
Sensorand Classi�er Fusion for Outdoor ObstacleDetection:
an Application of Data FusionTo AutonomousOff-Road Navigation

CristianS.Dima,NicolasVandapelandMartial Hebert
Carnegie Mellon University

TheRoboticsInstitute
Pittsburgh,PA 15217,USA

cdima,vandapel,hebert@ri.cmu.edu

Abstract

Thispaperdescribesan approach for usingseveral lev-
els of data fusion in the domainof autonomousoff-road
navigation.We are focusingonoutdoorobstacledetection,
andwepresenttechniquesthat leverageondatafusionand
machine learning for increasingthe reliability of obstacle
detectionsystems.

We are combiningcolor and IR imagery with range in-
formationfroma laser range �nder. We showthat in addi-
tion to fusingdataat thepixel level, performinghigh level
classi�er fusion is bene�cial in our domain. Our general
approach is to usemachine learning techniquesfor auto-
matically deriving effectivemodelsof the classesof inter-
est(obstacleandnon-obstaclefor example).We train clas-
si�ers on different subsetsof the featureswe extract from
our sensorsuite and showhow different classi�er fusion
schemescan be appliedfor obtaininga multiple classi�er
systemthat is more robust than any of the classi�ers pre-
sentedasinput.

We presentexperimentalresultswe obtainedon data
collectedwith both the ExperimentalUnmannedVehicle
(XUV)anda CMU developedroboticvehicle.

1. Intr oduction

Numerousmilitary andcivilian applicationscall for de-
pendableautonomousvehiclesthat can navigateoff-road.
Roboticvehiclescanhelp remove peoplefrom dangerous
missions,canreducecostsandthetimerequiredfor deploy-
ment. Oneof themorechallengingaspectsof autonomous
navigation is perceptionin unstructuredor weakly struc-
turedoutdoorenvironmentssuchasforests,smalldirt roads
andterraincoveredby tall vegetation.Wefocusonobstacle
detection,wherewe consideran obstacleto be any region
thata vehicleshouldnot attemptto traverse(e.g. humans,

trees,big rocks,largeholes,largeamountsof water). Un-
fortunately, the dif�culty of the problemis suchthat even
humanperformancein this domainis notperfect.

We believe that in orderto achieve acceptablelevelsof
autonomy, vehiclesoperatingin off-road conditionswill
needto rely on redundanciesboth at the sensorlevel and
in thedecision-makingprocess.Essentially, obstacledetec-
tion canbe seenasan inferenceproblem: thereexists no
sensorthat will directly indicateif a region in spaceis an
obstacleor not. As a result,we will needto usetheavail-
able information aboutsucha region to infer if it is safe
to traverseit or not. Intuitively it shouldbe the casethat
having more informationshouldlead to betterinferences,
whichtranslatein turn to higherdegreesof reliability of the
obstacledetectionsystem.

Another reasonfor which outdoor navigation should
bene�t from having severalsensingmodalitiesis that their
failure modesare often different. Even if a good qual-
ity color imagecangenerallyprovide a lot of information,
limitations in thedynamicrangeof existing camerasmake
it hard to extract information from imageswhich contain
shadows andbright spots,or from imagestakenat duskor
dawn. A laserrange�nder is not sensitive to suchissues.
Similarly, therearetimesof thedaywhenaninfraredcam-
era- which cannormallyprovidegreatinformationfor de-
tecting humans,water and vegetation- doesnot produce
very useful information. A more diverseset of sensing
modalitieswould increasethechancesthatat leastsomeof
thesensorscanproduceusefulinformationallowing theau-
tonomousvehicleto pursueits mission.

In additionto datafusion,ourapproachreliesquiteheav-
ily on machinelearning. Detectingobstaclesin environ-
mentsthatareascomplex astheonesweareconsideringre-
quirescomplex decisionschemeswhich involvelargenum-
bersof parameters.Deriving suchschemesmanuallycan
be an extremely tediousprocess. We believe that manu-
ally “optimizing” the performanceof a systemwith many



parametersis not a satisfactorysolution.We would like our
robotsto beeasilyadaptableto new environmentsandoper-
atingconditions,andfor thispurposewewill useautomated
methodsfor tuningour systems.

Usingseveralsensingmodalitiesor machinelearningare
certainlynotnew ideasin themobilerobotics�eld. A quick
look at thepreviouswork showsthatsensorfusionhasbeen
a constantpresencein this areafrom the earliestmobile
robotsto the plaformsthat de�ne the currentstateof the
art. Begining with the indoor HILARE robot in 1979[7],
Moravec'sStanfordCartandCMU Rover ([14], 1983)and
continuingwith the outdoorsGroundSurveillanceRobot
[10, 9], the AutonomousLand Vehicle [5], the NAVLAB
seriesof autonomousvehicles[22, 8] andtheDemoI-II-III
project[23], numerousgroupshave usedsonars,TV cam-
eras,IR sensors,contactswitchesandlaserrange�nders in
orderto tackletheobstacledetectionproblem.

In 1992,Pomerleau[17] demonstratedthe�rst success-
ful applicationof machinelearningmethodsto theproblem
of mobilerobotnavigation.SoonafterDavis andStentz[6]
proposedtheMAMMOTH systemwhich employeda neu-
ral network to learnhow to combinesteeringanglespro-
ducedby otherneuralnetworksusingimageandlaserdata.

It is interestingto contrastthe machinelearningtech-
niquesusedin early robotic systemssuchasNAVLAB to
more recentapproachessuchas the DemoIII project [1].
While theearlysystemstried to achieveautonomyby solv-
ing onemonolithiclearningproblem(traininga neuralnet-
work to mapfrom grey level imagesto steeringanglesin the
caseof Pomerleau'sALVINN [17]), morerecentlythetrend
hasbeento makeintensiveuseof humandomainknowledge
andonly uselearningfor thoseaspectsof theproblemthat
arehardto pre-program.For example,in [1] theauthorsde-
scribea systemwhich usesmanuallyderivedrulesto iden-
tify geometricobstacles,andthen�lters theresultsthrough
a color-basedclassi�er that tries to identify the falsegeo-
metricobstaclescausedby vegetation.This latterclassi�er
is trainedby �tting a mixture of Gaussiansto humanlyla-
beleddata.

Theapproachweproposeis locatedsomewherebetween
the two extremeswe just described. We believe that in
certaincasesit is a good idea to try to go directly from
low-level datato an obstacle/non-obstacledecisionbut we
would also like to be able to improve our resultsby us-
ing classi�ersproducedby humanexperts.Essentially, we
would like to build a “black-box” in whichwe canfeedour
dataandsomeotherclassi�ers(trainedor pre-programmed,
thatsolve theentireobstacledetectionproblemor just part
of it). The black-boxshouldcombineits inputs in sucha
way that theobstacle/non-obstacledecisionsit producesas
an output are more likely to be correctthan thoseof any
otherclassi�er providedasan input. In this paperwe will
presentresultsbasedonseveralclassi�er combinationtech-

niquesandshow thatsucha black-boxcanbebuilt in prac-
tice.

In thefollowing sectionswe will describein moredetail
our problemsetup(section2) andthefusiontechniqueswe
haveexperimentedwith (section3). In section4 wepresent
our experimentalresultsandwe draw conclusionsanddis-
cussfutureresearchdirectionsin section5.

2. Problem Setup

Consideringthelargevarietyof sensingequipmentused
in outdoormobilerobotics,we will attemptto describethe
mainassumptionswemakeabouttheroboticplatform.

Two elementsare important for our approach:we as-
sumethat the robot is equippedwith someform of 3D
rangesensing(suchasa laserrange�nder or a stereovi-
sionsetup),andthat it hasrelatively goodposeestimation.
Theposeestimationrequirementcanberelaxed,sinceit is
only requiredfor accumulatingsensordataover timeasthe
robot moves. In the worst casein which no poseestima-
tion is available,we couldstill attemptto navigateusinga
“blindfoldedrobot” approach:wecanignoreall historyand
makeall decisionsbasedoncurrentdata.

In additionto rangesensingit is frequentlythecasethat
robotsareequippedwith somecameras(e.g. color, black
andwhite, infrared).Ourgoalwill beto combinetherange
andcameradatain orderto performreliableoutdoorobsta-
cledetection.

2.1. Data Association

Fusingmultisensordataat low-level requiressolvingthe
data associationproblem, which consistsof establishing
correspondencesbetweenthemeasurementsreturnedby the
differentsensors.In our casewe will needto �nd suchcor-
respondencesbetweenour laserdataandthe imagesfrom
thecolorandIR cameras.

The initial stepof our calibrationprocedureconsistsin
determiningtheintrinsicparamtersof ourcolorandIR cam-
eras,for whichweusetheMatlabCameraCalibrationTool-
box ([3]). A relatively simplelaser-cameracalibrationpro-
cess– consistingof extractingthecornersof acheckerboard
calibrationtargetin boththelaserdataandour images– al-
lowsusto recoverthe3D transformationbetweentherefer-
enceframeattachedto the laserrange�nder andtheframe
of eachcamera.Usingthistransformationwecantransform
all the rangemeasurementsfrom the laser to the camera
framesand then usethe intrinsic parametersof our cam-
erasin order to �nd the pixel coordinateswhereeach3D
measurementshouldproject. Thus,for all the laserpoints
thathappento bein the�eld of view of ourcameraswecan
obtaincolor andIR information.



Notethatif weassumethatthepositionof our robotin a
�x edworld frameis known we canaccumulatelaserpoints
expressedin this frame. Whena new setof imagesis cap-
turedwe cantransformthesepointsto thecurrentframeof
thecamerasandobtainimageinformationfor all theaccu-
mulatedpointsthatarevisible.

2.2. ObstacleDetectionasa Classi�cation Problem

Assumingthat the dataassociationstep is completed,
thereis a choiceregardingthespacein which we will per-
form obstacledetection: we can usethe 3D spaceor the
imagespace.

Usinga3D voxel representationfor ouranalysisrequires
a mappingof the featuresextractedfrom imagesto 3D lo-
cationsin theworld. Usingthe3D coordinatesof the laser
pointsthatprojectclosetoacertainlocationin theimagewe
canmaptheimagepropertiesextractedfrom thatsmallarea
to a speci�c voxel in the3D representation.The3D voxels
canthenbeclassi�edasobstacle/non-obstaclevoxelsusing
their laserandimage-basedfeatures.

Performingtheanalysisin the imagespacerequiresthe
oppositeprocess:oneof the imagesselectedasreference
is divided into a grid of rectangularpatchesand all the
available3D measurementsareprojectedinto it. Eachim-
agepatchwill containzeroor morelaserpoints,which we
canuseto extract “laser features”suchas rangestatistics
or heightin thevehicleframe. The laserfeaturestogether
with theimagefeatures(suchastextureandcolorstatistics)
arethe inputsto a classi�er which will decideif the image
patchesascorrespondingto anobstaclein thesceneor not.
The 3D points that project into eachpatchcanbe usedto
estimatethelocationsof thepatchesclassi�edasobstacles,
astepnecessaryfor obstacleavoidance.

While the two representationmodels are essentially
equivalent, we have chosento usethe imagespaceclas-
si�cation which is moreconvenientfor both labelingdata
andvisualizationof theclassi�cationresults.This is not a
limiting factorfor theobstacledetectionalgorithmsthatwe
canusein ourclassi�er fusionapproach:any labelingof 3D
voxelscanbeconvertedto a labelingof imagepatchesand
vice-versa.

Thesetupwehavepresentedreducestheproblemof ob-
stacledetectionto the one of binary classi�cation of im-
agepatchesin the obstacle/non-obstacleclasses.For each
imagepatchwe extractcolor, texture, IR andvariouslaser
statisticsfeatureswhichcanbeusedasinputsto our classi-
�cation methods.

Thelearningmethodsusedfor theexperimentspresented
in this paperare all supervisedalgorithms. We produce
manuallylabeleddataby selectingareaof interestin im-
agesandclassifyingthemasobstaclesor non-obstacles.

3. Classi�er Fusion

3.1. Moti vation

We have describeda method for extracting informa-
tion (or “features”)from severaldifferentsensorsandusing
themasinputsto classi�cationalgorithms. If we reduced
ourselvesto simplyconcatenatingall thefeaturevectorswe
would essentiallyperforma simpleform of datafusion at
the pixel (or more preciselyimagepatch)level. In many
mobile roboticsapplicationsit is bene�cial to be able to
alsoincludealreadyexisting classi�ersthatmight incorpo-
ratesigni�cant amountsof domainknowledge.As we have
statedin the introduction,we would like to have thecapa-
bility to automaticallylearnwhento usecertainclassi�ers
andhow to combinethemwith andbasedon theavailable
inputdata.

The reasonsfor which classi�er combinationmight be
desirablein roboticsapplicationsinclude:

� Several researchgroupsmight work on obstaclede-
tectionalgorithms,makingpossiblydifferentassump-
tions about the sceneand about the sensors. It is
likely thatthefailuremodesof theiralgorithmswill be
slightly different,which leadsto thequestionwhether
by aggregatingthedecisionsof all theclassi�ersin the
poolwecoulddobetteronaveragethanany individual
algorithm.

� Certaintypesof obstaclescanbeparticularlydif�cult
to detect: thin wires and negative obstacles(suchas
holesandtrenches)aregoodexamples.While in such
casesit might hard to implementa generalobstacle
detectionalgorithmthat “learns” how to detectthem,
humanunderstandingof theconstraintsspeci�c to the
obstacleto bedetectedcanleadto muchmoreeffective
specializeddetectors.Learningclassi�er fusionauto-
matically would enableus to determinethe weights
and rules that shouldbe usedwith suchspecialized
classi�ers without manuallytuning parametersbased
on their falsealarmsanddetectionrates.

3.2. Algorithms

In this paperwe will discussthreealgorithmsfor classi-
�er combination:committeesof experts([15, 2]), stacked
generalization([27]) andaslight variationof theAdaBoost
algorithm([20]. While ourclassi�er fusionexperimentsare
notlimited to thesespeci�c algorithms,weconsiderthemto
bedifferentenoughfrom eachotherto berepresentativefor
theresultsonecouldexpectfrom applyingclassi�er fusion
in our domain.



1. Commiteesof Experts

Initially describedasa methodfor improving regres-
sionestimatesin [16, 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 C OE (x) =
P L

i =1 � i f i (x), wheref i (x) is the estimateproduced
by the i th expert. Under this model it caneasily be
shown [16, 15, 2] thattheoptimal(in themeansquared
errorsense)� i 's aregivenby

� i =

P L
j =1 (C � 1 ) ij

P L
k=1

P L
j = i (C

� 1 )k j

where C is the error correlationmatrix. It can be
shown that the meansquarederror of the committee
is always smallerthan or equalto the averagemean
squarederror over the classi�er pool. In fact, if we
assumethat theexpertsmake uncorrelatedzeromean
errorstheerrordecreasesby at leasta factorof L . Ob-
viously, this is overly optimistic: in reality the errors
of the classi�ersaregoing to be correlatedso the re-
ductionin errorwill bemuchsmaller. However, given
thesimplicity of themethodit is veryattractive to use
it. Theassumptionthatneedsto bemadefor theCOE
fusion approachis that the classi�ers in the pool are
trying to solvethesameproblem.As aresult,thistech-
niquehasthe limitation of not being able to support
specializedclassi�ers.

2. StackedGeneralization

Introducedby Wolpert in 1990 [27], stacked gener-
alization (or “stacking”) was initially presentedas a
method for combining multiple models learnedfor
classi�cation. Sincethen,stackinghasalsobeenused
for regression[4] andevenunsupervisedlearning[24].

Despitebeinganextremelysimplealgorithm,stacked
generalizationis quite dif�cult to describe.To make
the taskeasier, we describewhat stacked generaliza-
tion (SG) would be equivalentto if we arewilling to
assumethat a very large amountof training data is
available,andthenexplain theactualalgorithm.

In theform describedby Wolpertin [27], stackedgen-
eralizationis atwo stageclassi�er. Justlike in thecase
of committeesof expertswe will assumethatwe have
apoolof L trainableexpertsthatestimateatargetfunc-
tion f (x). Theseclassi�ersarewhatWolpertcallsthe
“level-0generalizers”,andaretrainedin the�rst stage
of SG.Thesecondstageconsistsof trainingaclassi�er
thattakesasinputstheoutputsof thelevel-0generaliz-
ersandtriesto producethecorrectlabelasanoutput.

This classi�er is calledthe “level-1 generalizer”,and
its purposeis to learnthebiasesof thelevel-0general-
izers.

The crucial elementof stacked generalizationis that
thelevel-1generalizershouldbetrainedusingdatathat
is “new” to thelevel-0generalizers,sinceweareinter-
estedin learningabouttheir generalizationproperties
andnot their ability to over�t. In theidealcasewhere
verylargeamountsof trainingdatawereavailable,this
couldsimply beachievedby splitting thetrainingdata
andreservinghalf of it (for example)for training the
secondstageclassi�er. The only differenceaboutthe
stacked generalizationalgorithm and the methodwe
just describedis that in the real algorithm a cross-
validationschemeis usedso that all the datais used
for trainingbothstagesof theclassi�er.

Stacked generalizationworks surprisingly well in
practice,andit hasbeenappliedsuccessfullyin other
domainssuchasATR ([26]).

3. AdaBoostwith Classi�er Selection

AdaBoostis an algorithmthat hasbeenshown to be
somewhat similar to the popularsupportvector ma-
chines,in thatit triesto maximizetheseparationmar-
gin. ShapireandFreund[20] proposeda clever iter-
ative algorithm that solves the margin maximization
problem with the only requirementthat a so-called
“weak classi�er” –a learningalgorithm that can per-
form betterthanarandomone–is available.

The intuitive idea behindAdaBoostis to train a se-
ries of classi�ers andto iteratively focuson the hard
training examples. The algorithm relies on continu-
ouslychangingtheweightsof its trainingexamplesso
that thosethat arefrequentlymisclassi�edget higher
andhigherweights: this way, new classi�ers that are
addedto theensemblearemorelikely to classifythose
hardexamplescorrectly. Asidefrom thisintuition,Ad-
aBoost's training schemecorrespondsto performing
gradientdescenton an error function that exponen-
tially penalizessmallclassi�cationmargins[13, 21].

Our small variation to the regular form of Adaboost
consistsin allowing thealgorithmto chooseat eachit-
erationwhich typeof weakclassi�er to train. Assum-
ing thatwe have a pool of classi�ersandthatsomeof
themcanbetrained,weallow thealgorithmto examine
all theclassi�ersin ourpool–trainingtheonesthatare
trainable–andselecttheonethatcanbestclassifythe
training examplesgiven their currentweight distribu-
tion. Thus,AdaBoostwill selectoneof theclassi�ers
availableateachiteration.

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



assumptionsthat the algorithm is basedon. A simi-
lar applicationof AdaBoostwassuccessfullydemon-
stratedby Tieu andViola [25] in the context of auto-
matedimageretrieval.

4. Experimental Results

4.1. Features

In order to validatethe techniquesdescribedso far we
have performedexperimentswith both the XUV and an-
other CMU robotic platform. While the two vehiclesare
equippedwith differentsensorsandhave differentgeome-
tries,wehaveusedthesameapproach(describedin section
2) to extractinformationaboutthescenes.For eachpatchin
our imagegridswe havecomputedthefollowing features:

� Color. The imagesare convertedto the LUV color
space;we extract the meanandstandarddeviation of
thepixelsin apatchfor eachchannel,obtaining6 color
features.

� Texture. TheFFTrepresentationof eachpatchis com-
puted,andit is thendividedinto 6 bins for frequency
and6 for theorientation.Themeansandstandarddevi-
ationof theenergy in eachbin arecomputed,resulting
in a totalof 24 texturefeatures.

� Infrar ed. Themeanandstandarddeviation of the IR
pixel valuesfor eachpatcharecomputed,resultingin
2 IR features.The correspondencebetweenthe color
patches(usedas reference)and IR patchesis estab-
lishedusingthe3D informationprovidedby the laser
pointsthatprojectin thecolorpatch.

� Laser (simple statistics). Using the laserpointsthat
projectinto eachimagepatchwe estimatetheaverage
heightexpressedin thevehicleframe,andthestandard
deviationsin theXYZ directionsrelativeto thevehicle
frame.This resultsin 4 simplelaserfeatures.

� Laser (Vandapel-Hebert featuresand classi�cation
[11]). As a goodexampleof a specializedclassi�er
wemightwantto incorporateinto oursystem,wehave
usedan implementationof the techniquedescribedin
[11] for terrain classi�cation. The methodlooks at
the local point distribution in spaceandusesa Bayes
classi�er to producethe probability of belongingto
3 classes- vegetation,solid surfaceand linear struc-
ture. The methodtakesas input a sparseset of 3-D
points. At eachpoint the scattermatrix is computed
usinga prede�nedsupportregion. Thedecomposition
in principalcomponentsof thismatrix leadsto thedef-
inition of threesaliency featurescharacterizingthe3-
D pointsspatialdistributionas”random”,”linear” and

”surface”. We useboth thesesalienciesandtheprob-
abilitiesof belongingto eachclass,which resultsin a
numberof 6 features.Wewill referto thesefeaturesas
“LaserVH”.

4.2. Experiment 1

The �rst experimentwe will presentis basedon data
collectedwith the XUV robotic platform. The vehicle is
equippedwith a laserrange�nder unit, two 640x480Sony
color camerasandan infraredcamerawith the samereso-
lution. Thelaserunit andthecamerasaremountedinsidea
pan-tilt platform.

We have evaluatedthe performanceof the variousfea-
turesetsandthebene�t of thedifferentfusionstrategiesby
attemptingto solveaproblemthatis very importantfor out-
doormobile robotics:detectingdirt roads.While the road
detectionis not an instanceof an obstacledetectionprob-
lem,noticethatour setupis essentiallysolvingbinaryclas-
si�cation problemsandassuchcanalsobeusedfor terrain
classi�cation.

Figure 1. A typical scene from the road detec­
tion dataset: the color image (top­left), the IR
image (top­right), the 3D point cloud in whic h
points are coloriz ed based on the color image
(bottom).

Thedatalogsusedfor this experimentwerecollectedat
the ARL Fort Indiantown Gaproboticsfacility. Eachdata
log containedcolor andinfraredimages,togetherwith ve-
hicle position and rangedatafrom the vehicle. We have
used3 independentdatasets(2 mergedinto thetrainingset,



1 usedasa testset).Thecorrespondingimageswereman-
ually labeledin the two classesof interest. We have only
usedimagepatchesthat containedlaserpoints,which re-
sultedin 18963/8582patchesin thetrain/testdatasets.The
percentageof roadpatcheswas0.62/0.63.

After labeling the dataand extracting the featureswe
have trained several classi�ers on this problem. More
speci�cally, we comparedthe performanceof neuralnet-
workstrainedon subsetsof our full featurevector(suchas
color, texture,IR, lasersimpleandlaserVH) with theper-
formanceof aneuralnetwork thathasaccessto thefull vec-
tor. Wealsocomparedtheirperformanceto two of ourclas-
si�er fusionalgorithms,stackedgeneralizationandcommit-
teesof experts.Thenumericalresultsarepresentedin Fig-
ure2, while Figure3 presentsa graphicalrepresentationof
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 stac ked generalization, committees of
exper ts, and color , texture , infrared, laser
simple , laser VH, and all feature based neural
netw orks.

In order to estimatethe error ratesandstandarddevia-
tions we performed10 fold cross-validationwithout prior
randomizationof the patches. We chosenot to use ran-
domizationin order to avoid gettingoverly optimistic re-
sults: since there is high degree of correlationbetween
neighboringimagepatches,splitting themrandomlywould
leadto unrealisticsimilaritiesbetweenthetrainingandtest-
ing datasets. We have also performedexperimentswith
completelyseparatetraining and test datasets(i.e. with-
out cross-validation)andthe error rateswe obtainedwere
similar to theonesproducedby cross-validation.

Overall our resultsare encouraging:they con�rm that
performingboth low-level datafusionandclassi�er fusion
cansigni�cantly improve classi�cation performance.The
fact that committeesof expertsandstacked generalization
performedaswell asaneuralnetwork thathasaccessto the
full featurevector is very positive. While in this casewe
hadfull accessto 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
exper ts, (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 reducesthe importance
of classi�er fusion,it is importantto con�rm thatalgorithms
likeCOEandSGcanlearnto combineinputclassi�ersvery
effectively.

It is interestingto noticethattheVH features(whichef-
fectively representa form of specializedclassi�er) perform
signi�cantly betterthan the simple laserstatistics,despite
thefactthatexactly thesamelaserpointsareusedasinputs
in bothcases.This is a perfectexampleof why onewould
like to beableto fuseseveralclassi�ers.

4.3. Experiment 2

The secondexperimentwe presentusesdatacollected
with a CMU developedrobotic platform (a large tractor).
Thevehicleis equippedwith two Sony DFW-SX900high-
resolutioncolor digital camerasproducing1280x960im-
agesand two laserrange�nder units which are basedon
mechanicallyscannedSICK LMS units. At the time the
datalogswererecordedthevehicledid nothaveanIR cam-
era.

The experimentwe performedon CMU datausedthe
sametypesof featuresastheonesbasedon XUV data,ex-
cept for the laserVH andthe IR featureswhich werenot
available. The camerasand the laser units have perfor-
mancecharacteristicsthatarequitedifferentfrom thoseof
the XUV sensors.This makes the experimenteven more



interesting: we are claiming that using automatedlearn-
ing makesour fusiontechniquesapplicableto many differ-
entvehiclesandsensorcon�gurations. This is anexample
of suchan applicationof thesametechniquesfusion tech-
niquesonsigni�cantly differentvehicles.

Figure 4. Box plots representing the classi­
�cation perf ormance on the obstac le detec­
tion problem. The rectangle for each clas­
si�er represents the inter quar tile rang e and
the horizontal line is the median. From
left to right we have the color , texture and
laser based classi�er s, the committee of ex­
per ts (COM), stac ked generalization (SG), Ad­
aBoost (AB CTL) and Most Frequent, a clas­
si�er that always predicts the most frequent
class without using any features.

Theproblemwe attemptedto solve in this casewasob-
stacledetection,usinga datasetin which the obstaclewas
a humanwalking in front of themoving vehiclein anarea
with tall vegetation. To make the problemnon-trivial the
humanwaswearinga camou�agejacket. The raw classi-
�ers were neuralnetworks, this time using color, texture
and simple laserfeatures. The classi�er fusion strategies
we comparedwerestacked generalization,a committeeof
expertsand the versionof AdaBoostwe described. The
datasetweusedcontained22989non-obstacleand2893ob-
stacleimagepatches(weused20x20patches).

Theresultspresentedin Figure4 wereobtainedperform-
ing 10 fold cross-validationon our dataset.Sincethe two
classes(obstacle/non-obstacle)weresounbalanced,wepre-
sentedthe error rateof a “constant”classi�er that always
predictsthe mostfrequentclass. Sinceonly 12 percentof
our datarepresentsthe obstacleclassthe readershouldbe
awarethatan error rateof 10 percentdoesnot necessarily

representgoodperformance.
In this experiment the color classi�er performedex-

tremelywell, followedby thelaserfeaturesandthetexture
which was mostly irrelevant. The explanationis that the
vegetationwas slightly dry, which madethe color of the
camou�agedjacketdifferentfrom thebackground.Stacked
generalizationand the committeeof expertswere able to
learnto focuson thecolor-basedpredictionsandto usethe
laserinformationto slightly improveuponthecolorperfor-
mance.A t-testbasedon our cross-validationdatashowed
this slight improvementto bestatisticallysigni�cant.

The boostingalgorithm performedslightly worsethan
the best input classi�er. Our analysisindicatedthat the
problem lies in the exponential penalty that AdaBoost
“charges” for small classi�cation margins. The algorithm
focusesonincreasingthemargin onasmallnumberof very
dif�cult trainingexampleswhile actuallyreducingthemar-
gin of theothers;asa result,its generalizationperformance
is reduced.A solutionto thisproblemwouldbeto use“soft-
margin” AdaBoostvariationssuchasthe onedescribedin
[18].

5. Conclusions

We have presenteda 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 the in-
tuition that combiningdatafrom multiple sensingmodal-
ities candramaticallyimprove classi�cation performance.
Furthermore,we have shown thatautomaticallycombining
differentclassi�ers in order to leverageon their particular
strengthsandprovideperformancethatis betterthanthatof
any classi�er in thepool is possible.We anticipatethatthis
type of approachwill have importantapplicationsin mo-
bile robotics.We will continueour experimentsin orderto
analyzetheperformanceof oursystemondifferentclassi�-
cationproblemsandwith morecomplex classi�ercombina-
tion schemessuchashierarchicalmixturesof experts[12].

Theweakestlink of our currentsetupis thefactthatwe
rely on supervisedlearning. Labelingdatafor large scale
problemsis tediousandexpensive,andwearecurrentlyde-
veloping active learningsolutionsfor alleviating the data
labelingrequirements.The main directionof our effort is
to adaptanomalydetectiontechniquesfrom the datamin-
ing �eld to our domain,but wearealsoexperimentingwith
methodssuch as the one describedin [19] to iteratively
selectthe next “most informative” datato label. Sincein
mostroboticsapplicationsit is usuallyinexpensive to col-
lect very large amountsof unlabeleddata,we believe that
activelearninghasthepotentialto opennumerousnew pos-
sibilities for thesuccessfulapplicationof machinelearning



in robotics.
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