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Abstract

Current methodsfor off-road navigationusingvehicle
and terrain modelsto predict future vehicleresponseare
limitedbytheaccuracyof themodelsthey useandcansuf-
fer if theworld is unknownor if conditionschangeandthe
modelsbecomeinaccurate. In this paper, an adaptiveap-
proach is presentedthatclosesthelooparoundthevehicle
predictions. This approach is applied to an autonomous
vehicledriving throughunknownterrain with variedvege-
tation. Featuresare extractedfromrange pointsfromfor-
ward lookingsensors. Thesefeaturesareusedbya locally
weightedlearningmoduleto predicttheload-bearingsur-
face, which is oftenhiddenby vegetation.Thetruesurface
is thenfoundwhenthe vehicledrivesover that area, and
this feedback is usedto improve themodel. Resultsusing
real data showimproved predictionsof the load-bearing
surfaceandsuccessfuladaptationto changingconditions.

1 Intr oduction and RelatedWork

Automatedvehiclesthatcansafelyoperatein roughter-
rainhold thepromiseof higherproductivity andef�ciency
by reducingtheneedfor skilledoperators,increasedsafety
by removing peoplefrom dangerousenvironments,andan
improvedability to exploredif�cult domainson earthand
otherplanets. Even if a vehicle is not fully autonomous,
thereare bene�ts from having a vehicle that can reason
aboutits environmentto keepitself safe.Suchsystemscan
be usedin safeguardedteleoperationor as an additional
safetysystemfor humanoperatedvehicles.

To safelyperformtasksin unstructuredenvironments,
anautomatedvehiclemustbeableto recognizeterrainin-
teractionsthat could causedamageto the vehicle. This
is a dif�cult problembecausetherearecomplex dynamic
interactionsbetweenthevehicleandtheterrainthatareof-
tenunknown andcanchangeover time,vegetationis com-

pressiblewhich preventsa purelygeometricinterpretation
of theworld, therearecatastrophicstatessuchasrollover
thatmustbeavoided,andthereisuncertaintyin everything.
In agriculturalapplications,muchabouttheenvironmentis
known, but unexpectedchangescanoccurdueto weather,
andthevehicleisoftenrequiredtodrivethroughvegetation
thatchangesduringtheyear. In moregeneraloff-roadex-
plorationtasks,driving throughvegetatedareasmay save
time or provide the only possiblerouteto a goal destina-
tion, andtheterrainis oftenunknown to thevehicle.

Many researchershave approachedthe rough terrain
navigation problem by creating terrain representations
from sensorinformation and then using a vehicle model
to make predictionsof the futurevehicletrajectoryto de-
terminesafecontrolactions[1, 2, 3, 4]. Thesetechniques
have beensuccessfulon rolling terrain with discreteob-
staclesandhaveshown promisein moreclutteredenviron-
ments,but handlingvegetationremainsachallenge.

Navigation in vegetationis dif�cult becausethe range
pointsfrom stereocamerasor a laserrange-�nderdo not
generallygive the load-bearingsurface. Classi�cation of
vegetationandsolid substancescanbeusefulfor this task,
but it is not suf�cient. A grassyareaon a steepslopemay
bedangerousto drive on whereasthesamegrasson a �at
areacould be easily traversable. Researchershave mod-
eled the statisticsof laserdata in grassto �nd hard ob-
jects[5], assignedspringmodelsto differentterrainclasses
to determinetraversabilityusinga simpledynamicanaly-
sis[4], andkepttrackof theratioof laserhits to laserpass-
throughsto determinethegroundsurfacein vegetation[3].

Theabove methodsall rely on variousformsof vehicle
andterrainmodels.Thesemodelsaredif�cult to construct,
hardto tune,andif theterrainis unknown or changing,the
modelscanbecomeinaccurateandthepredictionswill be
wrong. Incorrectpredictionsmay lead to poor decisions
andunsafevehiclebehavior. In this work, we investigate
modellearningmethodsto mitigatethisproblem.



Otherresearchershaveinvestigatedtheuseof parameter
identi�cation techniqueswith soil modelsto estimatesoil
parameterson-linefrom sensordata[6, 7], but thesemeth-
odsonly determinetheterrainthat thevehicleis currently
traversing. We areinterestedin taking this a stepfurther
andclosingthe loop aroundthevehiclepredictionsthem-
selvesby learninga bettermappingfrom forward looking
sensordatato future vehiclestate. This allows the vehi-
cle to useits experiencefrom interactingwith theterrainto
adaptto changingconditionsandimprove its performance
autonomously.

Our vehicletestplatform is describedin section2 and
ourmodel-basedapproachto safeguardingin roughterrain
is given in section3. Section4 explains the generalap-
proachof learningvehiclepredictionsandthendescribes
how this is usedto �nd the load-bearingsurfacein veg-
etation. Experimentalresultsare given in section5 and
conclusionsandfuturework aregivenin section6.

2 VehiclePlatform and Terrain Mapping

Our projectteam[8] hasautomateda JohnDeere6410
tractor (see�gure 1). This vehiclehasa rich setof sen-
sors,includinga differentialGPSunit, a 3-axis�ber optic
verticalgyro,adopplerradargroundspeedsensor, asteer-
ing angleencoder, four customwheel encoders,a high-
resolutionstereopair of digital cameras,and two SICK
laser range-�nders (ladar) mountedon custom actively
controlledscanningmounts. The �rst ladar on the roof
of the vehicle is mountedhorizontally and is scannedto
cover theareain front of thetractor. Theladaron thefront
bumper is mountedvertically and is actively scannedin
the directionthe tractor is steering. We arecurrentlyex-
perimentingwith a near-infraredcameraanda millimeter-
wave radarunit aswell.

Theapproachdescribedin this work builds mapsusing
rangepointsfrom multiple lasersthatareactively scanned
while the vehicle moves over rough terrain. The true
groundsurfaceis thenfoundwhenthe tractordrivesover
that areaa numberof secondslater. To make this pro-
cesswork, it is importantthat the scannedladarsarepre-
ciselycalibratedandregisteredwith eachotherin thetrac-
tor frame, the timing of all the variouspiecesof sensor
datais carefully synchronized,andthe vehiclehasa pre-
cise poseestimate. Our systemhasa 13 stateextended
Kalman�lter with biascompensationandoutlier rejection
that integratesthevehiclesensorsdescribedabove into an
accurateestimateof theposeof thevehicleat 75Hz. This
poseinformation is usedto tightly register the datafrom
theladarsinto highquality terrainmaps.

Theinformationfrom theforward looking sensorsrep-
resentsa massive amountof datain its raw form, sosome
form of datareductionis needed.Onesimpleapproachis

Figure1: Automatedtractortestplatform.

to createa grid in the world frameandthencombinethe
raw datainto summaryinformationsuchasaverageheight
for eachgrid cell. This approachmakes it easyto com-
binerangeinformationfrom thetwo ladarson our vehicle
andto combinesensorinformationover timeasthevehicle
drives.Figure3 shows thetypeof terrainwe testedonand
a grid representationof this areausingtheaverageheight
of eachcell.

3 RoughTerrain Navigation

The goal of our systemis to follow a prede�nedpath
throughroughterrainwhile keepingthevehiclesafe.Path
trackingis performedusinga modi�ed form of purepur-
suit [8]. Thedecisionto continueis basedonsafetythresh-
oldsonthemodelpredictionsfor roll, pitch,clearance,and
suspensionlimits. Thesequantitiesarefoundby building a
mapof theupcomingterrainandusinga vehiclemodelto
forwardsimulatetheexpectedtrajectoryonthatterrain[2].

If thevehicleis moving relatively slowly andthe load-
bearingsurfaceof thesurroundingterraincanbemeasured,
thesequantitiescanbecomputedusingasimplekinematic
analysis.Thetrajectoryof thevehicleis simulatedforward
in time using its currentvelocity and steeringangle. A
kinematicmodelof the vehicle is thenplacedon the ter-
rainmapat regularintervalsalongthepredictedtrajectory,
and the heightsof the four wheelsare found in order to
make predictionsof vehicleroll andpitch. Theclearance
underthe vehicle is importantfor �nding body collisions
andhigh centeringhazards.It is found by measuringthe
distancefrom the heightof the groundin eachcell under
thevehicleto theplaneof thebottomof thevehicle. Our
vehiclehasa simplefront rocker suspension,sochecking
the suspensionlimits involves calculatingthe roll of the
front axleandcomparingit to theroll of therearaxle. For
smoothterrain with solid obstacles,this approachworks
well becauseaccuratepredictionsof the loadbearingsur-



facecanbe found by simply averagingthe heightof the
rangepointsin theterrainmap.

If thereis vegetation,�nding the load-bearingsurface
canbe dif�cult becausemany laserrangepointshit vari-
ousplaceson the vegetationinsteadof the ground. Sim-
ply averagingthe points in a grid cell performspoorly in
this case.Onepossiblesolutionis to usethe lowestpoint
in eachgrid cell instead.This correctlyignoresthe range
points that hit vegetation,but becausethereis inevitable
noisein therangepoints(especiallyat longdistances),this
resultsin the lowestoutlier in thenoisedistribution being
chosen,thusunderestimatingthetruegroundheight.

4 Learning VehiclePredictions

To overcomethedif�culties associatedwith creatingve-
hicle and terrain modelsfor a complex environmentthat
may be unknown or changing,a learningmethodis pro-
posed.At thehighestlevel, this approachis aboutclosing
thelooparoundvehiclepredictions,asshown in �gure 2. A
vehiclepredictionis amappingfrom environmentalsensor
informationandcurrentvehiclestateto futurevehiclemo-
tion. This mappingis learnedby observingactualvehicle
motion afterdriving over a given terrain. During training
andexecution,thevehiclemakespredictionsaboutthefu-
turestateof thevehicleby reasoningaboutits currentstate
andtheterrainin front of thevehicle. Then,whentheve-
hicle drivesover thatterrain,it comparesits predictionsto
whatactuallyhappened.This feedbackis usedfor contin-
ual learningandadaptationto thecurrentconditions.

By closingtheloop aroundvehiclepredictionsandim-
proving the systemmodelson-line, tuning a systemto a
givenapplicationis easier, thesystemcanhandlechanging
or unknown terrain,andthe systemis ableto improve its
performanceover time.

Thelearningvehiclepredictionsapproachhasbeenap-
plied to the problemof �nding the load-bearingsurface
in vegetation. The systemmakespredictionsof the load-
bearing surface from featuresextracted from the laser
rangepoints. Then it drives over the terrain and mea-
suresthe true surfaceheightwith the rearwheels. These
input-outputpairsareusedastrainingexamplesto alocally
weightedlearnerthat learnsthemappingfrom terrainfea-
turesto load-bearingsurfaceheight.Oncetheload-bearing
surfaceis known, parametersof interestsuchasroll, pitch,
clearance,and suspensionlimits can easily be computed
usingakinematicvehiclemodelasdescribedin section3.

This combinationof kinematicequationswith machine
learning techniquesoffers several advantages. Known
kinematicrelationshipsdo not needto be learned,so the
learnercan focus on the dif�cult unknown relationships.
Also, thelearnedfunctioncanbetrainedon �at safeareas,
but is valid on steepdangerousareas. If we learnedthe
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Figure2: Learningvehiclepredictions.Featuresfrom mapcell
mi j extractedat time T areusedto make a prediction. Then,at
time T + N the vehicle traversesthe areaand determinesif its
predictionis correct.This feedbackis usedto improvethemodel.

roll andpitch directly, we would needto provide training
examplesin dangerousareasto getvalid predictionsthere.

4.1 FeatureExtraction

As describedin section2, the rangepoints from the
ladarsare collectedover time in a world frame grid. In
addition to maintainingthe averageand lowestheightof
points in eachcell, we usean approachsimilar to [3] to
take advantageof the addedinformationaboutfree space
that a laserray provides. We maintaina scrollingmapof
3D voxelsaroundthevehiclethat recordsthe locationsof
any hits in a voxel, as well as the numberof laser rays
thatpassthroughthevoxel. Eachvoxel is 50cmsquareby
10cmtall. We usea cell sizeof 50cmbecausethat is the
width of the rear tires on our tractor, which areusedfor
�nding thetruegroundheight.

Four differentfeaturesareextractedfrom eachcolumn
of voxels in the terrainmap. Theaverageheightof range
points works well for hard surfacessuch as roadsand
rocks. The lowest point may provide more information
aboutthegroundheightif thereis sparsevegetation.Vox-
elsthathave ahigh ratioof hits to pass-throughsarelikely
to representsolid objects,so the averageof the points in
thesevoxelsmayhelpdeterminetheload-bearingsurface.
As shown in �gure 4, thestandarddeviation from a plane
�t providesa goodmeasureof how “smooth” an areais,
andworkswell asadiscriminatorbetweenhardthingslike
roadandcompressiblethingslikeweeds.Wearecurrently
working on otherfeaturesthatusecolor andtexture infor-
mationin additionto laserrangepoints.

4.2 Learning

By closingtheloop aroundvehiclepredictions,this ap-
proachproducesa large amountof input-outputpairs of
training data. The systemextractsfeaturesfrom the sen-
sordatawhenmakingpredictionsandthenrecordsthetrue
valuewhenit drivesover thatarea.This happenscontinu-
ously, so the morethe vehicle interactswith the environ-
ment, the more training data the learningsystemhas to
work with.



Figure3: Top: Testareashowing dirt roadsandvegetation.
Bottom: Mapof testareausingaverageheight.

The mappingbetweenthe laserpoint featuresandthe
true groundheight is unknown and potentially complex,
so we use a generalpurposefunction approximatorfor
this task. Amongthemany possibilities,locally weighted
learning[9] waschosenbecauseit canaccurately�t com-
plex functions,it producescon�denceestimateson its pre-
dictions,andthereareonlineversionsavailable.

A commonform of locally weightedlearningis locally
weightedregression(LWR). Training with this algorithm
simply involvesinsertinginput-outputpairsinto memory.
Then, when a new predictionis requested,the points in
memoryareweightedby a kernelfunctionof thedistance
to thenew querypoint, anda local multi-dimensionallin-
earregressionis performedon theseweighteddatapoints
to producea prediction.For goodresults,thekernelwidth
mustbechosenproperlysothattheresultingfunctiondoes
not over-�t or over-smooththedata.We useglobal leave-
one-outcrossvalidationto �nd thekernelwidth.

Standardstatistical techniquesfor computingpredic-
tion boundshave beenadaptedto be usedwith this algo-
rithm [10]. Thesizeof thepredictionbounddependsboth
onthedensityof datapointsin thearea,andonthenoisein
theoutputsof nearbydatapointsthatcannotbeexplained
by themodel. Thepredictionboundsassumethat the lin-
earmodelstructureis correctandthe noiseis zero-mean
Gaussian.Theseassumptionscan rarely be veri�ed, but
becausethey only have to be satis�ed locally, the predic-
tion boundsstill give usefulinformationin practiceabout
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Figure 4: The standarddeviation from a plane�t is found for
eachcell in the terrainmapto discriminatebetweenhardthings
like roadandcompressiblethingslikeweeds.

thecon�dencein theprediction.
Locally weightedlearningstoresall of its trainingdata,

sopredictionstakelongerto computeasmoretrainingdata
is collected.This is not practicalfor systemssuchasours
that receive a continuousstreamof data. Schaal[11] has
describedan on-line incrementalversionof LWR called
receptive �eld weightedregression(RFWR). Insteadof
postponingall computationsuntil a new predictionis re-
quested,RFWR incrementallybuilds a set of receptive
�elds, eachof which hasa local regressionmodel that is
incrementallyupdated.Thedatapointsarethendiscarded,
andpredictionsaremadefrom acombinationof nearbyre-
ceptive�elds. A forgettingfactorisusedtoslowly discount
old experienceasit is replacedwith new data.

5 Experimental Results

A set of experimentswere performedto test the ca-
pabilitiesof this system. The �rst experimentshows the
improved performanceof the learnedpredictionsandthe
usefulnessof predictionbounds. The secondexperiment
shows thesystem'sability to adaptto achangein theenvi-
ronment.

Although the analysisfor the following experiments
wasperformedoff-line, thedatausedwascollectedin re-
alistic conditionsat thetestsiteshown in �gure 3. Wecol-
lectedapproximately25 minutesof datatraveling on dirt
roadsand driving throughvaried vegetationoften over a
metertall. Traveling at a speedof 1 m/s,we loggedinput-
outputpairsof laserfeaturesandcorrespondingrearwheel
heightat a rateof 4 examplespersecond,giving a total of
5700datapoints. Thedatafrom thesectionshown in �g-
ure 3 wasusedasthe testset,andthe remaining75% of
thedatawasusedfor training.
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Figure 5: Top: Height prediction deviations for right wheel
(shouldbezero).Averagepointhastroublein grass,lowestpoint
underestimates,learnedpredictionsdo better. Bottom: Learner
producespredictionboundson its estimatethatarelower for the
smoothroadareasandhigh for someof thetall vegetation.

5.1 PerformanceImpr ovement

Thelocally weightedregressiontechniquedescribedin
section4 was usedto �nd a model for the training data
describedabove. Leave-one-outcrossvalidationwasused
to choosethe kernel bandwidth. Figure 5 shows height
prediction resultsfor a sectionof the test set. The top
graphshows the errorsin predictedheightsusingthe av-
erageheight,thelowestpoint,andthelearnedresultusing
all the featuresdescribedin section4.1. It can be seen
thatusingtheaveragepointdoesquitepoorly in vegetation
andusingthe lowestpoint canresult in outlier pointsbe-
ing chosen.This especiallyoccurson roadswheremany
laserpointsarerecordedat long range(10m),resultingin
higheruncertainty. The learnedresult hassmallererrors
thaneitherof thesebecauseit is ableto combinethediffer-
entfeaturesin anappropriateway. Thelowergraphshows
the95%predictionintervalsproducedby LWR. Thethree
timesthatthevehicledriveson theroadareclearlyshown
by the tighterpredictionbounds,andthe learnerhasvery
little con�dencein its predictionsfor someof the points
in deepvegetation. Theseboundsare importantbecause
they could be usedto modify the behavior of the vehicle.
On simpleterrainsuchasroadswherethe learneris con-
�dent, the vehiclecould drive fasteror attemptmoreex-
tremeangles.In dif�cult terrainwith tall vegetationwhere
thelearnerhaslow con�dence,thevehiclecouldapproach
theareawith cautionor avoid it completely.

Figure 6 shows that combiningall the featuresusing
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Figure6: Comparisonof theperformanceof thedifferentfeatures
alongwith globalandlocal regressionon thetestset.
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Figure7: Errorof predictionson thetestsetatdifferentdistances
usingLWR.Thepredictionboundsfrom thelearneraresimilar to
theactualpredictionerrors.

global or local regressionperformsbetterthanusingany
of the featuresindividually. LWR canrepresentthesmall
non-linearitiesin thisproblemandperformsslightly better
thangloballinearregression.More importantly, LWR pro-
duceslocal predictionboundsthat re�ect the con�dence
in the predictionat that particularlocation in the feature
space,allowing thesystemto becautiousin areasit hasn't
experiencedbefore.

Theheightpredictionsin �gures 5 and6 useall thelaser
points that are collectedfor a given patchof terrain. In
practice,this would only happenif the systemmadepre-
dictionsof futurevehiclemotionjust in front of its current
location.Thisisnotusefulif thevehiclecannotreactin this
distance.Figure7 shows theeffect of makingpredictions
furtheraheadof thevehicle.Theplot showsthatthespread
of thepredictionerrorsincreaseswhenthepredictionsare
madefarther into the future. The �gure also shows the
mean95% predictionboundthe learnerproducesfor dif-
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Figure 8: After learninga model for Site A using RFWR, the
systemis transportedto SiteB. Theerror risesinitially, but then
thesystemadaptsto thenew environment.

ferentpredictiondistances.This curve is similar to the2s
(95%) level on the error, again showing the usefulnessof
thepredictionbounds.

5.2 Adapting to Envir onmentalChange

The above testswere performedin batchmodeusing
locally weightedlinearregression.In this experiment,the
on-line receptive �eld weightedregressionalgorithmwas
usedto testthesystem's ability to adaptto a changingen-
vironment.Wecollectedmoredatain anothertestsitethat
haddensevegetationapproximately0.75mhigh. Thisdata
wassplit into a trainingandtestset.Thetrainingdatawas
presentedto theRFWRlearningalgorithm,andthepredic-
tion erroron thetestsetwasperiodicallycomputed.

Figure8 shows the algorithmlearningthe characteris-
tics of this site and reducingpredictionerror on the test
set. Then,startingwith sample1000,thesystemwaspre-
senteddatausedin thepreviousexperiments.After being
trainedin the�rst sitewith densevegetation,thealgorithm
did poorly in thenew sitewith roadsandmorevariedveg-
etation. However, the learnerquickly adaptedto the new
environmentandendedup with a predictionerror similar
to the batchmodeversionof LWR on the test set. This
experimentshows theimportanceof usinganadaptive ap-
proachto beableto handleachangingenvironment.

6 Conclusionsand Futur eWork

Wehavedescribedthegeneralapproachof learningve-
hiclepredictionsfor localnavigation,andwehave applied
the techniqueto the problemof �nding the load-bearing
surfacein vegetation. The locally weightedlearningso-
lution to this problemperformedbetterthanusinga par-
ticular featureor performingglobal linearregression.An-

otherbene�t of this techniqueis that it producespredic-
tion boundson its estimate,and thesewereshown to be
fairly accurate.Finally, the ability of the systemto adapt
to changingenvironmentalconditionswasshown.

Futurework in this areawill include an investigation
into otherfeaturessuchascolor andtexture from camera
data,andtheuseof thepredictionboundsfor bettervehicle
control. We will alsoinvestigatewhetherthetechniqueof
learningvehiclepredictionscanbeappliedto otherrough-
terrainnavigationproblemssuchas�nding terrainfriction
characteristicsor dynamicvehicleresponse.
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