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Abstract

This paperaddressethe problemof outdoorterrainmod-
eling for the purposesof mobile robot navigation. We
proposean approachin which a robot acquiresa set of
terrainmodelsat differing resolutions.Our approachad-
dressene of the major shortcomingsof Bayesianrea-
soningwhenappliedto terrainmodeling,namelyartifacts
thatarisefrom the limited spatialresolutionof robotper
ception.Limited spatialresolutioncausesmallobstacles
to be detectableonly at closerange. Hence,a Bayes I-
ter estimatingthe stateof terrainseggmentsmustconsider
therangesatwhich thatterrainis obsered. We developa
multi-resolutionapproachhatmaintainsmultiple naviga-
tion maps,andderive rationalargumentsfor the number
of layersandtheirresolutionsWe shawv thatourapproach
yields signi cantly betterresultsin a practicalrobot sys-
tem,capableof acquiringdetailed3-D mapsin large-scale
outdoorervironments.

Intr oduction

This paperaddressethe problemof robotsnavigatingthrough
unknavn terrain. This problemarisesin greatmary robot
applications,such as planetaryexploration (Matthies et al.
1995) and the exploration of abandonednines (Felgusonet

al. 2003). In suchcases,a robot mustrely on its sensors

to determinethe location of obstaclesso asto safely navi-
gatethroughfree space.In indoor ervironments this is com-
monly achieved by assumingthe world is planar and esti-
matinga 2-D cross-sectiomf the ervironment(Borenstein&
Koren. 1991; Burgard et al. 2000; Simmonset al. 2000;
Yamauchiet al. 1998). Outdoorervironmentsrequirea 3-D
analysisof the groundandpossibleobstacleghat might pro-
trudeinto navigablespacgHashimoto& Yuta2003;Matthies
& Grandjean1992). Of particularimportanceare negative
obstaclescharacterizedby the absencef supportingground
(e.g.,holes)(Matthieset al. 1998)aswell asobstacleghat
might protrudeinto the robot's workspacdrom far above the
ground(e.g.,overhangs)Fegusonetal. 2003).
Whenmodelingthenavigability of terrain,onecommonap-
proachisto extractanavigability assessmeifitom sensomea-

surementge.g., rangescans),and to integratetheseassess-
mentovertimeusingBayes®lters. To performthisintegration,

existingtechniguegpartitiontheworkspacento agrid, similar
to the well-knowvn occupang grid map algorithm (Moravec
1988). For eachgrid cell, sensomeasuremeniareintegrated
usingBayesrule to diminishthe effect of sensonoise.
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Figure 1. Theterrainperceptionpyramid: terrainis modeledwith
multiple mapsat differing resolutionsgachsensitve to obserations
atdifferentranges.

Real-world terrainsensorsave limited measuremeneso-
lution. For example,SICK laserrange®nderscanonly mea-
surerangeswith 0:5 accurag; similar limitations exist for
stereocamerasystemsand sonar sensors. Limited resolu-
tion cancausetwo problemswith standardevidencegrid al-
gorithms:

1. First, the limited resolutionmay make it impossibleto de-
tect small obstaclesat a distance. Obstacledike curbsor
low-hangingwires can usually only be detectedat close
range. This is at oddswith the ideal of Bayesianevidence
integrationin terraingrids: If evidencegatheredat a dis-
tancesystematicallymissesan obstacle the grid may not
changequickly enoughwhenthe robotis ®nally nearthe
grid cell. As aresult,theterrainmodelmay missobstacles,
compromisinghe safetyof the vehicle.

. Second|imited sensoresolutionmalesit dif®cult to sys-
tematically®nd navigableterrainatadistance As aresult,a
motion planneris eitherforcedto malke optimisticassump-
tions aboutthe natureof terrainat a distance(with the ob-
vious expenseof having to replanwhennegative obstacles
areencounteredpr mustremaincon®nedo nearbyregions
thathave beencompletelyimaged.

N

The ®rst limitation is the critical one that motivatesour re-
searchalthoughour approactsolvesboth of theseproblems.
The key insightin solving the ®rst problemis to notethat



therangeat which terrainis analyzedplaysa systematiaole
in the robot's ability to detectobstacles.To make this depen-
denceexplicit, we proposeto maintainmultiple terrainmaps,
eachsensitve to different,possiblyoverlappingsensoranges.
This is illustratedin Figurel: Terrainobserationsareincor-
poratednto themapssensitve to therangeatwhichtheobser
vationwasacquired.Eachmap,thus, modelsthe probability
of obstaclesletectableat a particular range. Whencombin-
ing mapsfor assessinghe navigability of terrain, preference
is givento shorterrangemaps;however, all mapsparticipate
in motionplanning.

Theuseof multiple mapsraisegheissueof theirresolution.
As we will shaw in this paper a variableresolutionapproach
yields superiorcoverageto a ®xed resolutionapproach. To
derive anappropriateesolution,we will analyzethe effect of
measurementoise and limited resolutionon the density of
measurementso that the maximumresolutionis chosenat
eachlevel thatguaranteeshatall grid cells are coveredwith
high likelihood. The resultof this analysisis a pyramid of
terrainmaps:Nearthe robotwe have a ®ne-grainednapsuf-
®cientfor maneueringtherobotin closeproximity to obsta-
cles,whereaghe mapfar from the robot is coarse facilitat-
ing the task of motion planning. In extensve experiments,
we shaw thattheresultingapproachs superiornto existing ter
rainmodelingapproachesn thatit enhancetherobot's safety
while facilitatingmotionplanning.

BayesianTechniquesfor Navigability

In this sectiorwe presenbur coreBayesiartechniqueor con-
structingnavigability mapsof unknavn terrain. Theapproach
requiresthat the robot be equippedwith a 3-D range®nder
For a ®xedresolutiongrid, this approacthis identicalto a pre-
viously publishedalgorithmin (Felgusonetal. 2003). It forms
thebasisof the pyramiddescribedn subsequergections.

Supposethe robot acquiresa 3-D rangescanof its sur
rounding terrain. Each measuremenis mappedinto a
(x y z)-coordinateusingthe obvious coordinatetransforma-
tion. Whetheror not a location(x y) is navigableis deter
minedby a simplegeometricanalysis;A locationis navigable
at heightz if the z-valuesof all measurement® the vicinity
of (x y) areeitherneareachother(e.g.,lessthan5cmdevia-
tion), or areabove the groundplaneat a distancehatexceeds
the heightof therobot. Eithercriterionis easilyveri®edby a
simplegeometricanalysisasshovn in (Feigusonetal. 2003).

The analysisof navigability resultsin a probability distri-
bution p(x; j z;) for eachnearbylocationx;, conditionedon
therangescanz; (heret denoteghetime). Multiple measure-
mentscovering the samegrid cell are then integratedusing
Bayesrule:
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The“standard”derivation of the algorithmassumeshatx; is
asuf®cientstatisticof the past,hencewe get
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andafteranotherapplicationof Bayesrule
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The navigability variableis binary—eithera cell is navigable
or not. Thus,we caninverttheentirereasonindy substituting
X for x;:

= R (4)

If we now divide (3) by (4) and substitutep(: x;j ] ) =
1 p(xi j ) for arbitrary conditioningvariables,we essen-
tially obtainthe standardyrid mappingalgorithmin (Moravec
1988),but herefor navigability:
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This updateequation—whichsimply addsor subtractsevi-
dencefor the navigability from eachgrid cell—is at the core
of classicaltechniqueswvith a singlenavigability grid (Felgu-
sonetal. 2003;Hashimoto& Yuta2003),aswell asour nex
approachthatmaintainsa pyramidof gridsat differentresolu-
tions.

The key problemof this updatelies in its implicit indepen-
denceassumptionConsideragrid cell x; thatcontainsanon-
navigablecurbthatcanonly be detectedat closerange.Mea-
suredfrom a distancep(X; j z;) will besmallerthantheprior
p(xi), hence

p(Xi J zt) 1 p(xi)
1 p(xijzi) p(Xi)

will benggative. Letthisvaluebecalled . At closerangethe

robotcandetectthe obstacleshencehis expressiorturnsinto

a positive value. Let us call this positive value . The poste-
rior will only indicateoccupang if thenumberof closerange
readingds atleastn —, wheren is the numberof long-range
readings Otherwise the obstaclemaybe missed.Clearly, for

ary valueof and , theapproactcanfail whenthe number
of long-rangereadingds too large.

+ log @)

Multi-Resolution Approaches

Thecentralideaof our paperlis to developa pyramidof terrain
models,in which eachterrainmodelcaptureghe occupang

from measuremendataacquiredat differentranges. These
mapsarede®nedthrougha sequencef distances

O0=dp< dy<dy<:::<dy = maxdist

(8)

thatpartitionthe spaceof all distancest which therobotcan
perceve, up to its maximumrange. Eachinterval [dy; dn+1)
de®nesamap,thatis, atary pointin time, our approactonly
updatesa grid cell in the n-th mapif the actualdistanceof
this cell to the sensor(at the time of measurementialls into



theinterval [d,; dn+1 ). In this way, eachrangescanleadsto
updatesat multiple maps.

Thede®nitionof thevaluesf d, g requiressomeanalysisjn
thatthe issueof the grid resolutionandthe distancebandto
which eachgrid is tunedarecloselyintertwined.Our analysis
will be carriedoutin two parts. First, we will derive abound
on the maximumresolutionof eachgrid cell, which guaran-
teeswith high likelihoodthatall grid cells are covered. This
boundsetstheresolutionlevelsatdifferentrangedd, ; asto be
expected,the resolutiondecreasesvith distance. The actual
rangesf d, g that de®nethe individual mapsare then deter
minedby anargumentthatensuresiniform spreadof updates
atall levels of the pyramid,which impliesthatall of theoccu-
pany mapsaresimilarin their resultingcon®dence.

Upper Bound for the Grid Resolution

In thissectionwewill deriveanupperboundontheresolution
of eachgrid cell asa function of the distanceto therobot, d.
This boundis derivedasa lower boundonthegrid resolution.
The boundis driven by three considerations:the effects of
measurememoise,the vertical resolution,andthe horizontal
resolutionof therangescanninglevice. Its rationaleis thatfor
exploration,we would lik e to guaranteeoverageof eachgrid
cell with high likelihood. Part of our analysisrequiresa at
ground. This is becauseahe cunaturein front of therobotis
generallyunknawn a priori.

Theboundassumesarangesensowith verticalangulares-
olutionof (e.g.,1 degree)andhorizontalangularresolution

, whichis mountedata®xedheighth ontherobot.Letr be
the correctmeasuremerdf arange®nderpointedat the verti-
calangle ,where = 0denoteghehorizontaldirection.On
a at surface,theexactranger is obtainedby thefollowing
equation

h
s (9)

Sensomeasurementare,of coursenoisy. Theactualsensor
measuremeris a probabilisticfunctionof r . Let this distri-
bution bedenotedby p(f* jr ), whereft denotegheactual
measurementor ouranalysisjet usassumehatthevariance
of this distributionis givenby 2.

Let d be the horizontaldistanceof a grid cell to the robot.
The measurememoisecausesioisein the distanceat which
groundis detected Thevarianceof thisdistanced dueto mea-
suremennoiseis givenby

r =

2

2 = _—
1+ (57

d (10)

where 2 is thevarianceof p(f j r ). To seethis, we note

thatthe measuremerdngleat distanced is
h

= arctana (12)

Thus,rangenoiseis projectedontosurfacenoisein proportion
to the cosineof thisangle:

h
cos arctan -

cos
d

1
= q:
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d
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Figure 2: Lower boundon the grid cell size, for a rangescanner
with = 0:5 verticalresolution, = 2 horizontalresolution,and
measurememnioise = 15cm.

Sincethe varianceis a quadraticfunction, the resultingvari-
anceon the groundis asstatedin (10). Ford  h, we have

2 3, suggesting lower boundfor the grid cell sizethat
is asymptoticallyindependenbn thedistanced.

This is quite differentfor the effect of limited angularres-
olution. Let be the vertical angularresolutionof the sen-
sor Equation(11) speci®edhe angleat which a point on the
groundat distanced is detected This angleis a functionof d.
Its dependencend is characterizetby the derivative

@ _ h
@ = d+h? (13)
Thus,for ary (small)angularresolution , we obtain
(d? + h?)
d h (14)

where d is the minimum vertical ground difference de-
tectableby a sensomwith resolution . Thisvalueis of course
only an approximationsincethe function is approximated
usinga linear function (®rst order Taylor expansion). How-
ever, for small , this value givesus an accuratemeasureof
the distancebetweengrounddetectionsdueto sensotimita-
tions. This valueincreasesjuadmtically with the distanced.

Thehorizontalresolutionof thescanner givesustherela-
tion

2d = arctan >

(15)
andhence

d = 2darctan > (16)
which growslinearlyin d.
Sinceresolutionand noise effects are all worst-caseaddi-

tive, anappropriatdower boundfor the grid cell sizeis

@ = -

g¢——— + 2d arctan - +
1+ (5) 2

17)

which consistof a constantalinear, anda quadraticderm.
Figure2 illustratesthelower boundonthegrid cell size,for
averticalresolution = 0:5 , ahorizontalresolution = 2 ,



anda measurementoisevariance = 15cm. Thetop curve

is our additive lower bound, composedof the noise bound
(dashecturwe) thatasymptotesnto a constantthelinearhor

izontal resolutionbound(thin line), andthe resolutionbound
(gray curwe) that grows quadratically Within a rangeof up
to ®ve metersthetotal boundis surprisinglycloseto alinear
function. Beyondthis range,it becomeguadratic.

As notedaborve, our analysisis basedon the assumption
of a at ground. This assumptioris adoptedto re ect that
the groundaheadof the robotis unknowvn. It is pessimistic
in the faceof an upward slope,in which casethe density of
measurements largerthanexpected(hencethe boundcould
be reduced).It is optimistic on dowvnward-slopedground,in
which theresultinggrid cells might not alwaysbe coveredby
atleastonesensomeasurementin suchsituationsthe robot
will have to reduceits explorationspeedso asto compensate
the effectsof reducedvisibility in suchterrain.

The Pyramid

We have just deviseda lower boundon the grid cell sizede-
pendingontheranged atwhich measuremeniareintegrated.
In this section,we will derive a rationalargumentfor number
andshapeof thelayersin our pyramid.

In determiningthe numberof layersin the pyramid, we
trade off the size of an obstaclethat canbe detectedby the
robotandtheresolutionandrangeat whichit canbedetected.

For a sensowith verticalresolution , the ability to deter
mineanobstacleof height z depend®nthedistanced. This
heightis easilydeterminedisingthe obviousgeometricequa-
tion:

Z = arctan 18
2d 2 (18)

This implies that the height of detectableobstaclesdepends
linearly onthedistanced, for asensomwith ®xedresolution:

2d arctan > (29)

Thislineardependencsuggestslineardecreasef grid reso-
lution in the pyramid—thisis at starkcontractof anexponen-
tial structureof mostpyramidsin the®eld of computewision.
In particular we proposean obstaclegrid pyramid of resolu-
tions d; d;2 d;3 d;::: for alinearscalingparam-
eter . With sucha linear increasein resolution,the corre-
spondingrangefor eachlayeris determinecby the boundin

(20):

Z =

d = (20)
While thisboundis generallyguadraticwithin ameasurement
rangeof 5 metersthe functionis approximatelinear Thus,
with appropriatechoiceof thepyramidresolution , we obtain
a pyramid that scaleslinearly in resolution,and whereeach
layerfocuseson anapproximatelfineardistanceof cellsnear
therobot.

In our experimentswe foundthata “soft” boundaryworks
betterthana hardboundaryon the associatiorof rangesd to
a layer in the pyramid. In particular whenreceving range
measurementthat provide informationon navigability at the
distancead, theinformationintegratedinto the grid de®nedfor
theranged; is gatedby afactorof
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Figure 3: Theroboticvehicleis basedon a Segway RMP, equipped
with a vertically orientedSICK laserrange nder mountedon an
Amtec pan/tilt unit. Therobotusesa highly tunedinertial Measure-
mentUnit anda GPSfor localization.

This exponentialdecayleadsto a smoothimplementation
of our distance-basenhulti-resolutiongrid approach.

Experimental Setup

Werecentlydevelopedamobilerobotsystenfor 3-D mapping
and navigation of outdoorervironments. Our navigation al-
gorithmis describectlsavhere(Likhache, Gordon,& Thrun
2003): In essencethis approach®ndsa paththroughthe map
that maximizesthe progressto a target location while mini-
mizing therisks of encounteringnon-naigablespace.

Ourrobot,shavn in Figure3, is basedn the Segway RMP
mobile platform. The RMP is a computefrcontrolledversion
of thecommercialSegway HT scooter Therobotis equipped
with a SICK laserrange®ndermountedon an Amtec pan-tilt
unit. Thelaseris sweptbackandforth in orderto acquire3-D
scanof therobot's ervironment. The robotalsoincorporates
asophisticatednertial Measurementnit (IMU) andGPSfor
localization. By projectingthe endpointsof the laserscans
into 3-D accordingto the estimatedbositionof the robotand
theangleof the pan-tilt, therobotcanconstructcloudsof 3-D
pointsdescribingtheworld aroundtherobot.

By integratingconstraint§rom theIMU, GPS,andmatches
betweeraserscanswe areableto constructarge-scaleglob-
ally consistent3-D mapsof urbanervironments A mapof the
centerof Stanfordcampusover 600 meterswide is shavn in
Figure4. While suchmapsarenecessaryor planningglobal
routesfrom onelocationto anothertherobotmustalsomoni-
tor theimmediatesurrounding®f therobotto ensuresafemo-
tion. Thenavigationpyramidalgorithmdescribedn thispaper
wasimplementedasthelocal navigationlayeronthe Segway.
Experimentswere performedto validatethe two advantages
of thepyramidalgorithm:robustnesgo limited spatialresolu-
tion, andimproved sensorcoverage.

The ®rst experimentis shavn in Figures5 to 7. Figure5
shows the robot standingat a distancefrom a setof stairs. At
this distancethe robot is not able to detectthe stairsas an
obstacle. Both the standardevidencegrid algorithmandthe
pyramid algorithm generateerrain mapslike the one shavn
in Figure5. (All levels of the pyramid werechoseno have a
®xedresolutionfor the purpose®f comparisorwith the stan-



Figure 4: 3-D mapof the centerof the Stanfordcampusconstructed
by the Segway. The mapis over 600 metersacross,and was con-
structedfrom over 10 km of travel.

dardalgorithm.) After standingstill for severalminutes,both
algorithmsdescribethe stairsareaas being empty with high
probability

Subsequent|ytherobotwasdrivenupto thestairs.At closer
ranges,the stairsare detectedas obstaclesput the standard
evidencegrid is unableto overcomethe previousevidencede-
scribingthe cells asfree space. The resultingevidencegrid,
shawn in Figure6 doesnot containthe stepsandwould have
resultedn acollision of therobot. The pyramidalgorithm,on
the otherhand(Figure7, wasableto detectthe stairs. As the
robot moved closerto the stairs,the obstaclesvereincorpo-
ratedinto the shorterrangelayersof theterrainmap.

The secondexperiment,picturedin Figures8 and9, shovs
anexampleof the effect of multi-resolutionpyramidson map-
ping performance.Figure 8 shavs a ®xed resolutionterrain
mapgeneratedvhile therobotwasapproachinggate. Thelo-
calizationof obstaclesn themapis quitegood,but the sweep-
ing patternof the laserleaveslarge holesin the terrainmap.
Theahundanceof holesmalkesit dif®cult to plansmoothlocal
pathsthroughthis ervironment.Figure9 shavs the samesce-
nario,exceptusinga multi-resolutionpyramid. Obstaclesear
therobotarepreciselymappedwhile obstaclesn thedistance
arestoredatlow resolution.Furthermoremostof the holesin
theterrainmaphave been®lled.

Conclusion

This paperproposeda pyramid approacho acquiringterrain
modelswith mobile robots. The modelwas motivatedby a
key awin at gridapproachet modelingthenavigability of
terrain;namely thatthe ability of a sensotto detectobstacles
varieswith range.By integratinginformationinto a single at
map, failuresto detectobstaclesat a distanceare treatedas
randomnoise,andnot whatthey actuallyare: the systematic
effect of limited sensorresolution.

Our approachalleviatesthis problemby devising a hierar
chy of maps.eachtunedto adifferentsensorange(andhence
adifferentsensoresolution).We derive amathematicabound
that provides a rational argumentfor determiningthe region
coveredby eachmap, andthe granularityof the grid cellsin
eachmap. As a result,the mapresolutiondecreasewith the

Figure 5: Watchingthestairsfrom a distancepothalgorithmscreate
asimilarterrainmapwith the stairsmarked asfree space.

Figure 6: After the robot approacheshe stairs,the standardoccu-
pang grid algorithmis unableto overcomethe previous negative ev-
idenceandthe curbis notdetected.

Figure 7: Thepyramidapproachs ableto detectthestairsin time to
safelyavoid them.

measuremermniange which hasthe nice sideeffectthatthere-
sultingmapstendto have muchhighercoveragethancommon
single-mapapproaches.

We have demonstratedurapproactusinganactualoutdoor
mobilerobotsystem.Our systenis basednarobotic Segway
scooter and hassuccessfullyacquiredlarge-scalemodelsof
areaslkm? in size.Our experimentsdemonstratéhatour ap-
proachsuccessfullydenti®esobstaclesn situationsvherethe



Figure 8: Model of therobot's surroundingsisinga x edresolution
grid. The large numberof holesin the mapmakesmotion planning
dif cult.

at approacifails, andthatit indeedleadsto improved cov-
eragein theresultingmap. Computationallyour approachs
only maiginally moreexpensve thanthe singlemapapproach,
whichshouldmake ourapproachihemethodof choicefor out-
doormobilerobotnavigation.
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