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ABSTRACT: In this paper, we presentwork on automaticroadextractionfrom aerialimagery.
After briefly reviewing our systemfor road extraction in rural areas,we focus on our current
researchonroadextractionin urbanareas.In orderto dealwith thehighcomplexity of this typeof
scenes,we integratedetailedknowledgeaboutroadsandtheir context usingexplicitly formulated
models. The roadmodel includes,for instance,small sub-structuressuchasmarkingsbut also
knowledgeaboutthe globalnetwork characteristicsof roads,while the context modeldescribes
relationsbetweenroadsand other objects,e.g., buildings castingshadows on the roador cars
occludingpartsof a lane. Most of thecontext informationis gainedfrom the imageanda given
Digital SurfaceModel at thebeginningof theextraction,which allows usto automaticallyadapt
specificpartsof theroadmodelandextractionstrategy to thecontextual situation.This makesit
possibleto extractroadsevenif theirappearanceis heavily affectedby otherobjects.Weillustrate
intermediatestepsof theextractionby variousexamplesand,basedon anexternalevaluationof
thefinal results,wediscusstheadvantagesbut alsotheremainingdeficienciesof theapproach.

1 INTRODUCTION

Dueto theneedfor efficient acquisitionandupdateof datafor GeographicInformationSystems
(GIS),theautomaticextractionof man-madestructuresfrom aerialimagerybecameanimportant
researchissuemore than two decadesago. Especiallythe reconstructionof buildings and the
extractionof roadshasreceived considerableattention. For roads,besidesmany user- or map-
guidedapproaches,also numerousautomaticapproacheshave beendeveloped. Most of these
effortsaredirectedtowardstheextractionof roadsin ruralareas.Approachesdesignedto process
satelliteor low resolutionaerialimagesgenerallydescriberoadsascurvilinearstructures(Gruen
& Li 1997,Heller et al. 1998,Wiedemann& Hinz 1999)while thoseusinglarge scaleimagery
(i.e., a groundresolutionlessthan 1 m) model roadsmostly as relatively homogeneousareas
satisfyingcertainshapeandsizeconstraints(Ruskoné 1996,Trinder& Wang1998,Mayeret al.
1998,Harvey 1999,Zhang& Baltsavias1999,Baumgartneretal. 1999).

Comparedto the relatively high numberof researchgroupsfocussingtheir activities on rural
areas,only few groupswork on theautomaticextractionof roadsin urbanenvironments.Here,
theroadnetwork is oftenmodeledasa combinationof regulargridswith anapproximatelycon-
stantmeshsize, i.e., the sizeof a singlebuilding block. Moissinacet al. (1995), for instance,
incorporatethis dualismof building blocksandurbanroadsto achieve a consistentsceneinter-
pretationfor featuresextractedfrom mapsandimages.Faber& Förstner(2000),in contrast,rely
purelyon directionalinformationof linesextractedfrom scannedmapsor low resolutionimages
for segmentingregionsshowing similar grid orientation. Price (1999)combinesmultiple high
resolutionimagesanda Digital SurfaceModel (DSM) to extract theurbanroadgrid in complex,
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Figure1. Left: Aerial imagefrom theZurich Hoenggdataset.Right: Texturebasedsegmentationof open
rural area.

thoughstereotypical,residentialareas.After manualinitialization of two intersectingroadseg-
mentsdefiningthefirst mesh,thegrid is iteratively expandedby hypothesizingandverifying new
meshes.Duringfinal verification,Price(2000)exploitsthecontextualknowledgethathighobjects
suchasbuildingsor treesmaydefinethe sidesof urbanroads.Thus,few consecutive roadseg-
mentsaresimultaneouslyadjustedby moving themto localminimaof theDSM, i.e.,theextracted
roadsareconstrainedto runalong”valleys” in theDSM.

Throughoutall thedifferentapproaches,someissueshaveprovedto beof greatimportance:By
integratingadetailedroadandcontext modelonecancapturethevaryingappearanceof roadsand
theinfluenceof backgroundobjectssuchastrees,buildings,andcarsin complex scenes(Ruskoné
1996,Baumgartneret al. 1999). The fusionof different scaleshelpsto eliminateisolateddis-
turbanceson the roadwhile the fundamentalstructuresareemphasized(Mayer& Steger1998).
Thiscanbesupportedby consideringthefunctionof roadsconnectingdifferentsitesandthereby
forming a fairly denseandsometimesevenregularnetwork. Hence,exploiting thenetworkchar-
acteristicsaddsglobal informationand, thus, the selectionof the correcthypothesesbecomes
easier(Helleretal. 1998,Wiedemann& Ebner2000).

In the remainderof this paper, we give a shortreview on our approachon roadextractionin
ruralareaswhichhasbeentestedonvariousimagesandreachedarathermaturedstate(Section2).
Then,in Section3 we turn to our presentwork on roadextractionin urbanareasandpresentthe
basiccomponentsof our roadmodel. Illustratedby examplesusingthe Zurich Hoenggdataset,
we outlinetheextractionstrategy in Section4. In Section5, a numericalevaluationof theresults
currently achievable with our systemis given followed by a discussionof the advantagesand
remainingdeficienciesof the proposedapproach. We concludethe paperwith an outlook on
futurework.

2 ROAD EXTRACTION IN RURAL AREAS

Usually, in rural areasthereareonly a few backgroundobjects,e.g.,singlebuildingsor trees,that
influencetheappearanceof roadsin aerialimagery. Therefore,we donot needto make extensive
useof contextual information,i.e.,of knowledgeaboutrelationsbetweenroadsandotherobjects,
andbasethe main part of the extractionon attributesof the objectroaditself. Our approachto
roadextractionin rural areasemploys a modelthat comprisesthescale-spacebehavior of roads
anddescribestheroadnetwork on differentlevels. We combineextractionof linesin smallscale



Figure2. Resultof roadextractionfor theupperpartof Figure1.

andedgesin large scaleto generatehypothesesfor segmentsof the roadnetwork andintegrate
localandglobalgroupingto constructthenetwork. Thetexturebasedsegmentationof openrural
areas(cf. Fig. 1) helpsto definethe regionswherethe approachis supposedto deliver reliable
results.
We developeda roadextractionschemefor rural areasthat consistsof threedifferentmodules
with specificstrengths.The first moduleemploys multiple scalesaswell asthe local grouping
of lines andedgesto reliably extract mostpartsof the roadnetwork. Contextual informationis
usedto verify connectionhypotheseson a local level (Baumgartneret al. 1999). The second
moduleis able to fuse linear structuresfrom varioussourcesandconstructsa weightedgraph.
Network characteristicsareexploitedby selectingpairsof seedpointswithin this graphandby
searchingfor shortestpathsbetweenthesepairs.Comparedto thefirst module,thesecondmodule
is characterizedby globalgrouping(Wiedemann& Hinz 1999).Thethird modulecompletesthe
network basedon an analysisof pathlengthswithin andbetweenconnectedcomponentsof the
network. Its mostimportantcontribution is the extractionof roadswhich improve the topology
of the network (Wiedemann& Ebner2000). An evaluationof the resultson several testscenes
showsthatthesystembenefitsfrom theintegrationof differenttypesof knowledgewithin theroad
extractionscheme(Hinz et al. 2000).Figure2 displaystheresultachievedby our systemfor the
upperpartof Figure1.

3 MODELLING ROADS AND CONTEXTIN URBAN AREAS

Roadextraction in urbanareasis in particularmotivatedby the high demandfor accurate,de-
tailed,andup-to-dateinformationfor applicationsrelatedwith urbanplanningas,e.g.,traffic flow
analysisandsimulation,estimationof air andnoisepollution,streetmaintenance,etc.Thesurvey
on 3D City modelsby the EuropeanOrganizationfor ExperimentalPhotogrammetricResearch
(OEEPE)confirmedthisdemandshowing thatabout85

�
of theparticipantshavegreatestinterest

in informationaboutroadnetworks (Fuchset al. 1998). However, many of the developedroad
extractionapproacheswould presumablyfail whenappliedto imagestakenover denselybuilt-up
areas,thoughthey show goodresultsin ruralareas.A reasonfor this is thattheincorporatedmod-
elsandstrategiesusuallycannotcopewith situationstypical for urbanareas.Themostimportant
of themare:
1) Thevariability of objectsbelongingto thesameclassis usuallybigger. For instance,buildings
in downtown areasaretypically muchmorecomplicatedthanmoreor lessisolatedhousesin rural
areas.
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Figure3. Roadmodel.

2) The appearanceof an objectis often influencedby its neighboringobjects,andthus,it devi-
atesfrom theunderlyingobjectmodel.For example,buildingscastingshadows on a roadleadto
strongshadow edgesacrosstheusuallybright andhomogeneousroad.Suchdisturbanceshappen
lessfrequentlyin ruralareas.

Hence,besideusing a sophisticatedextraction strategy, detailedobject and context modelling
playsakey role for roadextractionin urbanareas.

3.1 Roadmodel

The roadmodel illustratedin Figure3 compilesknowledgeaboutradiometric,geometric,and
topologicalcharacteristicsof urbanroadsin form of a hierarchicalsemanticnetwork. Themodel
representsthe standard case, i.e., the appearanceof roadsis not affectedby relationsto other
objects.It describesobjectsby meansof “concepts,” andis split into threelevelsdefiningdifferent
pointsof view. Thereal world level comprisestheobjectsto beextracted.On this level theroad
network consistsof junctionsandroad links connectingjunctions. Roadlinks areconstructed
from roadsegments.In finescale,roadsegmentsandcomplex junctionsareaggregatingsof lanes,
which in turn consistof pavementand markings. For markingsthereare two specializations:
Symbolsandline-shapedmarkings.Theconceptsof therealworld areconnectedto theconcepts
of thegeometryandmaterial level via concreterelations(Tönjes1997),which connectconcepts
representingthesameobjectondifferentlevels.Thegeometryandmateriallevel isanintermediate
level whichrepresentsthe3D-shapeof anobjectaswell asits material(Clémentetal. 1993).The
ideabehindthis level is that in contrastto the image level it describesobjectsindependentlyof
sensorcharacteristicsandviewpoint. Roadsegmentsarelinkedto thebrighthomogeneousribbons
of theimagelevel in coarsescale.In contrastto this, thepavementasa partof a lanesegmentin
finescaleis linkedto theelongatedbrightregionof theimagelevel via theelongated,flat concrete
or asphaltregion.

Whereasthe fine scalegivesdetailedinformation, the coarsescaleaddsglobal information.
Becauseof theabstractionin coarsescale(Mayer& Steger1998),additionalcorrecthypotheses
for roadscan be found and sometimesalso falseonescan be eliminatedbasedon topological
criteria,while details,likeexactwidth andpositionof thelanesandmarkings,areintegratedfrom
finescale.In thisway theextractionbenefitsfrom bothscales.



3.2 Context model

Theroadmodelpresentedabove is extendedby knowledgeaboutcontext: So-calledcontext ob-
jects,i.e., backgroundobjectssuchasbuildings, trees,or vehicles,mayhinderroadextractionif
they arenotmodelledappropriatelybut they cansubstantiallysupporttheextractionif they arepart
of theroadmodel.Vehicles,for instance,occludethehomogeneouspavementand,thus,interfere
theextraction.Ontheotherhand,if theextractionsystemis ableto detectavehicleautomatically,
a stronghint for a roadhasbeenfound.ExternalGIS datacanalsoberegardedascontext object.
Experiencefrom our work on roadextractionin rural areas(Baumgartneret al. 1999)shows that
modelingthis interactionbetweenroadobjectsandcontext objectsonalocalaswell asonaglobal
level is a strongaid for guiding the extraction. The difficult taskof imageinterpretationis split
into smallersub-problemswhichcanbesolvedefficiently by usingspecificmodelsandextraction
strategies.

Global context:
The motivation for employing global context stemsfrom the observation that it is possibleto
find semanticallymeaningfulimageregions– so-calledcontext regions– whereroadsshow typi-
cal prominentfeaturesandwherecertainrelationsbetweenroadsandbackgroundobjectshave a
similar importance.Consequently, the relevanceof differentcomponentsof the roadmodeland
the importanceof differentcontext relations(describedbelow) mustbeadaptedto therespective
context region. In urbanareas,for instance,markingsseparatingindividual lanesareoftena re-
markablefeatureandhave thereforea high relevancefor the extraction,while they areusually
lessimportantin rural areas.Similarly, relationsbetweenvehiclesandroadsaremoreimportant
in urbanareassincetraffic is usuallymuchdenserinsideof settlementsthanin rural areas.As
in our previouswork, we distinguishurban, forest, andrural context regions(anexampleof the
texture-basedsegmentationis givenin Figure1 b).

Local context:
Wemodelthelocal context with so-calledcontext relations, i.e.,certainrelationsbetweenasmall
numberof roadandcontext objects.Typical context relationsin the rural context region canbe
found in Baumgartneret al. (1997). In the following we turn our focuson context relationsin
urbanareas(seeFig. 4).

Almost every building in the real world is connectedto the road network. The denserthe
settlement,thecloserthebuildingsmove to theroadandthemoreparallelis their outline to the
roadsides. Therefore,this context relation is especiallyuseful for the extraction in downtown
areas,where,in extremecases,roadsandjunctionsarepurely definedby the building outlines.
Vice-versa,buildings or otherhigh objectsstandingcloseto the roadpotentiallyoccludelarger
partsof it or castshadows on it. Hence,a context relation”occlusion”,givesriseto theselection
of anotherimageproviding a betterview on this particularpart of the scene,whereasa context
relation ”shadow” can tell an extractionalgorithmto choosemodifiedparametersettings,e.g.,
for the extractionof roadmarkings. Both context relationsimply that roadslie lower thanthe
surroundingobjects.Consequently, thereis noneedto searchfor roadson locally highobjects.
For somesettlements,roadaxesmight beavailabledigitally. Suchkind of informationcanbein-
tegratedin averyconsistentwayby usingacontext relationthatmodelsparallelismandcloseness
betweenanextractedpieceof roadandthemappedroadaxis(Moissinacetal. (1995)).With such
a context relation,cuesareprovidedwherea roadmightbepresent.Nevertheless,theextraction
hasto prove independentlywhethertheroadtruly existsin theimage.
Vehiclesarerelatedto a road,or morespecifically, to a lanesegmentby meansof occludingthe
lane’spavement.However, sincevehiclesdriveor standalignedwith alane– at leastin mostcases
– we candirectly usea detectedvehicleor vehicleconvoy for roadextraction: in particular, we
treata detectedvehicleaslanesegment.In sodoing,weneednot to take careof moving vehicles
if wewantto fuseresultsachievedfrom imagestakenatdifferenttimes.

In additionto relationsbetweenroadandcontext objects,we alsoconsiderrelationsbetween
theobjectandits sub-structures,i.e., objectswhich canhelpto definethesemanticsof anobject,
but which can only be detectedat a very fine scalein relation to the object extent. They are



exemplifiedhereby orthogonalmarkingswhich relatethe endof a laneto a junction. Figure4
summarizesthe relationsbetweenroadobjects,context objects,andsub-structuresby usingthe
concepts”Lane segment”and”Junction” asthebasicentitiesof a roadnetwork. Note,however,
thattheexploitationof specificcontext relationswill in mostcasesbepossiblein high resolution
imageryonly ( � 0.15m), becausesub-structuresandotherimagefeatureswhichcontributeto the
localcontext areusuallynotveryprominent.Therefore,thelocalcontext is moretightly connected
with the high resolution,whereasinformationaboutglobal context usuallycanbe derived from
imageswith a resolution� 0.5m andis usefulto guidetheroadextractionin bothscales.
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Figure4. Context relationsin urbanareas.

4 EXTRACTION STRATEGY

In averygeneralsense,theextractionstrategy comprisesknowledgeabouthow andwhencertain
partsof theroadandcontext modelareoptimallyexploited.Sincetheroadmodelincorporates3D
informationaswell assmall sub-structuresto a considerableextent, theextractionrelieson one
sideon aerial imageryconsistingof overlappinggrayscaleimageswith a fairly high resolution
( � 15cm)andontheothersideonanquiteaccurateDSM. In contrastto otherapproaches,wenei-
theruseorthophotosfor extractionnorweextractcompletelyin 3D as,e.g.,Grün& Li (1997)do,
byusingmultipleimagessimultaneously. Thelatterprocedureis conceptuallyelegant,but it inher-
ently impliesmatchingproceduresthroughouttheextractionprocess,which becomeburdensome
for higherscenecomplexities. Furthermore,we want to avoid featureextractionin orthophotos
– despiteof usingaccurateDSM information. Inaccuraciesof theDSM dueto erroneousheight
measurements,filtering, resampling,or moving objectsremainin orthophotosand,for instance,
coulddisturbin particularcollinearpropertiesof imagestructureslike roadmarkings.Hence,dur-
ing extraction,weseparatetheprocessingof imageandheightinformationto acertainextent.The
overall flow of our extractionis illustratedin Figure5. It consistsof 3 levels: (1) Context-based
dataanalysis, (2) Extractionof salientroadsegments, and(3) Roadnetworkcompletion.

Context-based data analysis:
We starttheextractionby exploiting contextual knowledgeto make it availablefor all following
processingstages.After segmentingtheimageinto urban,rural, andforestareas,we continuein
the urbanareawith the context relationbetweenroadsandbuildings. To take into accountthe
”parallel to” and”closeto” relations,we extractcoarsebuilding outlines,i.e., bright blobs,from
theDSM followedby thedetectionof valleys, i.e.,darkwide lines,betweenthem.
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(a)DSM (b) Building outlinesandvalleysderivedfrom DSM

(c) Shadow regionsderivedfrom DSM (d) Refinedshadow regions

Figure6. Analysisof context relations.

This givesus a roughideaaboutthe positionanddirectionof a potentialroadaswell asabout
regionswhereno roadis expected.Thenwe explore the”shadow” relation. Shadow regionsare
detectedin asimilarwayasproposedby Eckstein& Steger(1996)by combiningheightandimage
informationwith knowledgeaboutthesunanglesderivedfrom imageorientationparametersand
imagecapturetime. Theresultsof thesestepsarepresentedin Figure6.

Extraction of salient roads:
For deriving initial Regionsof Interest(RoI) we fusethe DSM-valleys with markings,i.e., thin
bright lines with symmetriccontrast,andpotentialroadsides,i.e., imageedgesextractedfrom
a high resolutionimage,aswell asdarkribbonsextractedfrom a low resolutiongradientimage.
Thisoperationreturnshomogeneousribbonswith partialedgesupportandoptionallymarkingsin-
side(seeFig. 7 a). Within theseregionswe starta groupingprocedurewhich iteratively connects
consecutive markingsandconstructslanesegmentsfrom parallelmarkinggroups.Thisoperation
alsoexpandsin regionsoutsidethe RoI. The resultinglanesegmentsarevalidatedby checking
their interior for grayvaluehomogeneityin directionof thelane.



(a)Homogeneousribbons (b) Detail: verifiedlanes(white),remaining(black)

(c) Detectedcar (d) Connectedroadsegments

Figure7. Stepsfor extractingsalientroads.

However, carsdriving ontheroadcancauseseveredisturbancesof thehomogeneitywhichresults
usuallyin agapin theextraction(seeFig. 7 b). Therefore,thesystemcallsamodulefor automatic
vehicledetection(Hinz 2001)trying to find a reasonfor thegap(Fig. 7 c). Thegapsareclosed
whenever a carhassuccessfullybeendetected.Finally, theverifiedlanessegmentsareconnected
to constructlanes,andparallelandcollinearlanesareaggregatedto setup roadsegments.The
axesof theresultingroadsegmentsaredisplayedin Figure7 d.

Road network completion:
Oncetheroadsegmentshavebeenconstructed,thenetwork is iteratively completedby generating
andverifying connectionhypotheses.By doingso, roadsegmentsarelinked androadjunctions
arereconstructed.Theverificationcanbecarriedoutby usingroadextractiontoolssuchasribbon
snakesandhomogeneitytrackingbut alsoby exploiting thecontext relationsdescribedabove. Up
to now, weonly integratedmodulesfor checkinghomogeneityin junctionandshadow regionsinto
this loop(seeroadnetworkcompletionin Fig. 5). Hence,thebridgingof suchregionsis currently
not veryaccurate.However, themodulesappliedduringtheextractionof salientroadshave to be



(a) ImagePart I (b) ImagePart II

Figure8. Extractedroadnetworks.

modifiedonly slightly andwill be includedin the nearfuture. Figure8 a shows the successful
verificationof theconnectionleadingthroughtheshadow region in thecentralpartof theimage.

5 RESULTS AND DISCUSSION

Figure8 shows thefinal resultof roadextractionin two partsof theZurich Hoenggdataset.The
resultshave beenevaluatedby matchingthe extractedroadaxes to manuallyplotted reference
data(Wiedemann& Ebner2000). As canbe seen,major partsof the roadnetworks have been
extracted(white lines indicateextractedroadaxes). Expressedin numericalvalues,we achieve
a completenessof almost70

�
anda correctnessof about95

�
. The systemis able to detect

shadowedroadsectionsor roadsectionswith ratherdensetraffic. However, it mustbenotedthat
someof theaxes’underlyinglanesegmentshavebeenmissed.Thisis mostevidentatthecomplex
roadjunctionsin bothimageparts,whereonly spuriousfeaturesfor theconstructionof lanescould
beextracted.Thus,not enoughevidencewasgivento acceptconnectionsbetweentheindividual
branchesof thejunction.Anotherobviousfailurecanbeseenat theright branchof thejunctionin
thecentralpartof ImagePart I (Fig. 8 a). Thetramandtrucksin thecenterof theroadhave been
missedsinceourvehicledetectionmoduleis onlyableto extractvehiclessimilarto passengercars.
Thus,thisparticularroadaxishasbeenshiftedto thelowerpartof theroadwheretheimplemented
partsof themodelfit muchbetter.

In summary, theresultsindicatethat thepresentedsystemextractsroadseven in complex en-
vironments.An obviousdeficiency exists in form of themissingdetectioncapabilityfor vehicle
typesasbussesandtrucks.However, themainbottleneckof our systemis the(still) weakmodel
for complex junctions. Hence,oneof our next stepswill be directedtowardsthe modelingand
reliabledetectionof roadjunctions. As indicatedin Section4, anotherextensionof our system
is the incorporationof multiple overlappingimages.Also for multiple images,we plan to treat
the processingstepsup to the generationof lanespurely as2D-problem. The resultsfor each
imagearethenprojectedon theDSM andfusedthereto achieve a consistentdataset.Then,new
connectionsarehypothesizedand,again,verifiedin eachimageseparately.
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