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ABSTRACT

Today'scarnavigationsystemshavereachedahigh level of maturity, usinghugemapdatabaseswith ahighcoverageand
up-to-dateness.However, asadditionalapplicationsgain importance,suchasadvanceddriver informationandwarning
systems,moredetailedandaccurateinformationon the true roadgeometryhasto be incorporatedinto thosedatabases.
Propertieslike height,longitudinalandtransversalslope,curvature,andwidth which arecurrentlynot present,have to
beacquiredandintegrated.This articleshows how existing databaseseitherfrom public authoritiesor from privatemap
providerscanbeusedin combinationwith aeriallaserscandatato derivesuchproperties.Apart from ageneraldiscussion
of theproblemandourapproach,�rst resultsarepresentedanddiscussed.

1 INTRODUCTION

Spatial information is crucial to many tasks,one impor-
tantof thembeingcarnavigation. Introducedin 1995,car
navigation systemsnowadaysare maturesystems,offer-
ing routecalculations,mapdisplay, mapicons,andspeech
guidance. So far, however, driving hints derived from
spatialdataare limited to propositionsabouttwo dimen-
sional geometricand topological issues,as the data set
containsno information on height. As additionalappli-
cationsgain importance,suchasadvanceddriver informa-
tion andwarningsystems,moredetailedandaccuratein-
formationonthetrueroadgeometryhasto beincorporated
into thosedatabases,suchaswidth, height,andlongitudi-
nalandtransversalslope.
With respectto height, few information is alreadyavail-
abletoday. In Germany, threedimensionalinformationis
available throughfederaland nationalmappingagencies
by meansof digital terrain models(DTM' s). The third
dimensiontypically is storedseparately, describingland-
scape's surfaceby regular, irregularor hybrid grids. A na-
tionwideavailableregulargriddedDTM providesa rather
courseplanimetricresolutionof 25meters.Theaccuracy is
assumedto be26meters(horizontally)and20meters(ver-
tically), respectively. Besidesthat, several nationalmap-
ping agenciesprovide additional productswith slightly
higherresolutionandaccuracy. Nevertheless,many plan-
ning �rms alreadymake intensive useof suchdatasets,
but their resolutionusuallyis not suf�cient for precisede-
sign anddescriptionof roadnetworks. In contrast,much
moredetailedthreedimensionaldatacanbe provided by
meansof laserscanningtechniques.Somenationalmap-
pingagencieshavenchosenlaserscanningasdefaultmea-
surementtechniquefor theproductionof DTM' s(Knaben-
schuhandPetzold,1999).
Applicationsof high resolutionDTM' s canbe manifold.
Design,planning,construction,operationandmaintenance
facilities can bene�t directly from precisedescriptionof
roadnetworks. Car navigation systemscanusethreedi-
mensionaldatafor the optimizedcomputationof routes.

Driver assistanceandwarningsystemscanuseit for au-
tomatic speedwarningsaheadof sharpcurves and hills,
computationof visibility rangesandautomaticadjustment
of thecar's headlights.Functionsincreasingdriverscom-
fort include applicationslike drive train managementor
3D navigationsystems.Finally, safetyfunctionscouldac-
tively deceleratethecarin front of anticipateddangers,es-
pecially vehiclescarrying heavy or dangerousload. All
of thoseapplicationsarecurrentlyactively researchedin
theautomotive industry. Additional possibilitieslie in the
moreprecisepredictionof emissionsratesof harmfulsub-
stancesandnoisedependingonvaryingroadgradients.

2 RELATED WORK

Theextractionof roadsfrom spatialdatasourceslikeaerial
or satelliteimageshasbeenin scopeof researchfor more
thantwentyyearsnow. Many approachesarebasedupon
techniqueslike edgedetectionor textureanalysis(Dial et
al., 2001). Othermethodsmake useof dynamicprogram-
ming or LSB-Snakesto further improve the resultsof the
roadextractionprocess(Gruen,1997). Recently, the use
of knowledgebasedapproachesseemsto gain more im-
portanceby meansof rulesandmodels(Hinz etal., 2001).
Prede�nedinformationis acquiredatagenericgloballevel
(eg. connectivity) andatalocal level (e.g.context), respec-
tively (Hinz andBaumgartner, 2002,Vosselmann,1997).
In addition, valuablepropertiescan be taken from other
existing spatialdatasourceslike vectordata(Zhanget al.,
2001). However, little work hasbeendoneon theextrac-
tion of continuoussurfaceslike roadsfrom laserscanning
datasofar. (Pattnaiket al., 2003)suggestslaserscandata
to gatherinformationon roadinventory. Informationfrom
a streetdatabaseis acquiredto setup prede�nedregions
alongroads.Subsequently, leastsquaresregressionis ap-
plied to thoseregionsin orderto computeappropriateval-
ues for longitudinal and transversal slopes. Apart from
that,few approachesinvestigatediscontinuitieslikebreak-
lines. (Wild andKrzystek,1996)and(Vosselmann,2000)
introduceconstraintslikecurvatureor slopefor theextrac-
tion of linearfeatures.(Brügelmann,2000)usesbreakline



detectionto identify dikeswithin laserscannerdata.

3 DATA SOURCES

3.1 ATKIS

Spatial information which is provided through the Au-
thoritative Topographic CartographicInformation Sys-
tem (ATKIS) describetopographicfeaturesof the land-
scapein vectorformat(AdV(ArbeitsgemeinschaftderVer-
messungsverwaltungen der Länder der Bundesrepublik
Deutschland), 1998). Productswhich provide primarily
two dimensionalinformationarecalledDigital Landscape
Models(DLM). ATKIS-DLM datais nationwideavailable.
Transportationrelatedobjectslike roadseither are mod-
elled as simple or complex features. Featuresattributes
provide informationaboutlaneor roadwidth, numberof
driving lanesandfunctionalroadclass.However, depend-
ing onthefeaturestype(road,way)notall of theattributes
arepresentwith every feature. Overall planimetricaccu-
racy is aimedto bebetterthanthreemeters.Dependingon
theunderlyingdatasource,however, errorsof upto 10me-
terscanbeobserved.
3.2 GDF

GDF (GeographicDataFile) is theEuropeanstandardfor
digital roadmapdatabases(CEN TC 287, 1995). Aside
from theroadnetwork, many morelinear featuresarede-
scribed,suchas ferries, railways,waterways, andpublic
transport.Additionally, areafeaturesandpointfeaturesare
containedin GDF.
GDF representsthe road network using 2D nodesand
edges.Thus,all geometryis approximatedusinga piece-
wise linear representation.GDF allows the speci�cation
of a z (height)valuefor eachcoordinatepoint, which is,
however, not in usetoday. Otherattributesalreadyde�ned
in GDF3.0includeroadgradient,heightof passandtrans-
versegradient.Theaccuracy in positiondependson map
supplierandspeci�cationandtypically rangesfrom15me-
tersin openterraindown to about3 metersin urbanareas.
3.3 Laser ScanData

The data setsused in this paperwere acquiredby air-
bornelaserscanners,whichwill notbedescribedhere,see
e.g.(Baltsavias,1999b).Fromthescandata,a digital sur-
facemodel (DSM), which containsboth points from the
groundsurfaceandpointsfrom objectson top of the sur-
face,like buildings and trees,aswell asa digital terrain
model (DTM) which containsthe groundsurface, is de-
rived.BothDSM andDTM datasetsareavailableby com-
mercialcompanies.Theplanimetricaccuracy of the laser
points is approximately0.5 m (Baltsavias, 1999a,Lohr,
1999)wherethepoint densityis up to 4 pointspersquare
meter. Theaccuracy in heightis 0.01up to 0.15m (Briese
etal., 2001,Wever, 1999).
The test regions usedin this paperare a part of the city
of Stuttgart, Germany, regularized to a 1 m grid, and
a small part of Castrop-Rauxel in the westernpart of
NorthRhine-Westphalia,Germany, consistingof last-pulse
groundpoints,regularizedto a0.5m grid.
Figure1 givesanoverview of thesecondtestregion with
mapdatafrom ATKIS overlaid. This particularregion has
beenselectedbecauseit containsa multitudeof different

roadclasses.Grey lines denotelocal accessstreets,�eld
tracksandcountyroads,yellow linesmarkup superhigh-
waysandinterstates.

Figure1: TestArea

4 ROAD PROFILES

Design and constructionof roadsand road networks in
Germany usuallyis doneby useof standardizedmethods
andtechniques.Someof themthat areof interestwithin
this context aredescribedin detail in publicationslike eg.
(ArbeitsgruppeStraßenentwurf,1996). Theseguidelines
bothde�ne rulesfor thelongitudinalandtransversalshape
of roads.
Concerninglongitudinal shape,threedifferent geometric
entitiescanbe usedto designthe longitudinalshapeof a
road: lines, circular arcsandclothoids. They have to be
combinedin sucha mannerthat thereoccur no or only
smallC0 (position),C1 (direction)or C2 (curvature)dis-
continuitiesbetweendifferentgeometricentities. Curva-
tureandinclinationdependontheaveragetravellingspeed,
approximately. Theseparametersare limited to certain
rangesto ensurehigh levelsof safetyanddriving comfort.
For example, the inclination of highways is limited to a
maximumof 9 percent,dependingon the expectedaver-
agetravelling speed.
Additional constraintsaregivenby meansof standardized
crosssections.Civil engineerscanchooseamongninedif-
ferentprototypesof crosssectionsto be usedduring the
planningprocessof a road.Functionalroadclassandesti-
matedlive loadareessentialdelimiting parametersfor the
appropriatecrosssectionprototype. Main characteristics
of a crosssectionareprescribedby the numberof lanes
per driving direction. Additional propertiesaregiven by
lane,edgingstrip andembankmentwidth. Besidesfrom
that,inclinationis limited to lie within therangeof 2.5up
to 8 percent.Along segmentsof strongcurvatures,cross
sectionsusually show high valuesof inclination, in this
casethecarriagewayis to berotatedaroundits longitudinal



axis.Fig. 2 shows anexample.

Figure2: Inclinedcrosssectionprototypeof dualhighway
alongcurvedgeometricentities.

Figure3 shows a prototypecrosssectionthatis applicable
for theconstructionof a dualcarriageway, eg. a highway.
In this casethecrosssectionprototypeprescribesdivided
carriageways, two lanes,onesidestrip andan embank-
mentperdriving direction.

Figure3: Typicalcrosssectionprototypefor adividedcar-
riageway.

5 SEGMENTATION OF LASER SCAN DATA

When segmentinglaserscandata,one has typically the
choicebetweenmethodswhich try to detectdiscontinuity,
suchasprominentpointsor edges,andmethodswhich try
to �nd continuityin thedata,suchasareasful�lling certain
criteria. Classicalapproachesfor �nding discontinuityare
point operatorswhich try to �nd isolatedpoints,corners,
or pointsbeingpartof a one-dimensionalcurve (Haralick
and Shapiro,1992,Canny, 1986). Often, the extraction
of linear structuresis donein a secondstepby building
contourchainsfrom individual points. Alternatively, the
discontinuityperpendicularto a linearstructurecanbede-
�ned in termsof thecontinuousareasto the left andright
of the structure(Brügelmann,2000,Wild and Krzystek,
1996),which in turn canbe foundusingmethodssuchas
region growing. Noting that lines areboundedby points,
andareasareboundedin turn by lines, morestableseg-
mentationapproachescanbeobtainedwhenzero,oneand
two-dimensionalprimitives are extractedsimultaneously,
a processsometimescalled polymorphoussegmentation
(Fuchs,1998).
It is always desirableto integrateas much prior knowl-
edgeaspossibleinto thesegmentationprocess.Thiscanbe
knowledgeasdiscussedin section4 abouttheobjectsto be
extracted,aswell asthesensorsused.In ourcase,roadsdo
havecertainminimumextends,continuoussurfaceswhich
canbeapproximatedlocally quitewell by planes,andare
moreor lesshorizontal.Additionally, sinceexisting infor-
mationfrom GIS databasesis used,theapproximateloca-
tion is known. Regardingthe sensor, thereis an estimate
on themeasurementnoisebeingin the10 to 20cmrange.
In the following, we will show two approaches,the �rst
onebeinga generalplanarsegmentation,andthe second
onebeingspeciallytargetedat thesegmentationof roads.

5.1 Usinga GeneralPlanar RegionGrowing Segmen-
tation

In general,regiongrowing worksby iteratingthefollowing
threesteps.(1) �nd thebestseedregion which ful�ls the
desiredpredicate,(2) addelementsto theseedregion (i.e.,

grow it) as long as they areconnectedto it and they too
ful�l the predicate,and(3) if the region cannotbe grown
anymore,acceptit andgoto (1), usingthe remainingele-
ments. In our case,�nding the bestseedregion involves
the estimationof local planesand looking for the small-
estresiduals.Thepredicateis acertainmaximumdistance
" of the points (x; y; z)T to the planegiven by its Hesse
normalform a, b, c, d associatedwith theregion, i.e.

P(pj ) = TRUE , jax + by+ cz + dj < " :

5.1.1 The scan line grouping approach A general
problem of region growing approachesis that they are
computationallyexpensive. This is dueto thefact thatel-
ementsareaddedoneby one,andusually, a re-estimation
of the predicate(the planeequation)hasto take placeaf-
ter eachaddition. A fast region growing approachbased
on scanline groupinghasbeenpresentedby (Jiangand
Bunke,1992).It workson regularizedrasterdataanduses
thefact that for a planez = ax + by+ d, all pointsalong
theline y = y0 ful�l theequationz = ax+ by0 + d, i.e. the
line equationz = ax+ d0. Viceversa,in mostcases,points
ful�lling theline equationbelongto only oneplane.Thisis
exploited to grow the regionsnot element-by-elementbut
ratherby addingentirescanlines.Thus,thealgorithmuses
thefollowing four steps:

1. partitioning of eachscan line y = y0 into linear
segmentsful�lling correspondingline equationsz =
ax + d0. This actuallycanbe doneby successively
subdividing thescanline(DouglasandPeucker, 1973,
DudaandHart,1973)

2. searchfor a seedregion by investigatingoverlapping
linear segmentsof three successive lines yi ¡ 1, yi ,
yi +1

3. growing the bestseedregion by addingneighboring
line segments,aslongasthey still arepartof thesame
plane

4. postprocessing:afterall segmentsaregrouped,points
on the bordersof the regionsarepossiblyregrouped
in orderto reduce“jagged”borders.

This algorithm works quite fast and hasperformedvery
well in a segmentationcomparison(Hoover et al., 1996).
Onedrawbackis that thealgorithmworksdifferently in x
andy direction,performinga split approachalonga scan-
line anda region growing acrossscanlines.This typically
yields,despitepostprocessing,“jagged”bordersin onedi-
rection.
5.1.2 Application to the segmentationof roads Fig-
ure 4 shows someresultsof applying the generalplanar
segmentationto rangeimages.Figures4(a),(b),(c)show a
partof Stuttgart, regularizedto a 1 m grid. Theroadcen-
terlinesfrom GDFareoverlaid,but donot take partin any
computation.
Figure4(b) shows a segmentationwith theparametersfor
scanlinesplit andscanlinemergeset“coarse”,meaningin
the rangeof onemeter. As onecansee,large planarre-
gionscanbe identi�ed, mostof thembelongingto street



(a) (b) (c)

Figure4: Differentplanarsegmentationsusingthealgorithmof JiangandBunke. (a) Segmentationwith parametersset
“coarse”.(b) Segmentationwith parametersset“�ne”. (c) Detail of (b).

surfaces. Buildings, on the otherhand,arecharacterized
by small and fragmentedregions. As notedabove, due
to theprincipleof scanlinegrouping,left andright region
borderstendto bejagged,while topandbottombordersare
straight.Sincetheroadnetwork is not involvedin thecom-
putation,of coursethesegmentedregionssplit somewhere
in the middle of the roadsegments. However, onecould
imaginethatcollectingsegmentedregionsalongstreetseg-
mentswould bea reasonableapproachto verify theposi-
tion of thestreet,whichwouldof coursenotallow aprecise
determinationof theleft andright borders.
If tolerancesare set tighter, regions get consequently
smaller, asshown in �gure 4(b), parametersnow beingin
the0.1m range.Althoughthesegmentationnow resultsin
ahugeamountof smallregions,streetsurfacescanstill be
recognizedquitewell. Interestingly, thesegmentationnow
is sometimescapableof �nding differentlanesof dualcar-
riageways(�gure 4(c)).
As onecould expect,the situationis not asclear in open
andmostly�at terrain,sincethen,theroadsarenot �anked
asnicelyby buildings.
Figure5(a)showssuchanexample,whereanembankment
with motorway andsomeotherroadsarepresentin other-
wise quite �at terrain. In this case,the “coarse”segmen-
tationeasilyidenti�es theembankmentandthemotorway
but missesthe other roads. The “�ne” segmentation,on
theotherhand,producesa largeamountof smallandlarge
regions,makingthe identi�cation of roadregionsnot ob-
vious(�gure 5(b)).
To conclude,thegeneralplanarsegmentationapproachhas
theadvantagethatno additionalinformationsourceshave
to beintroduced.Nevertheless,regionsbelongingto roads
or even individual lanesare sometimessegmentedquite
well. Segmentedregionscouldbe“collected” lateron us-
ing roadcenterlines.However, anotherapproachwouldbe
to introducecenterlineinformationearlierin the segmen-
tationprocess.This is presentedin thenext section.

5.2 A SegmentationAlong RoadSegments

5.2.1 A RANSAC segmentation approach As
pointed out above, prior knowledge should be used
whereavailable. In this section,we will assumethat the
centerlineis somewherebetweenthetrueroadboundaries.

(a) (b)

Figure 5: Examplesfor a planarsegmentationon 0.5 m
rasterin openterrain. (a) Segmentationwith parameters
set“coarse”.(b) Segmentationwith parametersset“�ne”

Theideanow is to usethis informationin amoresensitive
segmentation,trying to extractthetrueroadextents.
Of course,whenthereis noC0 (height)or C1 (inclination)
discontinuityat the roadboundaries,thereis no way de-
tectingit usinglaserscandata,andotherdatasourcessuch
asaerial imageshave to be used. However, the question
is how reliableevensmalldiscontinuitiescanbedetected.
For example,a roadmaybeboundedby anembankment,
which usuallyis a relatively largestructure.It mayon the
otherhandbeseparatedfrom thepavementor a traf�c is-
land by a kerb of only 15 cm in height. This seemsto
be hopeless,sinceit is closeto the expectednoiseof the
lasermeasurement.However, if oneconsiderspro�les per-
pendicularto theroad,thepoint is thata 10 m wide road,
scannedwith 1 m density, will yield 10 measurementsto
estimatethe roadsurface(assumedto be planar),leading
to astandarddeviationof about15cm/

p
10 ¼ 5 cm.

In order to be as sensitive as possible,we do not use
the “split method” employed by the algorithm of Jiang
and Bunke but insteadthe randomconsensusprinciple
(RANSAC), intoducedby (FischlerandBolles,1981).For
eachpro�le sampledperpendicularto the road,a number
of samplesis drawn,eachconsistingof two pointsfrom the
pro�le. Eachsuchsamplede�nesuniquelytheparameters
a, b, c of a line, andthe consensussetfrom the pro�le is
givenby thesetof points(x; z)T for which

jax + bz+ cj < " : (1)



Sampleswhich lead to non-horizontallines can be re-
movedeasily, notingthatbis in factthecosineof theincli-
nationif thenormalvector(a;b)T is normalized.Fromthe
remainingsamples,the“best” is selected,which currently
is the one leadingto the largestconnectedconsensusset
whichoverlapstheroadcenterlinefrom theGISdatabase.
Therearecurrentlyno assumptionsaboutthe roadwidth
introduced. We obtaina simpleestimatefor the left and
right borderusinga median�lter . For eachpositionalong
the road, the left and right endsof the consensussetsin
a certainneighborhood(from ¡ n to + n metersalongthe
road)areusedasinput.
5.2.2 Resultsand discussion Figure6 shows the ap-
proachfor a singleroadsegment. Startingfrom the orig-
inal segmentandtheDSM (�gure 6(a)),pro�les aresam-
pledorthogonalto thesegmentusingagivensamplingden-
sity of 0.5m(�gure 6(b)). Note that in theshown images,
thedifferencebetween'black' and'white' correspondsto
only 2 metersin height. Working on the resampledim-
age, the RANSAC segmentationdescribedabove is ap-
plied to eachimageline individually, yielding a stackof
segments(shown grey in �gure 6(c)). The left andright
boundsarethendeterminedusingthemedian�lter (shown
black in �gure 6(c)). Finally, the determinedboundscan
bemappedbackto theoriginalDSM for visualassessment
(�gure 6(d)). For thisexample,theconsensusparameter("
of equation1) wassetto 0.05m.
Figure7 shows theresultsfor thesceneshown in �gure 1.
As before, the consensusparameterwas set to 0.05 m.
Notethateventhoughno“minimum width” or “maximum
width” constraintis enforced,thereareonly a few cases
wherethe roadwidth seemsto be entirely wrong. Please
notealso that the segmentationis able to extract the two
lanesof thedualcarriageway quitenicely, shown in detail
in �gure 8. Of course,these�ndings arequalitative in na-
tureandhaveto besupportedby acomparisonwith ground
truth.

6 CONCLUSION AND OUTLOOK

In this paper, we investigatedmethodsto combineexist-
ing informationandlaserscannerdatato derive properties
for future road map databases.The �rst methodusesa
generalsegmentationinto planarsurfaces,implementedas
scanline grouping,in orderto obtainregionsbelongingto
roads.Thesecondis moretargetedtowards�nding thetrue
extentsof roadsandusesroadcenterlinesanda RANSAC
basedsegmentationof pro�les.
Fromourresults,weconcludethatroadsurfacescanbeex-
tractedsurprisinglywell from laserscandata.Thegeneral
planarsegmentermight beusedto �nd thecoarseposition
of roadsif the centerlineinformationfrom the GIS is far
off. Thepro�le approach,on theotherhand,canbemade
moresensitive to detectroadboundarieseven in quite �at
terrain, however the geometryfrom the GIS must corre-
spondquitewell to thelaserscannerdata.
Thereis muchroom for improvementin the future. The
pro�le algorithmcouldbeextendedto baseits estimation
on a small surfacealongtheroadinsteadof on individual
pro�les. Additional informationon streetscould be inte-
grated,suchasinformationonstandardlanewidthsor road

Figure7: Roadsegmentationresultfor thesceneshown in
�gure 1.

Figure8: Close-upview of thesegmentationresultfor the
partshown in �gure 5.

classes.Of course,theroadnetwork connectivity mustbe
exploited, which is currentlynot the casesinceroadseg-
mentsareconsideredindividually. Finally, after this �rst
testsonfeasibility, quantitative resultsin termsof segmen-
tation/ groundtruthcomparisonshave to bemade.
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