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Abstract— This paper addressesthe problem of classifying
places in the envir onment of a mobile robot into semantic
categories.We believe that semantic information about the type
of place impr oves 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 classi�ers 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 demonstrate the e� ectiveness
of our approach in various envir onments.

I. Intr oduction

In the past,many researchershave consideredthe problem
of building accuratemetricor topologicalmapsof theenviron-
mentfrom thedatagatheredwith a mobilerobot.Thequestion
of how to augmentsuchmapsby semanticinformation,how-
ever, is virtually unexplored. Whenever robots are designed
to interactwith their userssemanticinformationaboutplaces
canbeimportant.For a lot of applications,robotscanimprove
theirserviceif they areableto recognizeplacesanddistinguish
them.A robot that possessessemanticinformation aboutthe
type of the placescan easily be instructed,for example, to
“open the door to the corridor, please.”

In this work we addressthe problem of classifying lo-
cations of the environment using range �nder data. Indoor
environments,like the onedepictedin Figure1 can typically
be decomposedinto areaswith di� erent functionalitiessuch
as o� ce rooms,corridors,hallways,or doorways.Generally,
eachof theseplaceshas a di� erent structure.For example,
the boundingbox of a corridor is usually longer than that of
roomsandhallways.Furthermore,roomsaretypically smaller
than hallways and also are more clutteredthan corridors or
hallways.

The key idea of this paper is to classify the position of
the robot basedon the currentscanobtainedfrom the range
sensor. Examplesfor typical rangescansobtainedin an o� ce
environment are shown in Figure 2. Our approachusesthe
AdaBoost algorithm [5] to boost simple geometricalscan-
features,which on their own are insu� cient for a reliable
categorizationof places,to a strongclassi�er. Eachindividual
featureis a numericalvalue computedfrom the beamsof a
laserrangescanaswell asfrom apolygonrepresentationof the
coveredarea.SinceAdaBoostprovidesonly binary decisions,
we determinethedecisionlist with thebestsequenceof binary
classi�ers.Experimentalresultsshown in this paperillustrate
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Fig. 1. Exampleenvironmentcontainingrooms,doorways anda corridor.

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

that the resultingclassi�cationsystemcandeterminethe type
of the place with a recognitionrate of more than 89%. We
alsopresentresultsillustrating that the resultingclassi�er can
even be used in environmentsfrom which no training data
were available. We also comparedour sequentialAdaBoost
classi�er with an extensionof AdaBoostto multiple classes.
Experimentsillustrate that the sequentialversion provides
betterresultsthan the multi-classAdaBoost.

In thepast,severalauthorsconsideredtheproblemof adding
semanticinformation to places.BuschkaandSa� otti [4] de-
scribea virtual sensorthatis ableto identify roomsfrom range
data.Also Koenig and Simmons[8] use a pre-programmed
routine to detect doorways from range data. Althaus and
Christensen[1] useline featuresto detectcorridorsanddoor-
ways.Someauthorsalsoapply learningtechniquesto localize
the robot or to identify distinctive statesin the environment.
For example, Oore et al. [13] train a neural network to
estimatethe location of a mobile robot in its environment
using the odometryinformationandultrasounddata.Kuipers
and Beeson[9] apply di� erent learning algorithms to learn
topologicalmapsof the environment.

Additionally, learningalgorithmshave beenusedto identify
objects.For example,Anguelov and colleagues[2, 3] apply
the EM algorithm to cluster di� erent types of objects from
sequencesof range data. Treptow et al. [18] use the Ad-
aBoost algorithm to track a ball without color information
in the context of RoboCup.In a recentwork, Torralba and
colleagues[17] useHiddenMarkov Modelsfor learningplaces



from imagedata.
Comparedto these approaches,our algorithm does not

requireany pre-de�nedroutinesfor extractinghigh-level fea-
tures.Instead,it usesthe AdaBoostalgorithmto boostsimple
features to strong classi�ers for place categorization. Our
approachis alsosupervised,which hasthe advantagethat the
resultingsemanticlabelscorrespondto user-de�ned classes.

This paper is organizedas follows. In the next section
we describethe AdaBoostalgorithm as well as its extension
to multiple classesand our sequentialmulti-classvariant. In
SectionIV we thenintroduceour featuresextractedfrom laser
rangescans.Finally, in SectionV we presentexperimental
resultsobtainedwith our approach.

II. TheAdaBoost Algorithm

The original AdaBoost algorithm, which has been intro-
duced by Freund and Shapire[5], is a supervisedlearning
algorithmdesignedto �nd a binaryclassi�er thatdiscriminates
betweenpositive and negative examples. The input to the
learningalgorithm is a set of training examples(xn; yn); n =
1; : : : ; N, where each xn is an example and yn is a boolean
value indicating whether xn is a positive or negative ex-
ample. AdaBoostbooststhe classi�cation performanceof a
simple learningalgorithmby combininga collectionof weak
classi�ers to a stronger classi�er. Each weak classi�er is
given as a function h j(x) which returns a boolean value.
The output is 1, if x is classi�ed as a positive example
and 0 otherwise. Whereasthe weak classi�ers only need
to be slightly better than a randomguessing,the combined
strong classi�er typically producesgood results.To boost a
weak classi�er, it is applied to solve a sequenceof learning
problems.After eachroundof learning,the examplesare re-
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.

Throughoutthis work we apply thevariantof theAdaBoost
algorithmpresentedby Viola andJones[19]. This variant re-
strictstheweakclassi�ersto dependon single-valuedfeatures
f j only. Eachweakclassi�er hasthe form

h j(x) =
(

1 if p j f j(x) < p j � j

0 otherwise:
(1)

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

(p j ; � j) = argmin
(� i ;pi)

NX

n=1

jhi(xn) � ynj (2)

The resultingalgorithmis given in Table I.

TABLE I

TheAdaBoost algorithm accordingt o Viola andJones[19]

� Input: setof examples(x1; y1); : : : ; (xN ; yN).
� Let m be the numberof negatives examplesand l be the numberof

positive examples.Initialize weights w1;n = 1
2m, 1

2l dependingon the
valueof yn.

� For t = 1; : : : ; T:
1) Normalizethe weightswt;n so that

P N
n=1 wt;n = 1.

2) For eachfeature f j , train a weakclassi�er h j .
3) The error � j of a classi�er h j is determinedwith respectto the

weightswt;1; : : : ; wt;N:

� j =
NX

n

wt;n
���hj (xn) � yn

��� :

4) Choosethe classi�er h j with the lowesterror � j andset(ht; � t) =
(hj ; � j ).

5) Updatethe weightswt+1;n = wt;n� 1� en
t , where� t = � t

1� � t
anden =

0, if examplexn is classi�ed correctlyby ht and1, otherwise.
� The �nal strongclassi�er is given by:

h(x) =
(

1 if
P T

t=1 log 1
� t

ht(x) � 1
2

P T
t=1 log 1

� t
0 otherwise:

III. Multi -classAdaBoost

The standardAdaBoost algorithm has been designedfor
binary classi�cation problems.To classify placesin the en-
vironment, however, we needthe ability to handlemultiple
classes.In this sectionwe thereforedescribetwo extensions
of AdaBoostfor multi-classproblems.We �rst describethe
AdaBoost.M2algorithm,which hasbeenpresentedby Freund
and Shapire[5]. Then we will describeour approach,which
usesan optimizedsequenceof 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�ershave an additionalargumenty which representsthe
classof the examplex.

The key ideaof AdaBoost.M2is to reducethe weakmulti-
class hypothesesto binary ones and than apply a slightly
modi�ed variantof thebinaryAdaBoostalgorithm.To achieve
this, eachweak classi�er h(x; y) is decomposedinto K weak
binary classi�ers accordingto

h(x; y) = h j;k(x) with y = k (3)

for k = 1; : : : ; K. Eachweakbinary classi�er h j;k(x) is learned
according to Equation (2) by taking as positive examples
thosefor which y = k and as negative all others.A detailed
descriptionof this algorithmcanbe found in [5, 12].

B. SequentialAdaBoost

An alternative way to constructa multi-classclassi�er is
to arrangeseveral binary classi�ers to a decision list. Each
elementof sucha list is onebinaryclassi�er which determines
if an examplebelongsto one speci�c class.If the classi�er
returnsapositiveresult,theexampleis assumedto becorrectly
classi�ed. Otherwise it is recursively passedto the next
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Fig. 3. A decisionlist classi�er for k classesusingbinary classi�ers.

elementin this list. Figure3 illustratesthe structureof sucha
decisionlist classi�er.

One important question in the context of a sequential
classi�er is theorderin which the individual binaryclassi�ers
are arranged.This order can have a major in�uence on the
overall classi�cationperformance,becausetheindividual clas-
si�ers typically are not error-free and classify with di� erent
accuracies.

Since the �rst elementof sucha sequentialclassi�er pro-
cessesmore data than subsequentelements,it is typically a
good strategy to order the classi�ers accordingto their esti-
matederrorrate.In general,theproblemof �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 classesonly so thatwe
can easily enumerateall potentialpermutationsto determine
the optimal sequence.

IV. Features fr omLaserRangeScansFor Place
Classification

In the previous sectionwe describedthe key principlesof
theAdaBoostalgorithmfor boostingsimplefeaturesto strong
classi�ers. It remainsto describethe featuresof the range
scansusedin our current system.We assumethat the robot
is equippedwith a 360o �eld of view range sensor. Each
observationz = fb0; :::;bM� 1gcontainsa setof beamsbi . Each
beambi consistsof a tuple(� i ; di) where� i is theangleof the
beamrelative to the robot anddi is the lengthof the beam.

Eachtraining examplefor the AdaBoostalgorithmconsists
of one observation z and its classi�cation y. Thus, the set of
training examplesis given as

E = f(zi ; yi) j yi 2 Y = fRoom; Corridor; : : :gg (4)

whereY is thesetof classes.Throughoutthis paperwe assume
that the classi�cation of the training examples is given in
advance.In practicethis canbeachievedby manuallylabeling
places in the map or by instructing the robot while it is
exploring its environment. The goal is to learn a classi�er
that is able to generalizefrom thesetraining examplesand
that can later on reliably classifyso far unseenplacesin this
environmentor even otherenvironments.

As alreadymentioned,our methodfor placeclassi�cationis
basedon simplegeometricalfeaturesextractedfrom therange
scans.We call them simple becausethey are single-valued
features.All our featuresare rotationalinvariant to make the
classi�cation of a posedependentonly on the (x; y)-position
of therobotandnot of its orientation.Most of our featuresare
standardgeometricalfeaturesoften usedin shapeanalysis[6,
7, 10, 14, 15].

Fig. 4. Polygonalrepresentationsof the scansshown in Figure2.

TABLE II

Set B of simplefeatures of the raw beamsin z

1) The averagedi� erencebetweenthe lengthof consecutive beams.
2) The standarddeviation of the di� erencebetweenthe lengthof consec-

utive beams.
3) Sameas1), but consideringdi� erentmax-rangevalues.
4) The averagebeamlength.
5) The standarddeviation of the lengthof the beams.
6) Number of gapsin the scan.Two consecutive beamsbuild a gap if

their di� erenceis greaterthana given threshold.Di� erentfeaturesare
usedfor di� erentthresholdvalues.

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

8) Euclideandistancebetweenthe two points correspondingto the two
smallestlocal minima.

9) The angulardistancebetweenthe beamscorrespondingto the local
minima in feature8).

We de�ne a feature f asa function that takesasargument
oneobservationandreturnsa real value: f : Z ! ’ , whereZ
is the setof all possibleobservations.

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(z) correspondto the coordinatesof the
end-pointsof eachbeambi of z relative to the robot.

P(z) = f(di cos� i ; di sin� i) j i = 0; : : : ; M � 1g (5)

Thepolygonalrepresentationsof thelaserrangescansdepicted
in Figure 2 are shown in Figure 4. Tables II and III list
the individual featuresusedby our systemto learn a strong
classi�er for placerecognition.

TABLE III

Set Pof simplefeatures of P(z)

1) Area of P(z).
2) Perimeterof P(z).
3) Area of P(z) divided by Perimeterof P(z).
4) Meandistancebetweenthe centroidto the shapeboundary.
5) Standarddeviation of the distancesbetweenthe centroidto the shape

boundary.
6) 200similarity invariantdescriptorsbasedin theFourier transformation.
7) Major axis Ma of theellipsethatapproximatesP(z) usingthe�rst two

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

Fourier coe� cients.
9) Ma=Mi.

10) Seven invariantscalculatedfrom the centralmomentsof P(z).
11) Normalizedfeatureof compactnessof P(z).
12) Normalizedfeatureof eccentricityof P(z).
13) Form factorof P(z).
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Fig. 5. The top imageshow the training datausedto train the classi�ers
andthe lower imageshow the classi�ed testdataof our sequentialAdaBoost
algorithm.

V. Experiments

The approachdescribedabove hasbeenimplementedand
tested on a real robot as well as in simulation using the
Carnegie Mellon RobotNavigation Toolkit (CARMEN) [11].
The robot usedto carryout theexperimentswasan ActivMe-
diaPioneer2-DX8 equippedwith two SICK laserrange�nders
(seeleft imageof Figure7). The goalof theexperimentsis to
demonstratethatour simplefeaturescanbeboostedto a robust
classi�er of places.Additionally we analyzewhetherthe re-
sultingclassi�er canbeusedto classifyplacesin environments
for which no training data were 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 experiment illustrating that a classi�er can be applied to
robustly classify places in a completely new environment.
Finally, we presentresultscomparingour sequentialAdaBoost
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,
which is determinedin thelearningphaseaccordingto Eq.(2).
AdaBoostevenusesfeaturesmultiple timeswith di� erentpa-
rameters.Thus,muchmorethanthese302simplefeaturesare
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 rateof the classi�er and the computational
costof the algorithm.Thereforewe usedthis value in all the
experimentspresentedin this paper.

A. Resultswith SequentialAdaBoost

The �rst experimentwas performedusing data from our
o� ceenvironmentin building 79at theUniversityof Freiburg.
This environment contains three di� erent types of places,
namely rooms,doorways,and a corridor. In this experiment
we usedthe sequentialclassi�er shown in Figure 3. For the

TABLE IV

Percentageof correctl y classifiedexamplesfor the 6 configurations of a

sequential multi -classclassifier.

Classi�er Sequence CorrectClassi�cations%
room-doorway 93.94
room-corridor 93.31
corridor-room 93.16

doorway-corridor 80.68
doorway-room 80.49

corridor-doorway 80.10

corridor room doorway hallway

Fig. 6. The left imageshow thetrainingdatausedto train theclassi�ersand
the right imagetheclassi�cationresultsof our sequentialAdaBoostclassi�er.

sake of clarity we give a result obtainedby separatingthe
environmentinto two parts.The left half of the environment
containsthe training examples(seeFigure5, top image),and
the right half of the environment was then used as a test
set.Note that we obtainedsimilar successratesas described
below in further experimentswith alternative training and
test sets.According to Table IV the optimal decisionlist for
this classi�cation problem is room-doorway. This decision
list correctly classi�es 93.94% of all test examples. The
classi�cation resultsare also depictedascolored/grey-shaded
areasin the lower imageof Figure5. This illustrates,that our
approachis well-suitedto classifyplacesaccordingto a single
laserrangescan.

TableIV alsocontainsthe classi�cationresultsof the other
� ve potentialsequentialclassi�ers. As can be seenfrom this
tables,theworstcon�gurationsarethosein which thedoorway
classi�er is in the �rst place. Also the corridor-doorway
classi�er doesnot perform well. The bestcon�gurations are
corridor-room, room-doorway, androom-corridor.

Additionally, we performed an experiment using a map
containing four di� erent classes,namely rooms, corridors,
doorways, and hallways. The training set and the resulting
classi�cationsareshown in Figure6. Theoptimaldecisionlist
is corridor-hallway-doorway with a successrateof 89.52%.



TABLE V

Err or in the training data for the individual binary classifiers learned fr om

the mapdepictedin Figure 6.

Binary Classi�er Training error %
corridor 0.7
hallway 0.7
room 1.4

doorway 1.5

room -
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doorway@
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Fig. 7. Classi�cation resultsare obtainedwith a mobile robot, shown in
the left image,moving throughour o� ce environment.Colors/grey levels in
the right imageindicatethe classi�cation of the correspondingplaceson the
trajectory.

Table V containsthe error ratesof the individual binary
classi�ers on the training data.The error-ratesdi� er between
:7%and1:5%.Thebinarydoorway-classi�eryieldsthehighest
error. We believe that this due to several reasons.First, a
doorway typically is a very small region so that only a few
trainingexamplesareavailable.Furthermore,if a robotstands
in a doorway the scan typically covers nearby rooms or
corridorswhich make it hardto distinguishthedoorway from
suchplaces.

B. PlaceRecognition 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
o� ce building and steeredit through the corridor, di� erent
rooms, and several doorways. While the robot was moving
we loggedits trajectoryandtheclassi�cationsobtainedfor the
di� erentrangescans.Theresultis depictedin Figure7. Again,
the di� erentcolors/grey levels of the pointson 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 placesshow wrong classi�cations.Thesefailures
are mostly causedby clutter in the environmentwhich make
thesequentialroom-doorwayclassi�er believe that thecurrent
placeis a doorway.

C. Transferringthe Classi�ers to New Environments

The next experiment is designedto analyze whether a
classi�er learnedin a particularenvironmentcan be usedto
successfullyclassifytheplacesof a new environment.To carry
out this experimentwe trainedour sequentialAdaBooston the
mapshown in Figure1. In this environmentour approachwas
able to correctly classify 92.1% of all places.The resulting
classi�er was then evaluatedon scanssimulatedgiven the
mapof the Intel ResearchLab in Seattle.For thesescansthe
classi�cation rate decreasedto 82.23% (seeFigure 8). This

corridor room doorway

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 illustratesthat resultingclassi�erscanbeappliedto sofar unknown
environments.

TABLE VI

Classification results for different indoor mapsanddifferent classifiers.

Map depictedin SequentialClassi�er % AdaBoost.M2%
Figure1 92.10 91.83
Figure5 93.94 83.89
Figure6 89.52 82.33

indicatesthatour Algorithm yieldsgoodgeneralizationswhich
canalsobeappliedto correctlylabelplacesof sofar unknown
environments.Note that a successrate of 82.23% is quite
high for this environment,sinceevenhumanstypically do not
consistently/correctlyclassify the placesin this environment.

D. Comparisonof theSequentialAdaBoostwith AdaBoost.M2

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

In all experimentsoursequentialclassi�ersperformedbetter
than AdaBoost.M2.To seethe di� erence,Figures9 and 10
show typical results obtainedwith our sequentialapproach
(left image)andAdaBoost.M2(right image).TableVI shows
a quantitative analysisof the classi�cation performancefor
threedi� erentenvironments.As can be seen,our sequential
AdaBoostclassi�er yieldsbetterresultsthantheAdaBoost.M2
algorithm.

Note that we also consideredorganizingthe binary classi-
�ers in a decisiontreeratherthanrestrictingthemto adecision
list. In variousexperiments,however, we found that the tree-
structure does not yield improvementsover the sequential
decisionlists, at leastin the domaingiven here.

E. ImportantWeakFeatures

We furthermoreanalyzedthe importanceof the individual
weakfeaturesin the �nal strongclassi�er. TableVII lists the
seven bestfeaturesfor eachbinary classi�er with the leftmost
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Fig. 9. Theleft imageshow theclassi�edtestdataof oursequentialAdaBoost
algorithm in building 79. The right image depictsthe result obtainedwith
AdaBoost.M2.As can be seen,the error of AdaBoost.M2is much higher
comparedto our approach.

corridor room doorway hallway

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

featurethemostimportant.In this tableanentryB.i represents
the i-th featurefor raw beamsin z (TableII), whereasanentry
P.j representsthe j-th featureof the polygon P(z) (Table III).
Note that often identical featuresoccur. Thesefeaturesdi� er
in their thresholdvaluesand their weight, which is assigned
by AdaBoost.As the table shows, several featureslike the
averagedi� erencebetweenconsecutive beams(featureB.1)
appearsto bequiteimportant.Furthermore,thenumberof gaps
(featureB.6), which representshow clutteredtheenvironment
is, appearsquiteoften.WhereasfeatureP.1,whichcorresponds
to the areaof thepolygon,is mostimportantfor thedetection
of hallways, the feature B.8, which measuresthe distance
betweenthe smallestlocal minima in the rangescan,hasthe
highestweight in the classi�er for doorways.

VI. Conclusion

In this paper we presenteda novel approachto classify
di� erent places in the environment into semantic classes,
like rooms,hallways,corridors,anddoorways.Our technique
usessimple geometricfeaturesextractedfrom a single laser
range scans and applies the AdaBoost algorithm to form
a strong classi�er. To distinguish betweenmore than two

TABLE VII

Thebestfive feature for each binary classifier.

binary classi�er seven bestfeatures
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

classeswe use a sequenceof binary classi�ers arrangedin
a decision list. Experimentscarried out on a real robot as
well as in simulation illustrate that our techniqueis well-
suitedto classifyplacesin di� erentenvironmentsevenwithout
training the classi�er for eachenvironment.Furthermorewe
comparedour sequentialAdaBoostto AdaBoost.M2,a multi-
classvariant of the AdaBoostalgorithm. In our experiments
the sequentialclassi�er alwaysoutperformedAdaBoost.M2.
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