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Abstract

Current methodgfor off-road navigationusing vehicle
and terrain modelsto predict future vehicleresponseare
limited by theaccuracy of themodelghey useandcansuf-
fer if theworld is unknownor if conditionschange andthe
modelsbecomédnaccurate In this paper an adaptiveap-
proach is presentedhat closesheloop aroundthevehicle
predictions. This approad is appliedto an autonomous
vehicledriving throughunknowrterrain with varied vege-
tation. Featuesare extractedfrom range pointsfromfor-
ward lookingsensos. Thesdeatuesare usedby a locally
weightedearning moduleto predicttheload-bearingsur
face which is oftenhiddenby vegetation. Thetrue surface
is thenfoundwhenthe vehicledrivesover that area, and
this feedbak is usedto improve the model. Resultsusing
real data showimproved predictionsof the load-bearing
surfaceand successfuhdaptationto changingconditions.

1 Intr oduction and Related Work

Automatedvehiclesthatcansafelyoperatan roughter
rain hold the promiseof higherproductvity andef ciency
by reducingtheneedfor skilled operatorsincreasedafety
by removing peoplefrom dangerougrnvironmentsandan
improved ability to exploredif cult domainson earthand
otherplanets. Evenif a vehicleis not fully autonomous,
thereare bene ts from having a vehicle that can reason
aboutits ervironmentto keepitself safe.Suchsystemsan
be usedin safguardedteleoperatioror as an additional
safetysystemfor humanoperated/ehicles.

To safely performtasksin unstructurecervironments,
anautomatedrehiclemustbe ableto recognizeerrainin-
teractionsthat could causedamageto the vehicle. This
is a dif cult problembecausehereare complex dynamic
interactiondetweerthevehicleandtheterrainthatareof-
tenunknovn andcanchangeovertime, vegetationis com-
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pressiblewhich preventsa purely geometricnterpretation
of the world, thereare catastrophicstatessuchasrollover

thatmustbeavoided,andthereis uncertaintyin everything.
In agriculturalapplicationsmuchabouttheenvironmentis

known, but unexpectedchangesanoccurdueto weathey
andthevehicleis oftenrequiredto drive throughvegetation
thatchangegluringtheyear In moregeneraloff-road ex-

plorationtasks,driving throughvegetatedareasmay save

time or provide the only possiblerouteto a goal destina-
tion, andtheterrainis oftenunknawn to the vehicle.

Many researcherhiave approachedhe rough terrain
navigation problem by creating terrain representations
from sensorinformation and then using a vehicle model
to make predictionsof the future vehicletrajectoryto de-
terminesafecontrolactions[1, 2, 3, 4]. Thesetechniques
have beensuccessfubn rolling terrainwith discreteob-
staclesandhave shavn promisein moreclutterederviron-
ments but handlingvegetationremainsa challenge.

Navigation in vegetationis dif cult becausehe range
pointsfrom stereocamerasor a laserrange- nderdo not
generallygive the load-bearingsurface. Classi cation of
vegetationandsolid substancesanbe usefulfor this task,
but it is not sufcient. A grassyareaon a steepslopemay
be dangerougo drive on whereaghe samegrasson a at
areacould be easily traversable. Researcherbave mod-
eled the statisticsof laserdatain grassto nd hard ob-
jects[5], assignedpringmodelsto differentterrainclasses
to determinetraversabilityusinga simpledynamicanaly-
sis[4], andkepttrackof theratio of laserhitsto laserpass-
throughgo determinghegroundsurfacein vegetation[3].

Theabore methodsall rely on variousformsof vehicle
andterrainmodels.Thesemodelsaredif cult to construct,
hardto tune,andif theterrainis unknovn or changingthe
modelscanbecomenaccurateandthe predictionswill be
wrong. Incorrectpredictionsmay leadto poor decisions
andunsafevehiclebehaior. In this work, we investicate
modellearningmethodgo mitigatethis problem.



Otherresearchersave investicatedtheuseof parameter
identi cation techniqueswith soil modelsto estimatesoil
parametersn-linefrom sensodata[6, 7], but thesemeth-
odsonly determinethe terrainthatthe vehicleis currently
traversing. We areinterestedn taking this a stepfurther
andclosingtheloop aroundthe vehicle predictionsthem-
selesby learninga bettermappingfrom forward looking
sensordatato future vehicle state. This allows the vehi-
cleto useits experiencerom interactingwith theterrainto
adaptto changingconditionsandimprove its performance
autonomously

Our vehicletestplatformis describedn section2 and
our model-basedpproacho safguardingin roughterrain
is givenin section3. Section4 explainsthe generalap-
proachof learningvehicle predictionsand thendescribes
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] hasautomatech JohnDeere6410
tractor (see gure 1). This vehiclehasarich setof sen-
sors,includinga differential GPSunit, a 3-axis ber optic
verticalgyro,adopplerradargroundspeedsensoya steef
ing angleencoder four customwheel encodersa high-
resolutionstereopair of digital camerasand two SICK
laser range- nders (ladar) mountedon custom actively
controlled scanningmounts. The rst ladar on the roof
of the vehicleis mountedhorizontally andis scannedo
covertheareain front of thetractor Theladaronthefront
bumperis mountedvertically andis actively scannedn
the directionthe tractoris steering. We are currently ex-
perimentingwith a nearinfraredcameraanda millimeter-
wave radarunit aswell.

Theapproachdescribedn this work builds mapsusing
rangepointsfrom multiple lasersthatareactively scanned
while the vehicle moves over rough terrain. The true
groundsurfaceis thenfound whenthe tractordrives over
that areaa numberof seconddater To make this pro-
cesswork, it is importantthat the scannedadarsare pre-
ciselycalibratedandregisteredwith eachotherin thetrac-
tor frame, the timing of all the various piecesof sensor
datais carefully synchronizedandthe vehicle hasa pre-
cise poseestimate. Our systemhasa 13 stateextended
Kalman Iter with biascompensatiomndoutlier rejection
thatintegratesthe vehicle sensorslescribedabore into an
accurateestimateof the poseof the vehicleat 75Hz. This
poseinformationis usedto tightly registerthe datafrom
theladarsinto high quality terrainmaps.

Theinformationfrom the forwardlooking sensorsep-
resentsa massve amountof datain its raw form, sosome
form of datareductionis needed.Onesimpleapproaclis

Figurel: Automatedractortestplatform.

to createa grid in the world frame andthen combinethe
raw datainto summaryinformationsuchasaverageheight
for eachgrid cell. This approachmalkesit easyto com-
bine rangeinformationfrom the two ladarson our vehicle
andto combinesensoinformationovertime asthevehicle
drives.Figure3 shawvs thetype of terrainwe testedon and
a grid representatiownf this areausingthe averageheight
of eachcell.

3 RoughTerrain Navigation

The goal of our systemis to follow a prede nedpath
throughroughterrainwhile keepingthe vehiclesafe.Path
trackingis performedusinga modi ed form of pure pur
suit[8]. Thedecisionto continueis basen safetythresh-
oldsonthemodelpredictiondor roll, pitch, clearanceand
suspensiotimits. Thesequantitiesarefoundby building a
mapof the upcomingterrainandusinga vehiclemodelto
forwardsimulatetheexpectedrajectoryonthatterrain[2].

If the vehicleis moving relatively slowly andthe load-
bearingsurfaceof thesurroundingerraincanbemeasured,
thesequantitiescanbe computedusinga simplekinematic
analysis.Thetrajectoryof thevehicleis simulatedforward
in time using its currentvelocity and steeringangle. A
kinematicmodel of the vehicleis thenplacedon the ter-
rain mapatregularintenalsalongthe predictedrajectory
andthe heightsof the four wheelsare found in orderto
make predictionsof vehicleroll andpitch. The clearance
underthe vehicleis importantfor nding body collisions
andhigh centeringhazards.lIt is found by measuringhe
distancefrom the heightof the groundin eachcell under
the vehicleto the planeof the bottomof the vehicle. Our
vehiclehasa simplefront rocker suspensionso checking
the suspensiorimits involves calculatingthe roll of the
front axleandcomparingit to theroll of therearaxle. For
smoothterrainwith solid obstaclesthis approachworks
well becausaccuratepredictionsof the load bearingsur



facecanbe found by simply averagingthe height of the
rangepointsin theterrainmap.

If thereis vegetation, nding the load-bearingsurface
canbe dif cult becausemary laserrangepoints hit vari-
ous placeson the vegetationinsteadof the ground. Sim-
ply averagingthe pointsin a grid cell performspoorly in
this case.Onepossiblesolutionis to usethe lowestpoint
in eachgrid cell instead. This correctlyignoresthe range
pointsthat hit vegetation,but becausehereis inevitable
noisein therangepoints(especiallyatlong distances)this
resultsin the lowestoutlier in the noisedistribution being
chosenthusunderestimatinghe true groundheight.

4 Learning VehiclePredictions

To overcomehedif culties associatedvith creatingve-
hicle and terrain modelsfor a complex environmentthat
may be unknavn or changing,a learningmethodis pro-
posed.At the highestlevel, this approachs aboutclosing
thelooparoundvehiclepredictionsasshovnin gure 2. A
vehiclepredictionis amappingfrom ervironmentalsensor
informationandcurrentvehiclestateto future vehiclemo-
tion. This mappingis learnedby observingactualvehicle
motion after driving over a giventerrain. During training
andexecution,thevehiclemakespredictionsaboutthe fu-
ture stateof thevehicleby reasoningaboutits currentstate
andtheterrainin front of the vehicle. Then,whentheve-
hicle drivesover thatterrain,it comparests predictionsto
whatactuallyhappenedThis feedbacks usedfor contin-
ual learningandadaptatiorto the currentconditions.

By closingtheloop aroundvehiclepredictionsandim-
proving the systemmodelson-line, tuning a systemto a
givenapplicationis easierthesystemcanhandlechanging
or unknawn terrain,andthe systemis ableto improve its
performancevertime.

Thelearningvehiclepredictionsapproacthasbeenap-
plied to the problemof nding the load-bearingsurface
in vegetation. The systemmakes predictionsof the load-
bearing surface from featuresextracted from the laser
rangepoints. Thenit drives over the terrain and mea-
suresthe true surfaceheightwith the rearwheels. These
input-outputpairsareusedastrainingexamplego alocally
weightedlearnerthatlearnsthe mappingfrom terrainfea-
turesto load-bearingurfaceheight. Oncetheload-bearing
surfaceis known, parametersf interestsuchasroll, pitch,
clearanceand suspensionimits can easily be computed
usingakinematicvehiclemodelasdescribedn section3.

This combinationof kinematicequationsvith machine
learning techniquesoffers several advantages. Known
kinematicrelationshipsdo not needto be learned,so the
learnercan focus on the dif cult unknawvn relationships.
Also, thelearnedfunctioncanbetrainedon at safeareas,
but is valid on steepdangerousareas. If we learnedthe
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Figure2: Learningvehicle predictions. Featuredrom mapcell
mjj extractedattime T areusedto male a prediction. Then,at
time T + N the vehicle traversesthe areaand determinesdf its
predictionis correct.Thisfeedbacks usedto improve themodel.

roll andpitch directly, we would needto provide training
examplesin dangerousireado getvalid predictionghere.

4.1 Feature Extraction

As describedin section2, the rangepoints from the
ladarsare collectedover time in a world frame grid. In
additionto maintainingthe averageand lowest height of
pointsin eachcell, we usean approachsimilar to [3] to
take advantageof the addedinformationaboutfree space
thata laserray provides. We maintaina scrolling map of
3D voxels aroundthe vehiclethatrecordsthe locationsof
ary hits in a voxel, aswell asthe numberof laserrays
thatpassthroughthe voxel. Eachvoxel is 50cmsquaredy
10cmtall. We usea cell size of 50cmbecausehatis the
width of the reartires on our tractot which are usedfor

nding thetruegroundheight.

Four differentfeaturesare extractedfrom eachcolumn
of voxelsin the terrainmap. The averageheightof range
points works well for hard surfacessuch as roadsand
rocks. The lowest point may provide more information
aboutthe groundheightif thereis sparsevegetation.Vox-
elsthathave a high ratio of hitsto pass-througharelikely
to represensolid objects,so the averageof the pointsin
thesevoxels may help determinethe load-bearingsurface.
As shovn in gure 4, the standarddeviation from a plane

t providesa good measureof how “smooth” an areais,
andworkswell asa discriminatorbetweerhardthingslike
roadandcompressiblehingslike weeds.We arecurrently
working on otherfeatureghatusecolor andtextureinfor-
mationin additionto laserrangepoints.

4.2 Learning

By closingtheloop aroundvehiclepredictionsthis ap-
proachproducesa large amountof input-outputpairs of
training data. The systemextractsfeaturesfrom the sen-
sordatawhenmakingpredictionsandthenrecordghetrue
valuewhenit drivesover thatarea.This happensontinu-
ously sothe morethe vehicleinteractswith the erviron-
ment, the more training datathe learning systemhasto
work with.



Figure3: Top: Testareashawing dirt roadsandvegetation.
Bottom: Map of testareausingaverageheight.

The mappingbetweenthe laserpoint featuresand the
true ground heightis unknavn and potentially comple,
S0 we use a generalpurposefunction approximatorfor
this task. Among the mary possibilities,locally weighted
learning[9] waschoserbecausét canaccuratelyt com-
plex functions,it producexon denceestimate®nits pre-
dictions,andthereareonlineversionsavailable.

A commonform of locally weightedlearningis locally
weightedregression(LWR). Training with this algorithm
simply involvesinsertinginput-outputpairsinto memory
Then, when a new predictionis requestedthe pointsin
memoryareweightedby a kernelfunction of the distance
to the new querypoint, anda local multi-dimensionalin-
earregressions performedon theseweighteddatapoints
to producea prediction.For goodresults the kernelwidth
mustbechosemroperlysothattheresultingfunctiondoes
notovert or over-smooththe data. We useglobal leave-
one-outcrossvalidationto nd thekernelwidth.

Standardstatistical techniquesfor computing predic-
tion boundshave beenadaptedo be usedwith this algo-
rithm [10]. Thesizeof the predictionbounddependsoth
onthedensityof datapointsin theareaandonthenoisein
the outputsof nearbydatapointsthat cannotbe explained
by the model. The predictionboundsassumehatthelin-
earmodelstructureis correctandthe noiseis zero-mean
Gaussian. Theseassumptionganrarely be veri ed, but
becausehey 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 discriminatebetweerhardthings
like roadandcompressibl¢hingslike weeds.

thecon dencein the prediction.

Locally weightedlearningstoresall of its trainingdata,
sopredictiongake longerto computeasmoretrainingdata
is collected. This is not practicalfor systemssuchasours
thatreceve a continuousstreamof data. Schaal[11] has
describedan on-line incrementalversionof LWR called
receptve eld weightedregression(RFWR). Instead of
postponingall computationauntil a new predictionis re-
guested,RFWR incrementallybuilds a set of receptve
elds, eachof which hasa local regressionmodelthatis
incrementallyupdated The datapointsarethendiscarded,
andpredictionsaremadefrom acombinatiorof nearbyre-
ceptive elds. A forgettingfactoris usedo slowly discount
old experienceasit is replacedvith new data.

5 Experimental Results

A setof experimentswere performedto test the ca-
pabilities of this system. The rst experimentshows the
improved performanceof the learnedpredictionsandthe
usefulnesf predictionbounds. The secondexperiment
shavs the systems ability to adaptto achangen the envi-
ronment.

Although the analysisfor the following experiments
was performedoff-line, the datausedwascollectedin re-
alistic conditionsat thetestsiteshavn in gure 3. We col-
lectedapproximately25 minutesof datatraveling on dirt
roadsand driving throughvaried vegetationoften over a
metertall. Traveling ata speedf 1 m/s,we loggedinput-
outputpairsof laserfeaturesandcorrespondingearwheel
heightat a rateof 4 examplespersecondgiving a total of
5700datapoints. The datafrom the sectionshovn in g-
ure 3 wasusedasthe testset, and the remaining75% of
thedatawasusedfor training.



Right wheel height predictions
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Figure 5: Top: Height prediction deviations for right wheel
(shouldbe zero). Averagepoint hastroublein grassjowestpoint
underestimatedearnedpredictionsdo better Bottom: Learner

producesredictionboundson its estimatethatarelower for the
smoothroadareasandhigh for someof thetall vegetation.

5.1 Performancelmpr ovement

Thelocally weightedregressiortechniquedescribedn
section4 was usedto nd a modelfor the training data
describedabove. Leave-one-outrossvalidationwasused
to choosethe kernel bandwidth. Figure 5 shaws height
predictionresultsfor a sectionof the testset. The top
graphshaws the errorsin predictedheightsusingthe av-
erageheight,thelowestpoint, andthelearnedresultusing
all the featuresdescribedin section4.1. It canbe seen
thatusingthe averagepointdoesquitepoorlyin vegetation
andusingthe lowestpoint canresultin outlier pointsbe-
ing chosen. This especiallyoccurson roadswheremary
laserpointsarerecordedat long range(10m), resultingin
higheruncertainty The learnedresulthassmallererrors
thaneitherof thesebecausd is ableto combinethediffer-
entfeaturedn anappropriatevay. Thelower graphshavs
the 95% predictionintervals producedby LWR. Thethree
timesthatthe vehicledriveson theroadareclearly shovn
by the tighter predictionbounds,andthe learnerhasvery
little con dencein its predictionsfor someof the points
in deepvegetation. Theseboundsareimportantbecause
they could be usedto modify the behaior of the vehicle.
On simpleterrainsuchasroadswherethe learneris con-
dent, the vehicle could drive fasteror attemptmore ex-
tremeangles.In dif cult terrainwith tall vegetationwhere
thelearnerhaslow con dence,thevehiclecouldapproach
theareawith cautionor avoid it completely

Figure 6 shavs that combiningall the featuresusing
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Figure7: Error of predictionson thetestsetat differentdistances
usingLWR. Thepredictionboundsrom thelearneraresimilarto
theactualpredictionerrors.

global or local regressionperformsbetterthan using ary
of the featuresndividually. LWR canrepresenthe small
non-linearitiedn this problemandperformsslightly better
thangloballinearregression More importantly LWR pro-
duceslocal predictionboundsthat re ect the con dence
in the predictionat that particularlocationin the feature
spaceallowing the systento be cautiousin areast hasnt
experiencedefore.

Theheightpredictiondn gures 5and6 useall thelaser
points that are collectedfor a given patchof terrain. In
practice,this would only happenif the systemmadepre-
dictionsof futurevehiclemotionjustin front of its current
location. Thisis notusefulif thevehiclecannotreactin this
distance.Figure 7 shaws the effect of makingpredictions
furtheraheadf thevehicle. Theplot shavsthatthespread
of the predictionerrorsincreasesvhenthe predictionsare
madefartherinto the future. The gure also shaws the
mean95% predictionboundthe learnerproducedor dif-



Learning during a change in the environment
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Figure 8: After learninga modelfor Site A using RFWR, the
systemis transportedo Site B. The errorrisesinitially, but then
the systemadaptgo the new ervironment.

ferentpredictiondistancesThis curve is similar to the 2s
(95%) level on the error, again shaving the usefulnesof
thepredictionbounds.

5.2 Adapting to Environmental Change

The abore testswere performedin batchmode using
locally weightedlinear regression.In this experiment,the
on-linereceptve eld weightedregressionalgorithmwas
usedto testthe systems ability to adaptto a changingen-
vironment.We collectedmoredatain anothertestsite that
haddensevegetationapproximatelyd.75mhigh. This data
wassplitinto atrainingandtestset. Thetrainingdatawas
presentedo the RFWRIlearningalgorithm,andthe predic-
tion erroronthetestsetwasperiodicallycomputed.

Figure 8 shaws the algorithmlearningthe characteris-
tics of this site and reducingpredictionerror on the test
set. Then,startingwith sample1000,the systemwaspre-
senteddatausedin the previous experiments.After being
trainedin the rst sitewith densevegetationthealgorithm
did poorlyin the new sitewith roadsandmorevariedveg-
etation. However, the learnerquickly adaptedo the nen
ernvironmentandendedup with a predictionerror similar
to the batchmodeversionof LWR on the testset. This
experimentshavs theimportanceof usinganadaptve ap-
proachto beableto handlea changingervironment.

6 Conclusionsand Future Work

We have describedhe generalpproactof learningve-
hicle predictionsfor local navigation,andwe have applied
the techniqueto the problemof nding the load-bearing
surfacein vegetation. The locally weightedlearning so-
lution to this problemperformedbetterthan using a par
ticular featureor performinggloballinear regression.An-

otherbene t of this techniqueis that it producespredic-
tion boundson its estimate,and thesewere showvn to be
fairly accurate.Finally, the ability of the systemto adapt
to changingervironmentalconditionswasshawn.
Futurework in this areawill include an investigation
into otherfeaturessuchascolor andtexture from camera
data,andtheuseof thepredictionboundgor bettervehicle
control. We will alsoinvesticatewhetherthe techniqueof
learningvehiclepredictionscanbe appliedto otherrough-
terrainnavigation problemssuchas nding terrainfriction
characteristicer dynamicvehicleresponse.
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