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Abstract

This paperdescribesan approach for usingseveral lev-
els of data fusionin the domain of autonomouff-road
navigation.\\e are focusingon outdoorobstacledetection,
andwe presentecniqueshatleverage on datafusionand
madine learning for increasingthe reliability of obstacle
detectiorsystems.

We are combiningcolor and IR imagery with range in-
formationfroma laserrange nder. We showthat in addi-
tion to fusingdata at the pixel level, performinghigh level
classi er fusionis bene cial in our domain. Our geneal
appmad is to usemadine learning techniquesfor auto-
matically deriving effective modelsof the classesof inter-
est(obstacleand non-obstacldor example).We train clas-
si ers on different subsetof the featues we extract from
our sensorsuite and show how different classi er fusion
schemescan be appliedfor obtaininga multiple classi er
systenthat is more robust than any of the classi ers pre-
sentedasinput.

We presentexperimentalresults we obtained on data
collectedwith both the ExperimentalUnmannedVehicle
(XUV)anda CMU developedroboticvehicle

1. Intr oduction

Numerouanmilitary andcivilian applicationscall for de-
pendableautonomousrehiclesthat can navigate off-road.
Robotic vehiclescan help remove peoplefrom dangerous
missionscanreducecostsandthetimerequiredfor deploy-
ment. Oneof the morechallengingaspectof autonomous
navigation is perceptionin unstructuredor weakly struc-
turedoutdoorervironmentssuchasforests smalldirt roads
andterraincoveredby tall vegetation.We focuson obstacle
detection,wherewe consideran obstacleto be arny region
thata vehicleshouldnot attemptto traverse(e.g. humans,

trees,big rocks, large holes,large amountsof water). Un-
fortunately the dif culty of the problemis suchthateven
humanperformancen this domainis not perfect.

We believe thatin orderto achieve acceptabldevels of
autonomy vehiclesoperatingin off-road conditionswill
needto rely on redundanciedoth at the sensorevel and
in thedecision-makingrocessEssentiallyobstacledetec-
tion canbe seenas an inferenceproblem: thereexists no
sensorthat will directly indicateif a regionin spaceis an
obstacleor not. As aresult,we will needto usethe avail-
able information aboutsucha region to infer if it is safe
to traverseit or not. Intuitively it shouldbe the casethat
having moreinformation shouldleadto betterinferences,
whichtranslatdan turnto higherdegreesof reliability of the
obstacledetectionsystem.

Another reasonfor which outdoor navigation should
bene t from having sereral sensingmodalitiesis thattheir
failure modesare often different. Even if a good qual-
ity colorimagecangenerallyprovide a lot of information,
limitationsin the dynamicrangeof existing camerasnake
it hardto extract information from imageswhich contain
shadaevs andbright spots,or from imagestaken at duskor
dawvn. A laserrange nder is not sensitve to suchissues.
Similarly, therearetimesof thedaywhenaninfraredcam-
era- which cannormally provide greatinformationfor de-
tecting humans,water and vegetation- doesnot produce
very useful information. A more diverseset of sensing
modalitieswould increasdhe chanceghatat leastsomeof
thesensorganproduceusefulinformationallowing theau-
tonomousrehicleto pursueits mission.

In additionto datafusion,ourapproacheliesquitehear-
ily on machinelearning. Detectingobstaclesn environ-
mentsthatareascomplex astheoneswve areconsideringe-
quirescomplex decisionschemesvhichinvolve largenum-
bersof parameters.Deriving suchschemesnanuallycan
be an extremely tediousprocess. We believe that manu-
ally “optimizing” the performanceof a systemwith mary



parameterss not a satishctorysolution.\We would like our
robotsto beeasilyadaptabléo new environmentsandoper
atingconditionsandfor this purposeve will useautomated
methoddor tuningour systems.

Usingsereralsensingnodalitiesor machindearningare
certainlynotnew ideasin themobilerobotics eld. A quick
look atthe previouswork shavsthatsensofusionhasbeen
a constantpresencdn this areafrom the earliestmobile
robotsto the plaformsthat de ne the currentstateof the
art. Begining with the indoor HILARE robotin 1979[[{],
Moravec's StanfordCartandCMU Rover ([[14], 1983)and
continuingwith the outdoorsGround Surweillance Robot
[1G 9], the AutonomousLand Vehicle [5], the NAVLAB
seriesof autonomousehicles[22, 18] andthe Demol-II-11I
project[23], numerougyroupshave usedsonars,TV cam-
eras,IR sensorsgontactswitchesandlaserrange nders in
orderto tacklethe obstacledetectionproblem.

In 1992,Pomerleadll/] demonstratethe rst success-
ful applicationof machindearningmethodgo the problem
of mobilerobotnavigation. Soonafter Davis andStentz[[g]
proposedhe MAMMO TH systemwhich employed a neu-
ral network to learnhow to combinesteeringanglespro-
ducedby otherneuralnetworksusingimageandlaserdata.

It is interestingto contrastthe machinelearningtech-
niguesusedin early robotic systemssuchasNAVLAB to
more recentapproachesuchasthe Demolll project[].
While the early systemdried to achieze autonomyby solv-
ing onemonolithiclearningproblem(traininga neuralnet-
work to mapfrom grey levelimagedo steeringanglesn the
caseof Pomerleats ALVINN [1L7]), morerecentlythetrend
hasbeeno makeintensiveuseof humandomainknowledge
andonly uselearningfor thoseaspect®of the problemthat
arehardto pre-programFor example,in [1] theauthorsde-
scribea systemwhich usesmanuallyderivedrulesto iden-
tify geometricobstaclesandthen lters theresultsthrough
a color-basedclassi er that tries to identify the falsegeo-
metricobstaclexausedy vegetation.This latter classi er
is trainedby tting a mixture of Gaussianso humanlyla-
beleddata.

Theapproactwe proposéds locatedsomeavherebetween
the two extremeswe just described. We believe that in
certaincasesit is a goodideato try to go directly from
low-level datato an obstacle/non-obstachtiecisionbut we
would also like to be able to improve our resultsby us-
ing classi ersproducedby humanexperts. Essentiallywe
wouldlik e to build a “black-box” in which we canfeedour
dataandsomeotherclassi ers(trainedor pre-programmed,
thatsolve the entireobstacledetectionproblemor just part
of it). The black-boxshouldcombineits inputsin sucha
way thatthe obstacle/non-obstactiecisionst producesas
an outputare more likely to be correctthanthoseof ary
otherclassi er providedasaninput. In this paperwe will
presentesultshasedn sereralclassi er combinatiortech-

niguesandshawv thatsuchablack-boxcanbebuilt in prac-
tice.

In thefollowing sectionsve will describeén moredetail
our problemsetup(sectiorid) andthe fusiontechniquesve
have experimentedvith (sectiorfd). In sectiordlwe present
our experimentalresultsandwe draw conclusionsanddis-
cussfutureresearchdirectionsin sectiorid

2. Problem Setup

Consideringhelargevariety of sensingequipmenused
in outdoormobile robotics,we will attemptto describethe
mainassumptionsve make aboutthe robotic platform.

Two elementsare importantfor our approach:we as-
sumethat the robot is equippedwith someform of 3D
rangesensing(suchasa laserrange nder or a stereovi-
sionsetup),andthatit hasrelatively goodposeestimation.
The poseestimationrequirementanbe relaxed, sinceit is
only requiredfor accumulatingsensodataovertime asthe
robot moves. In the worst casein which no poseestima-
tion is available,we could still attemptto navigateusinga
“blindfoldedrobot” approachwe canignoreall historyand
male all decisionsasecdn currentdata.

In additionto rangesensingt is frequentlythe casethat
robotsare equippedwith somecamerage.g. color, black
andwhite, infrared).Our goalwill beto combinetherange
andcameradatain orderto performreliableoutdoorobsta-
cle detection.

2.1 Data Association

Fusingmultisensodataatlow-level requiressolvingthe
data associationproblem, which consistsof establishing
correspondencdeetweerthemeasurementgturnecby the
differentsensorsin our casewe will needto nd suchcor
respondencebetweenour laserdataandthe imagesfrom
thecolorandIR cameras.

The initial stepof our calibrationprocedureconsistsin
determiningheintrinsic paramter®f ourcolorandIR cam-
eras for whichwe usetheMatlabCameraCalibrationTool-
box ([3]). A relatively simplelasercameracalibrationpro-
cess-consistingof extractingthecornersof acheclerboard
calibrationtargetin boththelaserdataandourimages- al-
lows usto recoverthe 3D transformatiorbetweertherefer
enceframeattachedo thelaserrange nder andthe frame
of eachcameraUsingthistransformatiorwe cantransform
all the rangemeasurementfrom the laserto the camera
framesand then usethe intrinsic parameterof our cam-
erasin orderto nd the pixel coordinatesvhereeach3D
measuremerghouldproject. Thus,for all the laserpoints
thathapperto bein the eld of view of ourcamerasve can
obtaincolorandIR information.



Notethatif we assumehatthe positionof ourrobotin a
x edworld frameis known we canaccumulatdaserpoints
expressedn this frame. Whena new setof imagesis cap-
turedwe cantransformthesepointsto the currentframe of
the camerasndobtainimageinformationfor all the accu-
mulatedpointsthatarevisible.

2.2 ObstacleDetectionasa Classi cation Problem

Assumingthat the data associationstepis completed,
thereis a choiceregardingthe spacen which we will per
form obstacledetection: we can usethe 3D spaceor the
imagespace.

Usinga 3D voxel representatiofor ouranalysigequires
a mappingof the featuresextractedfrom imagesto 3D lo-
cationsin theworld. Usingthe 3D coordinate®f the laser
pointsthatprojectcloseto acertainlocationin theimagewe
canmaptheimagepropertiesextractedirom thatsmallarea
to aspeci ¢ voxel in the 3D representationThe 3D voxels
canthenbeclassi ed asobstacle/non-obstacl@xelsusing
theirlaserandimage-basetkeatures.

Performingthe analysisin the imagespacerequiresthe
oppositeprocess:one of the imagesselectedas reference
is divided into a grid of rectangularpatchesand all the
available 3D measurementareprojectedinto it. Eachim-
agepatchwill containzeroor morelaserpoints,which we
canuseto extract “laser features”suchas rangestatistics
or heightin the vehicleframe. The laserfeaturestogether
with theimagefeaturegsuchastextureandcolor statistics)
aretheinputsto a classi er which will decideif theimage
patchesascorrespondingo anobstacldan the sceneor not.
The 3D pointsthat projectinto eachpatchcanbe usedto
estimatehe locationsof the patcheslassi ed asobstacles,
astepnecessarjor obstacleavoidance.

While the two representatiormodels are essentially
equialent, we have chosento usethe image spaceclas-
si cation which is more corvenientfor both labeling data
andvisualizationof the classi cationresults. Thisis nota
limiting factorfor the obstacledetectionalgorithmsthatwe
canusein ourclassi erfusionapproachary labelingof 3D
voxelscanbe cornvertedto alabelingof imagepatchesand
vice-versa.

The setupwe have presentededuceghe problemof ob-
stacledetectionto the one of binary classi cation of im-
agepatchedn the obstacle/non-obstacldasses.For each
imagepatchwe extract color, texture, IR andvariouslaser
statisticsfeatureswvhich canbe usedasinputsto our classi-
cation methods.

Thelearningmethodsusedfor theexperimentgpresented
in this paperare all supervisedalgorithms. We produce
manuallylabeleddataby selectingareaof interestin im-
agesandclassifyingthemasobstacle®r non-obstacles.

3.Classi er Fusion
3.1 Motivation

We have describeda method for extracting informa-
tion (or “features”)from severaldifferentsensorandusing
themasinputsto classi cationalgorithms. If we reduced
oursehesto simply concatenatingll thefeaturevectorswe
would essentiallyperforma simpleform of datafusion at
the pixel (or more preciselyimage patch)level. In mary
mobile robotics applicationsit is bene cial to be able to
alsoincludealreadyexisting classi ersthatmightincorpo-
ratesigni cant amountsof domainknowledge.As we have
statedin the introduction,we would like to have the capa-
bility to automaticallylearnwhento usecertainclassi ers
andhow to combinethemwith andbasedon the available
inputdata.

The reasondor which classi er combinationmight be
desirablan roboticsapplicationgnclude:

Several researchgroupsmight work on obstaclede-

tectionalgorithms,makingpossiblydifferentassump-
tions about the sceneand about the sensors. It is

likely thatthefailuremodesof their algorithmswill be

slightly different,which leadsto the questionwhether
by aggreyatingthe decisionsf all theclassi ersin the

poolwe coulddobetteronaveragethanary individual

algorithm.

Certaintypesof obstaclesanbe particularly dif cult
to detect: thin wires and negative obstaclegsuchas
holesandtrenchespregoodexamples.While in such
casesit might hard to implementa generalobstacle
detectionalgorithmthat “learns” how to detectthem,
humanunderstandingf the constraintspeci c to the
obstaclao bedetectedanleadto muchmoreeffective
specializeddetectors.Learningclassi er fusion auto-
matically would enableus to determinethe weights
and rules that should be usedwith suchspecialized
classi ers without manuallytuning parameterdased
ontheirfalsealarmsanddetectiorrates.

3.2 Algorithms

In this paperwe will discusghreealgorithmsfor classi-
er combination:committeesof experts([[15, [2]), stacled
generalizatior{[l27]) anda slight variationof the AdaBoost
algorithm([l20]. While our classi er fusionexperimentsare
notlimited to thesespeci c algorithms we considethemto
bedifferentenoughfrom eachotherto berepresentatie for
theresultsonecould expectfrom applyingclassi er fusion

in ourdomain.



1. Commiteesof Experts

Initially describedasa methodfor improving regres-
sionestimatesn [[1€, [15], a committeeof expertscan
be usedfor both regressionand classi cation. The
idea behind the algorithm is simple: if we have a
pool of L expertsthatestimatea targetfunctionf (x),
We canlinearly combinetheir outputsasf coe (X) =

iz1 ifi(x), wheref;(x) is the estimateproduced
by thelth expert. Underthis modelit caneasily be
shawn [[16,[15, 2] thattheoptimal(in themeansquared
errorsense) ;'saregivenby
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where C is the error correlationmatrix. It canbe
shavn that the meansquarederror of the committee
is always smallerthan or equalto the averagemean
squarederror over the classi er pool. In fact, if we
assumehatthe expertsmake uncorrelatedzeromean
errorstheerrordecreaseby atleastafactorof L. Ob-
viously, this is overly optimistic: in reality the errors
of the classi ersaregoingto be correlatedso the re-
ductionin errorwill be muchsmaller However, given
the simplicity of themethodit is very attractve to use
it. Theassumptiorthatneedgo be madefor the COE
fusion approachis that the classi ersin the pool are
trying to solvethesameproblem.As aresult,thistech-
nigue hasthe limitation of not being ableto support
specializectlassi ers.

. Stacked Generalization

Introducedby Wolpert in 1990 [27], stacled gener
alization (or “stacking”) was initially presentedas a
method for combining multiple models learnedfor
classi cation. Sincethen,stackinghasalsobeenused
for regressiorfd] andevenunsupervisetearning[24].

Despitebeingan extremelysimplealgorithm,stacled
generalizatioris quite dif cult to describe. To make
the task easier we describewhat stacled generaliza-
tion (SG) would be equivalentto if we arewilling to
assumethat a very large amountof training datais
available,andthenexplain the actualalgorithm.

In theform describedy Wolpertin [[24], staclkedgen-
eralizationis atwo stageclassi er. Justlikein thecase
of committeef expertswe will assumehatwe have
apoolof L trainablesxpertsthatestimateatargetfunc-
tion f (x). Theseclassi ersarewhatWolpertcallsthe
“level-0generalizers”andaretrainedin the rst stage
of SG.Thesecondstageconsistof trainingaclassi er
thattakesasinputstheoutputsof thelevel-Ogeneraliz-
ersandtriesto producethe correctlabelasan output.

This classi er is calledthe “level-1 generalizer”,and
its purposaés to learnthe biaseof thelevel-0 general-
izers.

The crucial elementof stacled generalizations that
thelevel-1generalizeshouldbetrainedusingdatathat
is “new” to thelevel-0 generalizerssincewe areinter-
estedin learningabouttheir generalizatiorproperties
andnottheir ability to over t. In theideal casewhere
verylargeamountsof trainingdatawereavailable,this
couldsimply be achiezedby splitting the training data
andreservinghalf of it (for example)for training the
secondstageclassi er. The only differenceaboutthe
stacled generalizatioralgorithm and the methodwe
just describedis that in the real algorithm a cross-
validation schemeis usedso that all the datais used
for trainingboth stagef theclassi er.

Stacled generalizationworks surprisingly well in
practice,andit hasbeenappliedsuccessfullyin other
domainssuchasATR ([2€]).

. AdaBoostwith Classi er Selection

AdaBoostis an algorithmthat hasbeenshavn to be
someavhat similar to the popularsupportvector ma-
chines,in thatit triesto maximizethe separatiormar
gin. Shapireand Freund[20] proposeda clever iter-
ative algorithm that solves the maigin maximization
problem with the only requirementthat a so-called
“weak classi er” —a learningalgorithm that can per
form betterthanarandomone—is available.

The intuitive idea behind AdaBoostis to train a se-
ries of classi ersandto iteratively focus on the hard
training examples. The algorithmrelies on continu-
ouslychangingthe weightsof its trainingexamplesso
thatthosethat are frequentlymisclassi edget higher
and higherweights: this way, new classi ersthatare
addedo theensemblaremorelik ely to classifythose
hardexamplescorrectly Asidefrom thisintuition, Ad-
aBoosts training schemecorrespondgo performing
gradientdescenton an error function that exponen-
tially penalizesmallclassi cationmamgins([13, 21].

Our small variationto the regular form of Adaboost
consistdn allowing thealgorithmto chooseat eachit-
erationwhich typeof weakclassi er to train. Assum-
ing thatwe have a pool of classi ersandthatsomeof
themcanbetrained we allow thealgorithmto examine
all theclassi ersin our pool—trainingtheonesthatare
trainable-andselectthe onethat canbestclassifythe
training examplesgiven their currentweight distribu-
tion. Thus,AdaBoostwill selectoneof theclassi ers
availableat eachiteration.

Note that while this is not the regular procedurefor
training AdaBoost,we are not modifying ary of the



assumptionshat the algorithmis basedon. A simi-
lar applicationof AdaBoostwas successfullydemon-
stratedby Tieu andViola [25] in the context of auto-
matedimageretrieval.

4. Experimental Results
4.1 Features

In orderto validatethe techniquesdescribedso far we
have performedexperimentswith both the XUV and an-
other CMU robotic platform. While the two vehiclesare
equippedwith differentsensorsand have differentgeome-
tries,we have usedthe sameapproachdescribedn section
B) to extractinformationaboutthescenesFor eachpatchin
ourimagegridswe have computedhefollowing features:

Color. The imagesare corvertedto the LUV color
space;we extract the meanand standarddeviation of
thepixelsin apatchfor eachchannelpbtaining6 color
features.

Texture. TheFFTrepresentationf eachpatchis com-
puted,andit is thendividedinto 6 binsfor frequeng
and6 for theorientation.Themeansandstandaralevi-
ationof theenepgy in eachbin arecomputedresulting
in atotal of 24 texturefeatures.

Infrar ed. The meanandstandardieviation of the IR

pixel valuesfor eachpatcharecomputedresultingin

2 IR features.The correspondencbetweerthe color
patches(usedas reference)and IR patchesis estab-
lishedusingthe 3D informationprovided by the laser
pointsthatprojectin the color patch.

Laser (simple statistics). Usingthe laserpointsthat
projectinto eachimagepatchwe estimatethe average
heightexpressedn thevehicleframe,andthe standard
deviationsin the XYZ directionsrelativeto thevehicle
frame.Thisresultsin 4 simplelaserfeatures.

Laser (Vandapel-Hebertfeaturesand classi cation
[11). As a goodexampleof a specializedclassi er
we mightwantto incorporatento our systemwe have
usedanimplementatiorof the techniquedescribedn
[11] for terrain classi cation. The methodlooks at
thelocal point distribution in spaceandusesa Bayes
classi er to producethe probability of belongingto
3 classes vegetation,solid surfaceand linear struc-
ture. The methodtakes asinput a sparsesetof 3-D
points. At eachpoint the scattermatrix is computed
usingaprede nedsupportregion. Thedecomposition
in principalcomponent®f this matrixleadsto thedef-
inition of threesalieny featurescharacterizinghe 3-
D pointsspatialdistributionas”random”,”linear” and

"surface”. We useboththesesalienciesandthe prob-
abilities of belongingto eachclass,which resultsin a
numberof 6 featuresWe will referto thesefeaturesas
“LaserVH".

4.2 Experiment 1

The rst experimentwe will presentis basedon data
collectedwith the XUV robotic platform. The vehicleis
equippedwith alaserrange nder unit, two 640x480Sory
color camerasandan infrared camerawith the samereso-
lution. Thelaserunit andthecamerasaremountednsidea
pan-tilt platform.

We have evaluatedthe performanceof the variousfea-
turesetsandthebene t of the differentfusionstrategiesby
attemptingo solve aproblemthatis veryimportantfor out-
door mobile robotics: detectingdirt roads. While the road
detectionis not an instanceof an obstacledetectionprob-
lem, noticethatour setupis essentiallysolving binaryclas-
si cation problemsandassuchcanalsobe usedfor terrain
classi cation.

Figure 1. A typical scene from the road detec-
tion dataset: the color image (top-left), the IR
image (top-right), the 3D point cloud in which
points are coloriz ed based on the color image
(bottom).

The datalogs usedfor this experimentwerecollectedat
the ARL Fort Indiantovn Gaproboticsfacility. Eachdata
log containedcolor andinfraredimages togetherwith ve-
hicle position and rangedatafrom the vehicle. We have
used3 independentlataset$2 mergedinto thetrainingset,



1 usedasatestset). The correspondingmageswere man-
ually labeledin the two classef interest. We have only
usedimage patcheghat containedlaserpoints, which re-
sultedin 18963/8582atchesn thetrain/testdatasetsThe
percentagef roadpatchesvas0.62/0.63.

After labeling the dataand extracting the featureswe
have trained several classi ers on this problem. More
speci cally, we comparedthe performanceof neuralnet-
workstrainedon subset®f our full featurevector(suchas
color, texture, IR, lasersimpleandlaserVH) with the per
formanceof aneuralnetwork thathasaccesso thefull vec-
tor. We alsocomparedheir performancéo two of our clas-
si er fusionalgorithms stacledgeneralizatiomndcommit-
teesof experts. The numericalresultsare presentedn Fig-
ure 2, while Figure3 presents graphicalrepresentationf
theaverageerrorrates.

Name Mean | StdDev
SG 2.89 0.44
CoE 3.77 0.54
Color 9.45 2.79
Texture 28.73 2.02
IR 12.33| 5.22
LaserSimple| 17.33| 5.29
LaserVH 11.72 3.13
All Features| 3.19 0.61

Figure 2. Error rates for the road detection
experiments.  From the r st row down we
have stacked generalization, committees of
experts, and color, texture, infrared, laser
simple , laser VH, and all feature based neural
netw orks.

In orderto estimatethe error ratesand standarddevia-
tions we performed10 fold cross-alidationwithout prior
randomizationof the patches. We chosenot to useran-
domizationin orderto avoid getting overly optimistic re-
sults: sincethereis high degree of correlation between
neighboringmagepatchessplitting themrandomlywould
leadto unrealisticsimilaritiesbetweerthetrainingandtest-
ing datasets. We have also performedexperimentswith
completelyseparatdraining and test datasetdi.e. with-
out cross-alidation)andthe error rateswe obtainedwere
similarto the onesproducedy cross-alidation.

Overall our resultsare encouraging:they con rm that
performingboth low-level datafusion andclassi er fusion
cansigni cantly improve classi cation performance.The
fact that committeesof expertsand stacled generalization
performedaswell asaneuralnetwork thathasaccesso the
full featurevectoris very positve. While in this casewe
hadfull accesgo all the features(including the onespro-
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Figure 3. Error rates on the road detection
problem. The bars represent in order: (SG)
Stacked Generalization, (CoE) committees of
experts, (COL) Color, (TEX) Texture, (IR) In-
frared, (L_S) Laser simple, (L_VH) Laser VH
and (ALL) all features based neural netw orks.

ducedby the VH classi er) which reduceghe importance
of classi erfusion,it isimportantto con rm thatalgorithms
like COEandSGcanlearnto combineinputclassi ersvery
effectively.

It is interestingto noticethatthe VH featureqwhich ef-
fectively represena form of specializectlassi er) perform
signi cantly betterthanthe simplelaserstatistics,despite
thefactthatexactly the samdaserpointsareusedasinputs
in both cases.Thisis a perfectexampleof why onewould
liketo beableto fuseseveralclassi ers.

4.3 Experiment 2

The secondexperimentwe presentusesdatacollected
with a CMU developedrobotic platform (a large tractor).
Thevehicleis equippedwith two Sory DFW-SX900high-
resolutioncolor digital cameragproducing1280x960im-
agesandtwo laserrange nder units which are basedon
mechanicallyscannedSICK LMS units. At the time the
datalogswererecordedhevehicledid nothave anIR cam-
era.

The experimentwe performedon CMU datausedthe
sametypesof featuresasthe onesbasedon XUV data,ex-
ceptfor the laserVH andthe IR featureswhich were not
available. The camerasand the laser units have perfor
mancecharacteristicshat are quite differentfrom thoseof
the XUV sensors.This makesthe experimenteven more



interesting: we are claiming that using automatedearn-
ing makesour fusiontechniquespplicableto mary differ-
entvehiclesandsensorcon gurations. This is anexample
of suchan applicationof the sametechniquegusiontech-
nigueson signi cantly differentvehicles.

Figure 4. Box plots representing the classi-
cation performance on the obstac le detec-
tion problem. The rectangle for each clas-
sier represents the interquartile range and
the horizontal line is the median.  From
left to right we have the color, texture and
laser based classier s, the committee of ex-
perts (COM), stacked generalization (SG), Ad-
aBoost (AB CTL) and Most Frequent, a clas-
sier that always predicts the most frequent
class without using any features.

The problemwe attemptedo solve in this casewasob-

stacledetection,usinga datasein which the obstaclewas
a humanwalking in front of the moving vehiclein anarea
with tall vegetation. To make the problemnon-trivial the
humanwaswearinga camou agejacket. The raw classi-
ers were neural networks, this time using color, texture
and simple laserfeatures. The classi er fusion stratgies
we comparedwvere stacled generalizationa committeeof
expertsand the versionof AdaBoostwe described. The
datasetve usedcontained2989non-obstaclend2893ob-
stacleimagepatchegwe used20x20patches).

Theresultspresentedh Figure4 wereobtainedperform-
ing 10 fold cross-alidationon our dataset.Sincethe two
classegobstacle/non-obstaclejeresounbalancedyepre-
sentedthe error rate of a “constant” classi er that always
predictsthe mostfrequentclass. Sinceonly 12 percentof
our datarepresentshe obstacleclassthe readershouldbe
awarethatan error rate of 10 percentdoesnot necessarily

represengoodperformance.

In this experimentthe color classi er performed ex-
tremelywell, followedby the laserfeaturesandthe texture
which was mostly irrelevant. The explanationis that the
vegetationwas slightly dry, which madethe color of the
camou agedacket differentfrom thebackgroundStacled
generalizatiorand the committeeof expertswere ableto
learnto focuson the color-basedpredictionsandto usethe
laserinformationto slightly improve uponthe color perfor
mance.A t-testbasedon our cross-alidationdatashaved
this slightimprovementto be statisticallysigni cant.

The boostingalgorithm performedslightly worsethan
the bestinput classi er. Our analysisindicatedthat the
problem lies in the exponential penalty that AdaBoost
“charges”for small classi cation mamgins. The algorithm
focusenincreasinghemaigin onasmallnumberof very
dif cult trainingexampleswhile actuallyreducingthe mar
gin of the others;asaresult,its generalizatiorperformance
is reducedA solutionto this problemwould beto use“soft-
maugin” AdaBoostvariationssuchasthe one describedn

[18).
5. Conclusions

We have presentedh systemthat usesmultisensordata
fusion at both the pixel level and the classi er level in
order to improve obstacledetectionperformancefor out-
door mobile robots. Our experiments—on different plat-
forms, sensorsandfeaturecon gurations—con rm thein-
tuition that combiningdatafrom multiple sensingmodal-
ities candramaticallyimprove classi cation performance.
Furthermorewe have shavn thatautomaticallycombining
differentclassi ersin orderto leverageon their particular
strengthsandprovide performancehatis betterthanthatof
ary classi erin thepoolis possible We anticipatethatthis
type of approachwill have importantapplicationsin mo-
bile robotics.We will continueour experimentsn orderto
analyzethe performancef our systemon differentclassi -
cationproblemsandwith morecomplex classi ercombina-
tion schemesuchashierarchicamixturesof experts[12].

The wealestlink of our currentsetupis the factthatwe
rely on supervisedearning. Labeling datafor large scale
problemss tediousandexpensve,andwe arecurrentlyde-
veloping active learning solutionsfor alleviating the data
labeling requirements.The main direction of our effort is
to adaptanomalydetectiontechniquedrom the datamin-
ing eld to ourdomain,but we arealsoexperimentingwith
methodssuch as the one describedin [19] to iteratively
selectthe next “most informative” datato label. Sincein
mostroboticsapplicationst is usuallyinexpensve to col-
lect very large amountsof unlabeleddata,we believe that
active learninghasthe potentialto opennumerousiew pos-
sibilities for the successfuapplicationof machinelearning



in robotics.
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