecisionlist areusedin the �rst nodeof the
Or-tree.
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Classi�er Sequence CorrectClassi�cations%
Corridor � Hallw ay � Do orw ay 89.52
Corridor � Ro om � Hallw ay 89.41
Corridor � Hallw ay � Ro om 89.36
Ro om � Corridor � Hallw ay 89.29
Hallw ay � Ro om � Do orw ay 88.95
Ro om � Hallw ay � Do orw ay 88.78
Hallw ay � Corridor � Do orw ay 88.69
Hallw ay � Do orw ay � Corridor 88.68
Hallw ay � Do orw ay � Ro om 88.59
Hallw ay � Corridor � Ro om 88.53
Hallw ay � Ro om � Corridor 88.53
Ro om � Hallw ay � Corridor 88.36
Corridor � Ro om � Do orw ay 86.88
Ro om � Corridor � Do orw ay 86.81
Ro om � Do orw ay � Corridor 86.80
Corridor � Do orw ay � Ro om 86.60
Do orw ay � Ro om � Corridor 86.59
Do orw ay � Corridor � Ro om 86.57
Corridor � Do orw ay � Hallw ay 85.82
Do orw ay � Corridor � Hallw ay 85.74
Ro om � Do orw ay � Hallw ay 84.98
Do orw ay � Hallw ay � Ro om 84.76
Do orw ay � Hallw ay � Corridor 84.75
Do orw ay � Ro om � Hallw ay 84.68

Table5.3.:Percentageof correctlyclassi�edexamplesfor the24 con�gurationsof a sequential
multi-classclassi�er with labelsY = f Corridor ; Ro om; Do orw ay; Hallw ay g
for themapin Figure5.6(a).

BinaryClassi�er Trainingerror%
Corridor 0.7
Hallw ay 0.7
Ro om 1.4

Do orw ay 1.5

Table5.4.:Error in the training datafor the individual binary classi�ers learnedfrom the map
depictedin Figure5.6.
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(a)Map of building 79

(b) Trainingexamples

(c) Classi®cationof testexamples

Corridor Room Doorway

Figure5.4.:The mapof Building 79 at the University of Freiburg is shown in Figure5.4(a).
Figure5.4(b)shows thetrainingset.Finally, Figure5.4(c)shows theclassi�edtest
datausingthebestsequentialclassi�er Ro om � Do orw ay .
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(a)Map of building 52

(b) Trainingexamples

(c) Classi®cationof testexamples

Corridor Room Doorway

Figure5.5.:The map of Building 52 at the University of Freburg is shown in Figure 5.5(a).
Figure5.5(b)shows thetrainingsetandFigure5.5(c)shows theclassi�edtestdata
usingthebestsequentialclassi�er Ro om � Corridor .
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(a) CompleteMap

(b) Trainingexamples

(c) Testclassi®cation

Corridor Room Doorway Hallway

Figure5.6.:Thecompletemapwith 4 typesof placesis shown in Figure5.6(a). Figure5.6(b)
shows thetrainingset,andFigure5.6(c)shows theclassi�edtestdatawith thebest
sequentialcon�gurationCorridor � Hallw ay � Do orw ay .40
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(a) Trainingexamples

(b) Testexamples

Corridor Room Doorway

Figure5.7.:Trainingandtestsetsusedfor thecomparisonof theOr-treeandsequentialcon�g-
urations.
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Classi�er Sequence CorrectClassi�cations%
Corridor � Ro om 88.83
Ro om � Corridor 88.82
Corridor � Do orw ay 88.33
Ro om � Do orw ay 87.04
Do orw ay � Ro om 86.17
Do orw ay � Corridor 85.82

Table5.5.:Percentageof correctly classi�ed examplesfor the 6 con�gurationsof a sequen-
tial multi-classclassi�er with Y = f Corridor ; Ro om; Do orw ay g usingthedata
from Figure5.7.

Classi�er Tree CorrectClassi�cations%
(Ro om or Corridor ) � Do orw ay 88.82
(Corridor or Ro om) � Do orw ay 88.72
(Corridor or Do orw ay) � Ro om 87.91
(Ro om or Do orw ay) � Corridor 86.94
(Do orw ay or Ro om) � Corridor 86.19
(Do orw ay or Corridor ) � Ro om 85.74

Table5.6.:Percentageof correctlyclassi�edexamplesfor 6 con�gurationsof anOr-treemulti-
classclassi�er with Y = f Corridor ; Ro om; 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 classifythedifferentenvironments.In this sectionwe comparethis approachto
Adab oost :M2 , themulti-classvariantof AdaBo ost .

5.4.1. Comparison with Half Maps

The �rst comparisonwascalculatedusingastraining andtestexamplesthe samesetsusedin
Section5.2. Figures5.8, 5.9and 5.10show theresultsof theclassi�cationof thetestexamples
for the threedifferentmapsusedin this work. As we canseethe Sequential AdaBo ost
algorithmperformsbetterthantheAdaBo ost :M2 algorithm.Table5.4.1showsaquantitative
analysisof theclassi�cationperformancefor thethreemaps.

Mapdepictedin SequentialClassi�er % Adaboost.M2%
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 standardmethodfor comparinglearningalgorithms.This method
dividesthe trainingsetinto k subsetsof equalsize. Eachof thesesubsetsmustcontaina rep-
resentative amountof examplesof eachclass. The processleavesoneof the subsetsout and
appliesthe learningalgorithmto the otherk � 1 subsets.The learnedclassi�er is thenused
to classifythe left subsetandto calculateits error. The processrepeatsk timesleaving out a
differentsubseteachtime. The�nal error is thencalculatedasthemeanof thek partialerrors.
To comparedifferent learningalgorithmsthe whole processis carriedout eachtime andtheir
�nal errorsareusedasa comparisonvalue. A valueof k = 10 hasbecomea standardfor this
method.

In our case,we areinterestedin comparingour Sequential AdaBo ost algorithmwith the
AdaBo ost :M2 . For theexperiment,we usedthemapof Building 79 (Figure5.4(a)).We use
asa trainingsetthe3487posesdistributedrandomlyonthewholemapasshown in Figure5.11.
Thissetis dividedinto 10subsetsof equalsize.Eachsubsetcontainsasetof randomlyselected
poses,sothatthey containrepresentative examplesof eachclass.Table5.8shows theresulting
errorsof applying10-foldcrossvalidationwith Sequential AdaBo ost . As wecanseein this
table,thebestthreecon�gurationscoincidewith theonesin Table5.1, in which a comparison
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(a)Sequen tial AdaBo ost

(b) AdaBo ost :M2

Corridor Room Doorway

Figure5.8.:Figure 5.8(a) shows 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 can be seen,the error of Adab oost :M2 is much higher
comparedto ourapproach.
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5.4. Comparisonof theSequential AdaBo ost andAdaBo ost :M2 Algorithms

(a)Sequen tial 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))and the resultobtainedwith Adab oost :M2 (Figure5.9(b)). As
canbeseen,theerrorof Adab oost :M2 is highercomparedto ourapproach.
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5. Experiments

(a)Sequen tial 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)).Againthesequentialapproachoutperforms
Adab oost :M2 .
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5.5. PlaceRecognitionwith aMoving Robot

with half mapsweredone. Theerrorof applying10-fold crossvalidationto AdaBo ost :M2
is 9.66%.Thatmeans,thethreebestcon�gurationsof Sequential AdaBo ost arebetterthan
AdaBo ost :M2 .

Classi�er Sequence Error%
Ro om � Corridor 5.84
Corridor � Ro om 5.96
Ro om � Do orw ay 6.39
Corridor � Do orw ay 9.60
Do orw ay � Ro om 10.13
Do orw ay � Corridor 10.44

Table5.8.:Percentageof errorof Sequential AdaBo ost using10-foldcrossvalidation.

5.5. Place Recognition with a Moving Robot

In the following experimentwe usethe mostsuitableclassi�er Ro om � Do orw ay for our
of�ce building (seeTable5.1) to classify the currentposeof a mobile robot. We placedour
Pioneer2-DX8robot in our of�ce building andsteeredit throughthecorridor, differentrooms,
andseveral doorways. Whilst the robotwasmoving, we loggedits trajectoryandthe classi�-
cationsobtainedfor thedifferentrangescans.The resultsaredepictedin Figure5.12. Again,
the differentcolors/grey levels of the pointson the trajectoryindicatethe classi�cationof the
correspondingscan.As canbeseen,therobotreliably identi�es thetypeof place.Only in a few
placesis theclassi�cationwrong.Thesefailuresaremostoftencausedby clutterin theenviron-
ment,which make thesequentialRo om � Do orw ay classi�er believe thatthecorresponding
placeis adoorway.

5.6. Transf erring the Classi�er s to New Envir onments

This experimentis designedto analyzewhethera classi�er trainedin a particularenvironment
canbeusedto successfullyclassifytheplacesof a new environment.To carryout this experi-
mentwe trainedour Sequential AdaBo ost classi�er on themapshown in Figure5.5(a).In
thisenvironmentourapproachwasableto correctlyclassify92.1%of all placeswith acon�gu-
rationRo om � Corridor (seeTable5.2).Theresultingclassi�erwasthenevaluatedonscans
simulatedgiventhemapof theIntel ResearchLab in Seattle.For thesescanstheclassi�cation
ratedecreasedto 82.23%(seeFigure5.13).This indicatesthatoursequentialversionalgorithm
yields goodgeneralizationswhich canthenalsobe appliedto correctly label placesof so far
unknown environments.Note thata successrateof 82.23%is quitehigh for this environment,
sinceevenhumanstypically donotconsistently/correctly classifytheplacesin thisenvironment.
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5. Experiments

(a)Randomposes

(b) An examplesubset

Corridor Room Doorway

Figure5.11.:Thetrainingsetusedfor 10-fold crossvalidationis shown in Figure5.11(a).Fig-
ure5.11(b)depictsanexamplesubsetusedfor thecalculationof apartialerror.
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5.6. TransferringtheClassi®ersto New Environments

Corridor Room Doorway

Figure5.12.:Classi�cationresultsareobtainedwith a mobile robotmoving throughour of�ce
environment.Colors/grey levelsin theimageindicatetheclassi�cationof thecor-
respondingplacesof thetrajectory.
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5. Experiments

Corridor Room Doorway

Figure5.13.:Classi�cationresultsobtainedby applyingthe classi�er learnedfor the environ-
mentdepictedin Figure4.1 to themapof the Intel ResearchLab in Seattle.The
factthat82.23%of all placescouldbecorrectlyclassi�ed illustratesthatresulting
classi�erscanbeappliedto sofar unknown environments.
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5.7. ImportantSimpleFeatures

binaryclassi�er sevenbestfeatures
Corridor B.6,B.1,P.7,P.6,P.6,B.1,B.1
Room P.2,B.1,P.4,P.6,P.7,B.6, P.5
Doorway B.8,B.1,B.9, B.4,B.2,P.6,B.1,
Hallway P.1,B.1,B.8,P.1,P.12,P.6,B.1

Table5.9.:Thebestsevenfeaturesfor eachbinaryclassi�er.

5.7. Impor tant Simple Features

In this sectionwe analyzethe importanceof the individual weak featuresin the �nal strong
classi�er. As shown in Section4.2, we calculatedtwo setsof features: the set B , which is
formedby featurescalculatedfrom theraw beams,andthesetP, with featuresextractedfrom
thepolygonapproximationP(z) of thebeams.Table5.7 lists thesevenbestfeaturesfor each
binaryclassi�erwith theleftmostfeaturethemostimportant.In thistableanentryB.i represents
the i-th featureof the B featuresetz whereasan entry P.j representsthe j-th featureof the P
featureset.Notethatoftenidenticalfeaturesoccur. As we saw in Section4.3,on eachroundt
of theAdaBo ost algorithm,eachfeaturef j is usedto createaweakhypothesishj . In different
rounds,thesamefeaturef j createsdifferenthypotheseshj which differ in its parameters� and
p. Thesehypothesesaredifferent,althoughthey correspondto thesamefeature.

As the tableshows, several featureslike the averagedifferencebetweenconsecutive beams
(featureB.1) appearsto be quite important. Furthermore,the numberof gaps(featureB.6),
which representshow clutteredthe environmentis, appearsquite often. WhereasfeatureP.1,
which correspondsto theareaof thepolygon,is mostimportantfor thedetectionof hallways,
the featureB.8, which measuresthe distancebetweenthe smallestlocal minima in the range
scan,hasthehighestweightin theclassi�er for doorways.In fact,this lastfeaturewasdesigned
speci�cally for thedetectionof doorways.

In this chapterwe presentedseveral experimentswhich demonstratethat our simple features
canbe boostedto a robust classi�er of places.Additionally, we analyzewhetherthe resulting
classi�er canbeusedto classifyplacesin environmentsfor which no trainingdatawereavail-
able.Finally, we showedthemostimportantgeometricalfeaturesusedin theclassi�er for each
speci�c place.
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6. Conc lusion

This thesispresentedanapproachfor a mobilerobot that learnstherelationbetweentheprox-
imity measurementstakenin aposeandthesemantictermrelatedto thispose.Additionally, our
approachcreatesa classi�er thatallows theposteriorclassi�cationof unseenposesinto a setof
differentsemantictermslike “corridor”, “room”, “hallway” or “doorway”. Our approachis su-
pervised,which hastheadvantagethattheresultingsemanticlabelscorrespondto user-de�ned
classes.

The different setof beamstaken as observationsare representedby a setof single-valued
geometricalfeatures,whichareeasyandquicker to calculate.Thesefeaturesrepresentdifferent
propertiesof thebeams,aswell asof apolygonapproximationof thecompletescan.

Thealgorithmusedfor supervisedlearningis theboostingAdaBo ost , which permitsusto
boostthe single-valuedfeaturesinto a strongclassi�er. In its original form, the AdaBo ost
algorithmgeneratesa binary classi�er which can discriminatebetweentwo classes:positive
examplesand negative examples. To determinebetweenmore than two classeswe devised
a structurethat usesa set of binary classi�ers to form a multi-classclassi�er. The structure
hasthe form of a decisionlist, in which eachelementis representedby onebinary classi�er.
We calledthis multi-classclassi�er Sequential AdaBo ost . To testthe performanceof the
Sequential AdaBo ost we carriedout experimentsusingdifferentindoorenvironments,ob-
tainingclassi�cationratesof morethan90%. We alsocomparedour Sequential AdaBo ost
algorithmwith AdaBo ost :M2 , a multi-classextensionof AdaBo ost . Theexperimentalre-
sultsshowed that our sequentialapproachoutperformsAdaBo ost :M2 in the environments
usedin thiswork.

We alsoanalyzedwhethera classi�er trainedin a particularenvironmentcanbeusedto suc-
cessfullyclassifytheplacesof a new environment.To carryout this experimentwe trainedour
Sequential AdaBo ost classi�er on onemap,andtheresultingclassi�er wasthenevaluated
on scansobtainedin adifferentenvironment.Theexperimentalresultsshow thatoursequential
versionalgorithmyieldsgoodgeneralizationswhich canthenalsobeappliedto correctlylabel
placesof sofar unknown environments.

Moreover, experimentscarriedout with a real robot in anof�ce indoorenvironmentdemon-
stratedthattheSequential AdaBo ost approachis fastenoughto doarealtimeclassi�cation
of thedifferentposesof therobot. This is dueto theuseof simplefeatureswhich arevery fast
to calculate.Also thenumberof featuresusedwasvery low. In theexperimentswe only used
100features.

Neverthelessourmethodalsohaslimitations.Dueto thefactthatweonly use2-dimensional
informationfrom thelaserrange�nder, themethodis notwell-suitedto distinguishthedifferent
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6. Conclusion

betweenroomswhichhave similarstructure.
Our methodfor semanticclassi�cation of placesusesobservations composedof only 2-

dimensionalinformation. This allows us to do a real time classi�cation of places,but with
somelimitations. Theuseof only 2-dimensionalinformationpermitsusto createonly features
in the plane. However, roomsare3-dimensionalspaces,andasa result, higherdimensional
geometricfeaturescanimprove theinformationtakenfrom eachobservation. For example,the
useof 3-dimensionalscansusinga laserrange�nder would addmoreinformationto eachob-
servationandallowsto extractmorecomplex features,whichcanbemorerepresentative of each
room.Althoughthelaserrange�nder givesverypreciseproximity measurements,they cannot
supplyotherkinds of datawhich arealsorepresentative of an environment,like for example
color information.For this reason,theuseof a cameracanalsoimprove the informationthata
robotcanextractfrom anobservation.

Theclassi�cationof thedifferentplacesin a indoorenvironmentis a taskthata humancan
performwithout dif�culty . Onereasonfor this is thata personis ableto recognizethedifferent
objectsthataresituatedin aroom,andthenis ableto quickly relatetheseobjectsto aplace.For
example,abedroomis veryeasyto recognizeif wecanlocateabedin it. Hence,therecognition
of objectscanbeaconsiderableimprovementto thetaskof placeclassi�cation.And conversely,
theclassi�cationof placescanhelptherecognitionof objects.If a robothasa goodestimation
of theplacewhereit is, it canusea speci�c objectclassi�er. For instance,if a robotknows that
theareawhereit is placedis abedroom,thenit canuseaspeci�c classi�er to look for abed.

Nevertheless,our methodprovidesa very goodestimateof the kind of room aslong asthe
differentplacesaredistinguishablebasedon sensorinformationobtainedin a 2D-plane.Even
for more complex 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.1. Set B of simple features

Fromnow on we will usez = f b0; : : : ; bM � 1g to de�ne thesetof beamstakenasoneobserva-
tion. Eachbeambi is representedby atuple(� i ; di ), where� i is theangleof thebeamrelative to
therobotanddi is thelengthof thebeam.Wealsode�ne thefunctionlength(bi ) which returns
thelengthdi of thebeambi . In thesamewaywede�ne thefunctionangle(bi ) whichreturnsthe
angle� i of thebeambi .

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

Thefeaturerepresentingtheaveragedifferencebetweenthelengthof consecutive beamsis de-
�ned as:

f average =
1

M

M � 1X

i =0

length(bi ) � length(bi +1 mod M ) (A.1)

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

Thefeaturerepresentingthestandarddeviationof thedifferencebetweenthelengthof consecu-
tive beamsis de�ned as:

f std =
1

M

M � 1X

i =0

(length(bi ) � length(bi +1 mod M )) � f average; (A.2)

wheref average is thefeaturede�ned in A.1.1.

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

The valuemax-rangeis a threshold� indicating the maximumlengthof a beam. Using this
threshold� , wede�ne thefunctionlength� (bi ) asfollows:
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A. Calculationof theSingle-ValuedFeatures

length� (bi ) =
�

length(bi ) if length(bi ) � �
� otherwise

(A.3)

Thefeaturerepresentingtheaveragedifferencebetweenthelengthof consecutive beamsusing
max-rangeis de�ned as:

f average;� =
1

M

M � 1X

i =0

length� (bi ) � length� (bi +1 mod M ) (A.4)

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 consecutive using max-range
beamsis de�ned as:

f std;� =
1

M

M � 1X

i =0

(length� (bi ) � length� (bi +1 mod M )) � f average;� (A.5)

wheref average;� is thefeaturede�ned in A.1.3.

A.1.5. The average beam length

Thefeaturerepresentingtheaveragebeamlengthis de�ned as:

f average� length =
1

M

M � 1X

i =0

length(bi ) (A.6)

A.1.6. The standar d deviation of the length of the beams

Thefeaturerepresentingthestandarddeviationof thebeamlengthis de�ned as:

f std� length =
1

M

M � 1X

i =0

length(bi ) � f average� length (A.7)

wheref average� length is thefeaturede�ned in A.1.5.

A.1.7. Number of gaps in the scan.

Two consecutive beamsbuild agapif their lengthdifferenceis greaterthana giventhreshold� .
An exampleof agapis shown in FigureA.1. Formallyagapis de�ned as:
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A.1. SetB of simplefeatures

gap� (bi ; bi +1 ) =
�

1 if length(bi ) � length(bi +1 ) > �
0 otherwise

(A.8)

Thefeaturerepresentingthetotalnumberof gapsis calculatedas:

f gaps;� =
M � 1X

i =0

gap(bi ; bi +1 mod M ) (A.9)

Gap

FigureA.1.: An exampleof agapin anscan.

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

This featureis calculatedusingthemethodby SackandBurgard[30].

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

This featurewasdesignedto help in the classi�cation of doors. If we plot the lengthof the
beamsof anobservationz, we obtainagraphlike theoneshown in FigureA.2(b). Wecanlook
in this graphfor two consecutive local minimap1 = (x1; y1); p2 = (x2; y2) which canbe the
representationof adoorframe(FigureA.2(a)).TheEuclideandistancebetweenp1 andp2 is then
calculate:

f distance� minima =
p

(x1 � x2)2 + (y1 � y2)2 (A.10)
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Doorframe

(a)
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(b)

FigureA.2.: Representationof a set of beamscollectedwherethe robot were in a door. In
FigureA.2(a) thearrows indicatethetwo minimawhich canindicatea doorframe.
FigureA.2(b) is a plot of the lengthof thebeams.The two marksX indicatethe
sametwo minima(p1 andp2 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 localminimalp1; p2 calculatedin A.1.9correspondto theendof two beams,i.e b1 and
b2. Theangulardistancebetweenthesetwo beamsis usedasa feature,in theform:

f � � minima = jangle(b1) � angle(b2)j (A.11)

A.2. Set P of simple features

This setof featuresis calculatedfrom a polygonalapproximationP(z) of theareacoveredby
theobservationz = f b0; : : : ; bM � 1g. Theverticesvi of theclosedpolygonP(z) correspondto
thecoordinatesof theend-pointsof eachbeambi of z relative to therobot:

P(z) = f v0; : : : ; vM � 1; vM = v0g; (A.12)

wherevi = (x i ; yi ) with x i = di cos� i andyi = di sin � i .

A.2.1. Area of P(z)

Theareaof P(z) is givenby:

AreaP (z) =
1
2

M � 1X

i =0

(x i yi +1 � x i +1 yi ) (A.13)

A.2.2. Perimeter of P(z)

Theareaof P(z) is givenby:

PerimeterP (z) =
M � 1X

i =0

dist(vi ; vi + 1) (A.14)

where:
dist(vi ; vi + 1) =

p
(x i � x i +1 )2 + (yi � yi +1 )2 (A.15)

A.2.3. Mean distance between the centr oid to the shape boundar y

Thecentroidc = (cx ; cy) of P(z) is de�ned as:
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A. Calculationof theSingle-ValuedFeatures

cx =
1

6 � AreaP (z)

M � 1X

i =0

(x i + x i +1 )(x i yi +1 � x i +1 yi ) (A.16)

cy =
1

6 � AreaP (z)

M � 1X

i =0

(yi + yi +1 )(x i yi +1 � x i +1 yi ) (A.17)

Themeandistancebetweenthecentroidto theshapeboundaryof P(z) is calculatedas:

f mean� shape =
1

M

M � 1X

i =0

dist(vi ; c); (A.18)

where:
dist(vi ; c) =

q
(x i � cx )2 + (yi � cy)2 (A.19)

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

Thestandarddeviation of thedistancesbetweenthecentroidto theshapeboundaryof P(z) is
givenby:

f std� shape =
1

M

M � 1X

i =0

dist(vi ; c) � f mean� shape (A.20)

wheref mean� shape is thefeaturede�ned in A.2.3.

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

To calculatetheFouriercoef�cients we transformeachvertex vi 2 R2 of P(z) into a complex
number~vi 2 C in theform:

vi = (x i ; yi ); =) ~vi = x i + yi j; j =
p

� 1 (A.21)

TheFouriercoef�cients f c� n ; : : : ; c� 1; c0; c1; : : : ; cn g of P(z) arethencalculatedas:

c0 =
1

2T

M � 1X

k=0

(~vk + ~vk+1 ) j 4 ~vk j (A.22)

cn =
T

(2� n)2

M � 1X

k=0

(4 sk+1 � 4 sk)e� j � ( 2�
T ) tk (A.23)
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A.2. SetP of simplefeatures

with:

4 ~vi = ~vi +1 � ~vi (A.24)

4 si = 4 ~vi =j4 ~vi j (A.25)

tk =
k� 1X

i =0

j4 ~vi j k > 0; t0 = 0 (A.26)

T = perimeter of P(z) (A.27)

TheFourierdescriptorsf ~x � n ; : : : ; ~x0; : : : ; ~xng, whichareinvariantto similarity, thatis, trans-
lation, rotationandscale,arecalculatedas:

n
~xn := jcn j

jc1 j e
j (� n +(1 � n)� 2 � (2� n)� 1 )

o
(A.28)

� n = phaseof cn (A.29)

A.2.6. Major axis Ma of the ellipse that appr oximates P(z) using the ®rst
two Fourier coef®cients

Having the two Fouriercoef�cients (c� 1; c1) of P(z) (seeA.2.5), we cancalculatethe major
axisof anellipsethatapproximatesthepolygonP(z) as:

Ma = jc1j + jc� 1j (A.30)

A.2.7. Minor axis Mi of the ellipse that appr oximates P(z) using the ®rst
two Fourier coef®cients

Having the two Fouriercoef�cients (c� 1; c1) of P(z) (see A.2.5), we cancalculatetheminor
axisof anellipsethatapproximatesthepolygonP(z) as:

Mi = jjc1j � jc� 1jj (A.31)

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

Thecentralmoments� pq of P(z) up to 3 are:

� 10 =
M � 1X

i =0

M � 1X

j =0

(x i � �x)1(yj � �y)0 (A.32)

� 01 =
M � 1X

i =1

M � 1X

j =1

(x i � �x)0(yj � �y)1 (A.33)
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A. Calculationof theSingle-ValuedFeatures

� 11 =
M � 1X

i =1

M � 1X

j =1

(x i � �x)1(yj � �y)1 (A.34)

� 20 =
M � 1X

i =1

M � 1X

j =1

(x i � �x)2(yj � �y)0 (A.35)

� 02 =
M � 1X

i =1

M � 1X

j =1

(x i � �x)0(yj � �y)2 (A.36)

� 30 =
M � 1X

i =1

M � 1X

j =1

(x i � �x)3(yj � �y)0 (A.37)

� 03 =
M � 1X

i =1

M � 1X

j =1

(x i � �x)0(yj � �y)3 (A.38)

� 12 =
M � 1X

i =1

M � 1X

j =1

(x i � �x)1(yj � �y)2 (A.39)

� 21 =
M � 1X

i =1

M � 1X

j =1

(x i � �x)2(yj � �y)1 (A.40)

with:

�x =
1

M

M � 1X

i =1

x i (A.41)

and:

�y =
1

M

M � 1X

j =1

yj (A.42)

Thenormalizedcentralmoments,denoted� pq of P(z) arede�ned as:

� pq =
� pq

� 

00

(A.43)

where:

 =

p + q
2

+ 1 (A.44)

for p + q = 2; 3; : : :
A setof seven invariantmomentswith respecttranslation,rotationandscalecanbe derived

from thesecondandthird moments:
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A.2. SetP of simplefeatures

� 1 = � 20 + � 02 (A.45)

� 2 = (� 20 � � 02)2 + 4� 2
11 (A.46)

� 3 = (� 30 � 3� 12)2 + (3� 21 � � 03)2 (A.47)

� 4 = (� 30 + � 12)2 + (� 21 + � 03)2 (A.48)

� 5 = (� 30 � 3� 12)( � 30 + � 12)
�
(� 30 + � 12)2 � 3(� 21 + � 03)2�

(A.49)

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

� 6 = (� 20 � � 02)
�
(� 30 + � 12)2 � (� 21 + � 03)2�

(A.50)

+4 � 11(� 30 + � 12)( � 21 + � 03)

� 7 = (3� 21 � � 03)( � 30 � � 12)
�
(� 30 � � 12)2 � 3(� 21 + � 03)2�

(A.51)

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

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

Thenormalizedfeatureof compactnessM cmp of P(z) is calculatedas:

Mcmp =
AreaP (z)

� 20 + � 02
; 0 � Mcmp � 1 (A.52)

where� 20; � 02 arethecentralmomentsof secondordercalculatedin A.2.8.

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

Thenormalizedfeatureof eccentricityMect of P(z) is calculatedas:

Mect =

p
(� 20 + � 02)2 + 4� 2

11

� 20 + � 02
; 0 � Mect � 1 (A.53)

where� 20; � 02; � 11 arethecentralmomentsof secondordercalculatedin A.2.8.
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A. Calculationof theSingle-ValuedFeatures

A.2.11. Form factor of P(z)

Theform factorof theP(z) is givenby:

f f � factor =
4� AreaP (z)p
PerimeterP (z)

(A.54)
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B. Developed Software

To generatethetrainingandtestsetsof examplesusedin theexperimentsof thiswork,aspeci�c
programwasdevelopedthatcommunicateswith theCARMENserverto obtainthemapin which
thesimulationis running.Oncethesoftwareis connectedto CARMEN,its graphicuserinterface
(GUI) permitstheuserto selectpointsin themapwheretherobotmustbesituatedto obtainthe
observationstaken from the laser(FigureB.1). Thereexit two modesto obtain laserbeams
information.In the�rst mode,thesimulatedrobotis situatedin aposein themapandits beams
arerecordedascanbe seenin FigureB.2. The secondmodepermitsa massive selectionof
pointswith their correspondinglabel.This pointsareusedlateron to posetherobotandrecord
thelaserinformation.FigureB.3 shows how canweselectasetof pointswith aspeci�c label.

The softwarealsopermitsthe visualizationof a setof examplesthatwereclassi�ed by any
classi�er usedin this work. The pointsaredrawn usingdifferentcolors for eachlabel (Fig-
ureB.4). Theimagesusedin thiswork wereobtainedusingthissoftware.
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B. DevelopedSoftware

FigureB.1.:Exampleof amapobtainedfrom CARMEN.

FigureB.2.:Positioningof a robot in a maptogetherwith its beams.Blue raysrepresentthe
formerlaserandredonesrepresenttherearlaser.
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FigureB.3.:Selectionof asetof posesthatcorrespondto thecorridor.

FigureB.4.:Visualizationof theclassi�cationof a setof posescorrespondingto the rigth part
of themap.Eachclassis drawn with adifferentcolor.
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[28] RealAcademiaEspãnola(SpanishRoyal Academy).http://www.rae.es/.

[29] J.C.Russ.TheImage ProcessingHandbook. CRCPress,1992.

[30] D. SackandW. Burgard.A comparisonof methodsfor line extractionfrom rangedata.In
Proc.of the5th IFAC Symposiumon IntelligentAutonomousVehicles(IAV), 2004.

[31] R. Schapire.Theboostingapproachto machinelearning:An overview. MSRIWorkshop
on NonlinearEstimationandClassi�cation, 2001.

[32] RobertE. Schapire. The strengthof weak learnability. Machine Learning, 5:197–227,
1990.

[33] C. StachnissandW. Burgard. Mappingandexplorationwith mobile robotsusingcover-
agemaps. In Proc. of the IEEE/RSJInternationalConferenceon Intelligent Robotsand
Systems(IROS), 2003.

[34] Raj Talluri andJ.K. Aggarwal. Positionestimationfor anautonomousmobilerobotin an
outdoorenvironment.IEEETrans.onRoboticsandAutomation, 8(5):573–584,1992.

[35] S.Thrun,C. Martin, Y. Liu, D. Hähnel,R. EmeryMontemerlo,C. Deepayan,andW. Bur-
gard. A real-timeexpectationmaximizationalgorithmfor acquiringmulti-planarmapsof
indoorenvironmentswith mobilerobots.IEEETransactionsonRoboticsandAutomation,
20(3):433–442,2003.

[36] K. Tieu andP. Viola. Boostingimageretrieval. In IEEE Conferenceon ComputerVision
andPatternRecognition, pages228–235,2000.

[37] A. Torralba,K. Murphy, W. Freeman,andM. Rubin. Context-basedvision systemfor
placeandobjectrecognition.In Proc.of theInt. Conf. on ComputerVision (ICCV), 2003.

[38] A. Treptow, A. Masselli,andA. Zell. Real-timeobjecttrackingfor soccer-robotswithout
color information.In Proc.of theEurop.Conf. onMobileRobots(ECMR), 2003.

[39] K. �Capek.R.U.R.(Rossum's Universal Robots). DoverPublications,2001.

[40] L. G. Valiant. A theoryof thelearnable.Commun.ACM, 27(11):1134–1142,1984.

[41] P. Viola andM.J. Jones.Robustreal-timeobjectdetection.In Proc.of IEEEWorkshopon
StatisticalandTheoriesof ComputerVision, 2001.

[42] SB Williams, P Newman, J Rosenblatt,G Dissanayake, and H Durrant-Whyte. Au-
tonomousunderwaternavigationandcontrol. Robotica, 19(5):481–496,2001.

[43] IanH. WittenandEibeFrank.DataMining: PracticalMachineLearningToolsandTech-
niqueswith JavaImplementations. MorganKaufmann,1999.

73


