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Abstract—This paper addressesthe problem of classifying
places in the ervironment of a mobile robot into semantic
categories.We believe that semanticinformation about the type
of place improves the capabilities of a mobile robot in various
domains including localization, path-planning, or human-robot
interaction. Our approach usesAdaBoost, a supervised learning
algorithm, to train a set of classiers for place recognition
based on laser range data. In this paper we describe how
this approach can be applied to distinguish between rooms,
corridors, doorways,and hallways. Experimental resultsobtained
in simulation and with real robots demonstratethe e ectiveness
of our approachin various environments.

I. Intr oduction

In the past,mary researcherbave consideredhe problem
of building accuratemetric or topologicalmapsof the environ-
mentfrom the datagatheredvith a mobilerobot. The question
of how to augmentsuchmapsby semantidnformation, how-
ever, is virtually unexplored. Whenever robots are designed
to interactwith their userssemanticinformation aboutplaces
canbeimportant.For alot of applicationsyobotscanimprove
their serviceif they areableto recognizeplacesanddistinguish
them. A robot that possessesemanticinformation aboutthe
type of the placescan easily be instructed,for example, to
“open the door to the corridor, pleas€.

In this work we addressthe problem of classifying lo-
cations of the ervironment using range nder data. Indoor
ervironments like the one depictedin Figure 1 cantypically
be decomposednto areaswith di erentfunctionalitiessuch
aso cerooms,corridors,hallways, or doorways. Generally
eachof theseplaceshasa di erentstructure.For example,
the boundingbox of a corridor is usually longer than that of
roomsandhallways. Furthermoreroomsaretypically smaller
than hallways and also are more clutteredthan corridors or
hallways.

The key idea of this paperis to classify the position of
the robot basedon the currentscanobtainedfrom the range
sensor Examplesfor typical rangescansobtainedin ano ce
ervironmentare shovn in Figure 2. Our approachusesthe
AdaBoost algorithm [5] to boost simple geometricalscan-
features,which on their own are insu cient for a reliable
catgyorizationof placesto a strongclassi er. Eachindividual
featureis a numericalvalue computedfrom the beamsof a
laserrangescanaswell asfrom apolygonrepresentatioof the
coveredarea.SinceAdaBoostprovidesonly binary decisions,
we determineghe decisionlist with the bestsequencef binary
classi ers. Experimentalresultsshavn in this paperillustrate
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Fig. 1. Exampleenvironmentcontainingrooms,doornays anda corridor

Fig. 2. Examplescansrecordedin a room, a doorway, anda corridor

that the resultingclassi cation systemcan determinethe type

of the place with a recognitionrate of more than 89%. We

alsopresentresultsillustrating that the resultingclassi er can

even be usedin ervironmentsfrom which no training data
were available. We also comparedour sequentialAdaBoost
classi er with an extensionof AdaBoostto multiple classes.
Experimentsillustrate that the sequentialversion provides
betterresultsthanthe multi-classAdaBoost.

In thepast,severalauthorsconsideredhe problemof adding
semanticinformationto places.Buschkaand Sa otti [4] de-
scribeavirtual sensothatis ableto identify roomsfrom range
data. Also Koenig and Simmons|[8] use a pre-programmed
routine to detect doorways from range data. Althaus and
Christenserfl] useline featuresto detectcorridorsand door
ways. Someauthorsalsoapply learningtechniquego localize
the robot or to identify distinctive statesin the ervironment.
For example, Oore et al. [13] train a neural network to
estimatethe location of a mobile robot in its ervironment
using the odometryinformation and ultrasounddata. Kuipers
and Beeson[9] apply di erentlearning algorithmsto learn
topologicalmapsof the ervironment.

Additionally, learningalgorithmshave beenusedto identify
objects.For example, Anguelos and colleagued2, 3] apply
the EM algorithm to clusterdi erenttypes of objectsfrom
sequencef range data. Treptov et al. [18] use the Ad-
aBoostalgorithm to track a ball without color information
in the context of RoboCup.In a recentwork, Torralba and
colleague$17] useHiddenMarkov Modelsfor learningplaces



from imagedata.

Comparedto these approachespur algorithm does not
requireary pre-de nedroutinesfor extracting high-level fea-
tures.Instead,it usesthe AdaBoostalgorithmto boostsimple
featuresto strong classi ers for place cateyorization. Our
approachs alsosupervisedwhich hasthe advantagethat the
resultingsemantidabelscorrespondo userde ned classes.

This paperis organizedas follows. In the next section
we describethe AdaBoostalgorithm as well asits extension
to multiple classesand our sequentialmulti-classvariant. In
SectionlV we thenintroduceour featuresextractedfrom laser
range scans.Finally, in SectionV we presentexperimental
resultsobtainedwith our approach.

II. TheAdaBoost Algorithm

The original AdaBoostalgorithm, which has been intro-
duced by Freundand Shapire[5], is a supervisedlearning
algorithmdesignedo nd abinaryclassi er thatdiscriminates
between positive and negative examples The input to the
learning algorithm s a set of training examples(Xq; yn); n =

value indicating whether x, is a positve or negative ex-
ample. AdaBoostbooststhe classi cation performanceof a
simple learningalgorithm by combininga collection of weak
classi ers to a stronger classi er. Each weak classi er is
given as a function hj(x) which returns a boolean value.
The output is 1, if x is classied as a positve example
and 0 otherwise. Whereasthe weak classi ers only need
to be slightly betterthan a randomguessing,the combined
strong classi er typically producesgood results. To boosta
weak classi er, it is appliedto solve a sequenceof learning
problems.After eachround of learning,the examplesarere-
weightedin order to increasethe importanceof thosewhich
were incorrectly classi ed by the previous weak classi er.
The nal strong classi er takes the form of a perceptron,
a weighted combinationof weak classi ers followed by a
threshold.Large weights are assignedto good classi cation
functionswhereaspoor functionshave small weights.

Throughouthis work we apply the variantof the AdaBoost
algorithm presentedy Viola andJoneg[19]. This variantre-
strictsthe weakclassi ersto dependon single-\aluedfeatures
f; only. Eachweakclassi er hasthe form

( )
- L pfi() < py
hi(x) = 0 otherwise

(1)

where ; is a thresholdand p; is either 1 or 1 and thus
representingthe direction of the inequality The algorithm
determinesfor eachweak classi er hj(x) the optimal values
for ; and pj, suchthat the numberof misclassi edtraining
examplesis minimized. To achieve this, it considersall possi-
ble combinationsof both p; and ;, whosenumberis limited
sinceonly an nite numberof training examplesis given:
oW
argmin
(isp)

jhi(X) i )

n=1

(pj; ) =

The resultingalgorithmis givenin Tablel.

TABLE |
TheAdaBoost algorithm accordingto Viola andJoneg19]

Input: setof examples(xa;y1);:::; (XN;YN)-
Let m be the numberof negatives examplesand | be the number of
positve examples.Initialize weightswy;n = %1 % dependingon the
value of yp.
Fort=1;:::;;T: p

1) Normalizethe weightswi,, sothat N, wen = 1.

2) For eachfeaturefj, train a weakclassi er h;j.

3) Theerror j of a classier h; is determinedwith respectto the

M\l
i= Wt:n hj(Xn) Yn !
n
4) Choosethe classi er hj with the lowesterror j andset(hy; ¢) =
(his 4)-
Updatethe weightSWi+1:n = Wi tl & where ; = T andey =
0, if examplex, is classi ed correctlyby h; and1, otherwise.

The nal strongclassi er is given by:

( P
hog= L 0f Lilogih(x) 3
0 otherwise

5)
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I1l. Multi -classAdaBoost

The standardAdaBoostalgorithm has been designedfor
binary classi cation problems.To classify placesin the en-
vironment, however, we needthe ability to handle multiple
classeslin this sectionwe thereforedescribetwo extensions
of AdaBoostfor multi-classproblems.We rst describethe
AdaBoost.M2algorithm,which hasbeenpresentedy Freund
and Shapire[5]. Thenwe will describeour approachwhich
usesan optimizedsequencef binary classi ers.

A. AdaBoost.M2

Freund and Shapire describea variant of the AdaBoost
algorithm, which is called AdaBoost.M2and which is able
to deal with multiple classes.In AdaBoost.M2 the weak
classi ers have an additionalargumenty which representshe
classof the examplex.

The key ideaof AdaBoost.M2is to reducethe weak multi-
class hypotheseso binary ones and than apply a slightly
modi ed variantof the binary AdaBoostalgorithm.To achiere
this, eachweak classi er h(x;y) is decomposednto K weak
binary classi ers accordingto

h(x;y) = hjx(¥)

with y=Kk 3)

accordingto Equation (2) by taking as positive examples
thosefor which y = k and as negative all others.A detailed
descriptionof this algorithm canbe foundin [5, 12].

B. SequentialAdaBoost

An alternatve way to constructa multi-classclassi er is
to arrangeseveral binary classi ers to a decisionlist. Each
elementof suchal list is onebinary classi er which determines
if an example belongsto one speci ¢ class.If the classi er
returnsapositive result,theexampleis assumedo becorrectly
classi ed. Otherwise it is recursvely passedto the next
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Fig. 3. A decisionlist classi er for k classeausingbinary classi ers.

elementin this list. Figure 3 illustratesthe structureof sucha
decisionlist classi er.

One important questionin the contet of a sequential
classi er is the orderin which the individual binary classi ers
are arranged.This order can have a major in uence on the
overall classi cationperformancebecauséheindividual clas-
si ers typically are not errorfree and classify with di erent
accuracies.

Sincethe rst elementof sucha sequentialclassi er pro-
cesseganore datathan subsequentlementsit is typically a
good stratgy to order the classi ers accordingto their esti-
matederrorrate.ln generalthe problemof nding theoptimal
order of binary classi ers that minimizes the classi cation
error is NP-hard.In our application, however, we typically
areconfrontedwith a small numberof classenly sothatwe
can easily enumerateall potential permutationgo determine
the optimal sequence.

IV. Fedures fr omLaserRangeScansFor Place
Classificdion

In the previous sectionwe describedthe key principles of
the AdaBoostalgorithmfor boostingsimplefeaturesto strong
classi ers. It remainsto describethe featuresof the range
scansusedin our currentsystem.We assumethat the robot
is equippedwith a 36(° eld of view range sensor Each
obsenationz = fhy; ::;;by 1gcontainsa setof beamsh;. Each
beamb; consistof atuple( i;d;) where ; is theangleof the
beamrelative to the robotandd; is the length of the beam.

Eachtraining examplefor the AdaBoostalgorithm consists
of one obsenation z andits classi cationy. Thus, the set of
training examplesis given as

E = f(z;v)jy 2Y =fRoomCorridor,:::gg (4)
whereY is the setof classesThroughouthis papermwe assume
that the classi cation of the training examplesis given in
adwance.In practicethis canbe achieved by manuallylabeling
placesin the map or by instructing the robot while it is
exploring its ervironment. The goal is to learn a classi er
that is able to generalizefrom thesetraining examplesand
that canlater on reliably classify so far unseerplacesin this
ervironmentor even otherervironments.

As alreadymentionedpur methodfor placeclassi cationis
basedon simplegeometricafeaturesextractedfrom the range
scans.We call them simple becausethey are single-\alued
features All our featuresare rotationalinvariantto make the
classi cation of a posedependenbnly on the (x;y)-position
of therobotandnot of its orientation.Most of our featuresare
standardgeometricafeaturesoften usedin shapeanalysis[6,
7,10, 14, 15

Fig. 4. Polygonalrepresentationsf the scansshavn in Figure 2.

TABLE I
Set B of simplefeaures of the raw beam#n z

1) Theaveragedi erencebetweenthe lengthof consecutie beams.

2) Thestandarddeviation of thedi erencebetweerthe lengthof consecH
utive beams.

3) Sameas 1), but consideringdi erentmax-rangevalues.

4) The averagebeamlength.

5) The standarddeviation of the length of the beams.

6) Numberof gapsin the scan.Two consecutie beamsbuild a gap if
theirdi erenceis greaterthana giventhreshold Di erentfeaturesare
usedfor di erentthresholdvalues.

7) Number of beamslying on lines that are extracted from the range|
scan[16].

8) Euclideandistancebetweenthe two points correspondingo the two
smallestlocal minima.

9) The angulardistancebetweenthe beamscorrespondingo the local
minimain feature8).

We de ne afeaturef asa function that takes as agument
oneobsenationandreturnsarealvalue: f : Z! ' , whereZ
is the setof all possibleobsenations.

Two setsof simple featuresare calculatedfor eachobser
vation. The rst setB is calculatedusingthe raw beamsin z
The secondset P of featuresis calculatedfrom a polygonal
approximationP(z) of the areacoveredby z The verticesof
the closedpolygon P(2) correspondo the coordinateof the
end-pointsof eachbeamb; of z relative to the robot.

P@ = 19 (9

Thepolygonalrepresentationsf thelaserrangescangdepicted
in Figure 2 are shovn in Figure 4. Tables Il and Ill list
the individual featuresusedby our systemto learn a strong
classi er for placerecognition.
TABLE 11l
Set P of simplefeaures of P(z)

1) Areaof P(2).

2) Perimeterof P(2).

3) Areaof P(2) divided by Perimeterof P(2).

4) Meandistancebetweenthe centroidto the shapeboundary

5) Standarddeviation of the distancesbetweenthe centroidto the shape
boundary

6) 200similarity invariantdescriptorsdasedn the Fouriertransformation

7) Major axis Ma of the ellipsethatapproximate$>(z) usingthe rst two
Fourier coe cients.

8) Minor axis Mi of the ellipse that approximateP(z) usingthe rst two
Fourier coe cients.

9) Ma=Mi.

Seven invariantscalculatedfrom the centralmomentsof P(2).

Normalizedfeatureof compactnessf P(z).

Normalizedfeatureof eccentricityof P(2).

13) Form factor of P(2).
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Fig. 5. The top image shav the training datausedto train the classi ers
andthe lower imageshaw the classi ed testdataof our sequentialAdaBoost
algorithm.

V. Experiments

The approachdescribedabore has beenimplementedand
testedon a real robot as well as in simulation using the
Carngyie Mellon Robot Navigation Toolkit (CARMEN) [11].
The robot usedto carry out the experimentswasan ActivMe-
dia Pioneer2-DX8 equippedvith two SICK laserrange nders
(seeleft imageof Figure 7). The goal of the experimentss to
demonstratéhatour simplefeaturescanbeboostedo arobust
classi er of places.Additionally we analyzewhetherthe re-
sultingclassi er canbeusedto classifyplacesin ervironments
for which no training datawere available. We rst describe
the resultsobtainedwith the sequentialversionof AdaBoost.
In the next experimentwe analyzehow well a mobile robot
can utilize the resulting classi er. Additionally, we present
an experimentillustrating that a classi er can be appliedto
robustly classify placesin a completely newv ervironment.
Finally, we presentesultscomparingour sequentiaAdaBoost
with AdaBoost.M2.

One important parameterof the AdaBoostas well as the
AdaBoost.M2algorithm is the numberof weak classi ers T
usedto form the nal strongclassi er. All in all we formulated
302 simple features,eachof them with one free parameter
whichis determinedn thelearningphaseaccordingo Eq. (2).
AdaBoosteven usesfeaturesmultiple timeswith di erentpa-
rametersThus,muchmorethanthese302 simplefeaturesare
available to form the strongclassi er. We performedseveral
experimentswith di erent numbersof weak classi ers and
analyzedthe classi cationerror. Throughoutour experiments,
we found that 100 weak classi ers provide the besttrade-o
betweenthe error rate of the classi er andthe computational
costof the algorithm. Thereforewe usedthis valuein all the
experimentspresentedn this paper

A. Resultswith SequentialAdaBoost

The rst experimentwas performedusing data from our
o ceervironmentin building 79 atthe University of Freiturg.
This ervironment contains three di erent types of places,
namely rooms, doorways, and a corridor. In this experiment
we usedthe sequentialclassi er shavn in Figure 3. For the

TABLE IV
Perceniageof correctl y classifiedexamplesor the 6 configurations of a
seaiential muli -classclassifier.

Classi er Sequence| CorrectClassi cations%
room-doorvay 93.94
room-corridor 93.31
corridorroom 93.16

doorway-corridor 80.68
doornay-room 80.49
corridordoorway 80.10

doormay

I COrridor SN room hallway

Fig. 6. Theleft imageshav thetraining datausedto train the classi ersand
theright imagethe classi cationresultsof our sequentiaAdaBoostclassi er.

sale of clarity we give a result obtainedby separatingthe
ervironmentinto two parts. The left half of the environment
containsthe training examples(seeFigure 5, top image),and
the right half of the ervironment was then used as a test
set. Note that we obtainedsimilar succesgatesas described
below in further experimentswith alternatve training and
testsets.Accordingto Table IV the optimal decisionlist for
this classi cation problem is room-doorvay. This decision
list correctly classies 93.94% of all test examples. The
classi cation resultsare also depictedas coloredgrey-shaded
areasin the lowerimageof Figure5. This illustrates,that our
approachs well-suitedto classifyplacesaccordingto a single
laserrangescan.

Table IV alsocontainsthe classi cationresultsof the other

ve potential sequentiaklassi ers. As can be seenfrom this

tablestheworstcon gurationsarethosein whichthe doorway
classier is in the rst place. Also the corridordoorway
classi er doesnot perform well. The bestcon gurationsare
corridorroom, room-doorvay, and room-corridor

Additionally, we performedan experiment using a map
containing four di erent classes,namely rooms, corridors,
doorways, and hallways. The training set and the resulting
classi cationsareshavn in Figure6. The optimaldecisionlist
is corridorhallway-doorvay with a successate of 89.52%.



TABLE V

Err or inthe training data for the individwal birary classifierslearned fr om

the mapdepictedn Figure 6.

Binary Classi er | Training error %
corridor 0.7
hallway 0.7

room 14
doormay 15
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Fig. 7. Classi cation resultsare obtainedwith a mobile robot, shavn in
the left image,moving throughour o ce ervironment.Colorggrey levels in
the right imageindicatethe classi cation of the correspondingplaceson the
trajectory

corridor

Table V containsthe error ratesof the individual binary
classi ers on the training data. The errorratesdi er between
7% and1:5%. Thebinarydoorway-classi eryieldsthe highest
error. We believe that this due to several reasons.First, a
doorway typically is a very small region so that only a few
training examplesare available. Furthermoreijf arobotstands
in a doorway the scan typically covers nearby rooms or
corridorswhich make it hardto distinguishthe doorway from
suchplaces.

B. Place Reca@nition with a Moving Robot

In this experimentwe usethe bestclassi er for our o ce
building (see Table IV) to classify the current pose of a
mobile robot. We installed our Pioneer2-DX8robot in our
o0 ce huilding and steeredit through the corridor, di erent
rooms, and several doorways. While the robot was moving
we loggedits trajectoryandthe classi cationsobtainedfor the
di erentrangescansTheresultis depictedn Figure7. Again,
the di erentcolordgrey levels of the points on the trajectory
indicate the classi cation of the correspondingscan.As can
be seen,the robot reliably identi es the type of the place.
Only a few placesshov wrong classi cations.Thesefailures
are mostly causedby clutter in the ervironmentwhich make
the sequentiatoom-doorvay classi er believe thatthe current
placeis a doorway.

C. Transferringthe Classi ers to New Environments

The next experimentis designedto analyze whether a
classi er learnedin a particular ervironmentcan be usedto
successfullylassifythe placesof anew ernvironment.To carry
out this experimentwe trainedour sequentiaAdaBooston the
mapshawvn in Figurel. In this ernvironmentour approachwas
able to correctly classify 92.1% of all places.The resulting
classi er was then evaluatedon scanssimulated given the
map of the Intel Research_ab in Seattle.For thesescansthe
classi cation rate decreasedo 82.23% (seeFigure 8). This
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Fig. 8. Classi cation results obtainedby applying the classi er learned
for the environment depictedin Figure 1 to the map of the Intel Research
Lab in Seattle. The fact that 82.23% of all places could be correctly
classi ed illustratesthatresultingclassi erscanbe appliedto sofar unknavn

ervironments.

TABLE VI
Classification results for different indoor mapsnddifferent classifiers.

Map depictedin | SequentialClassi er % | AdaBoost.M2%
Figure1 92.10 91.83
Figure5 93.94 83.89
Figure 6 89.52 82.33

indicateshatour Algorithm yieldsgoodgeneralizationsvhich
canalsobe appliedto correctlylabel placesof sofar unknown
ervironments.Note that a successrate of 82.23% is quite
high for this ervironment,sinceeven humanstypically do not
consistentlycorrectly classify the placesin this environment.

D. Comparisorof the SequentiaRdaBoostvith AdaBoost.M2

Our current systemdescribedabove usesa sequenceof
strong binary classi ers arrangedin a decisionlist. In this
experimentwe comparethis approachto AdaBoost.M2 which
is a multi-classvariantof AdaBoost.

In all experimentsour sequentiatlassi ersperformecbetter
than AdaBoost.M2.To seethe di erence,Figures9 and 10
shav typical results obtainedwith our sequentialapproach
(left image)and AdaBoost.M2(right image). Table VI shavs
a quantitatve analysisof the classi cation performancefor
threedi erentervironments.As can be seen,our sequential
AdaBoostclassi er yieldsbetterresultsthanthe AdaBoost.M2
algorithm.

Note that we also considereddrganizingthe binary classi-
ers in adecisiontreeratherthanrestrictingthemto adecision
list. In variousexperimentshowever, we found that the tree-
structure does not yield improvementsover the sequential
decisionlists, at leastin the domaingiven here.

E. ImportantWeak Featues

We furthermoreanalyzedthe importanceof the individual
weak featuresin the nal strongclassi er. Table VIl lists the
seven bestfeaturesfor eachbinary classi er with the leftmost
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Fig.9. Theleftimageshawv theclassi edtestdataof our sequentiaAdaBoost
algorithm in building 79. The right image depictsthe result obtainedwith

AdaBoost.M2.As can be seen,the error of AdaBoost.M2is much higher
comparedo our approach.

corridor room doorwnay hallway

Fig. 10. Classi cation resultsof our sequentialAdaBoostalgorithm (left
image) and AdaBoost.M2 (right image). Again the sequentialapproach
outperformsAdaBoost.M2.

featurethe mostimportant.In thistableanentry B.i represents
thei-th featurefor raw beamsn z (Tablell), whereasan entry
Pj representshe j-th featureof the polygon P(2) (Tablelll).
Note that often identical featuresoccur Thesefeaturesdi er
in their thresholdvaluesand their weight, which is assigned
by AdaBoost.As the table shaws, several featureslike the
averagedi erencebetweenconsecutie beams(feature B.1)
appearso bequiteimportant.Furthermorethe numberof gaps
(featureB.6), which representfiow clutteredthe ervironment
is, appearguite often.WhereadeatureP.1, which corresponds
to the areaof the polygon,is mostimportantfor the detection
of hallways, the feature B.8, which measuresthe distance
betweenthe smallestiocal minima in the rangescan,hasthe
highestweightin the classi er for doorways.

VI. Conclusion

In this paperwe presenteda novel approachto classify
di erent placesin the ervironment into semanticclasses,
like rooms,hallways, corridors,and doorways. Our technique
usessimple geometricfeaturesextractedfrom a single laser
range scansand applies the AdaBoost algorithm to form
a strong classi er. To distinguish betweenmore than two

TABLE VII
Thebestfive fedure for each birary classifier.

binary classi er seven bestfeatures

corridor B.6,B.1,P7,P6,P6,B.1,B.1
room P2,B.1,P4,P6,P7,B.6,P5
doornay B.8,B.1,B.9,B.4,B.2, P6,B.1,

hallway P1,B.1,B.8,P1,P12,P6,B.1

classeswe use a sequenceof binary classi ers arrangedin
a decisionlist. Experimentscarried out on a real robot as
well as in simulation illustrate that our techniqueis well-
suitedto classifyplacesn di erentervironmentsevenwithout
training the classi er for eachervironment. Furthermorewe
comparedour sequentialAdaBoostto AdaBoost.M2,a multi-
classvariant of the AdaBoostalgorithm. In our experiments
the sequentiaklassi er always outperformedAdaBoost.M2.
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