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ABSTRACT: In this paper we presentwork on automaticroad extractionfrom aerialimagery
After briefly reviewing our systemfor road extractionin rural areas,we focus on our current
researclonroadextractionin urbanareasln orderto dealwith thehigh compleity of thistypeof
sceneswe integratedetailedknowvledgeaboutroadsandtheir context usingexplicitly formulated
models. The road modelincludes,for instance small sub-structuresuchas markingsbut also
knowledgeaboutthe global network characteristicef roads,while the context modeldescribes
relationsbetweenroadsand other objects,e.g., buildings castingshadas on the road or cars
occludingpartsof alane. Most of the context informationis gainedfrom theimageanda given
Digital SurfaceModel at the beginning of the extraction,which allows usto automaticallyadapt
specificpartsof theroadmodelandextractionstratgy to the contextual situation. This makesit
possibleo extractroadsevenif theirappearancis heaily affectedby otherobjects.Weillustrate
intermediatestepsof the extractionby variousexamplesand,basedon an externalevaluationof
thefinal results we discusghe advantagedut alsothe remainingdeficiencieof theapproach.

1 INTRODUCTION

Dueto the needfor efficient acquisitionandupdateof datafor GeographidnformationSystems
(GIS), theautomaticextractionof man-madestructuregrom aerialimagerybecameanimportant
researchissuemore thantwo decadesago. Especiallythe reconstructiorof buildings and the

extraction of roadshasreceved considerablettention. For roads,besidesnary user or map-
guidedapproachesalso numerousautomaticapproachesave beendeveloped. Most of these
efforts aredirectedtowardsthe extractionof roadsin rural areas Approacheslesignedo process
satelliteor low resolutionaerialimagesgenerallydescriberoadsascurvilinearstructuredGruen
& Li 1997,Helleretal. 1998, Wiedemann& Hinz 1999)while thoseusinglarge scaleimagery
(i.e., a groundresolutionlessthan 1 m) model roadsmostly as relatvely homogeneousreas
satisfyingcertainshapeandsizeconstraint{Rusloné 1996, Trinder & Wang1998,Mayeret al.

1998,Harwey 1999,Zhang& Baltsarias 1999,Baumgartneetal. 1999).

Comparedo therelatively high numberof researchgroupsfocussingtheir actvities on rural
areasonly few groupswork on the automaticextractionof roadsin urbanervironments.Here,
theroadnetwork is often modeledasa combinationof regular grids with anapproximatelycon-
stantmeshsize, i.e., the size of a single building block. Moissinacet al. (1995), for instance,
incorporatethis dualismof building blocksandurbanroadsto achiere a consistensceneinter
pretationfor featuresextractedfrom mapsandimages.Faber& Forstner(2000),in contrastrely
purelyon directionalinformationof lines extractedfrom scannednapsor low resolutionimages
for segmentingregions shaving similar grid orientation. Price (1999) combinesmultiple high
resolutionimagesanda Digital SurfaceModel (DSM) to extractthe urbanroadgrid in comple,
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Figurel. Left: Aerial imagefrom the Zurich HoenggdatasetRight: Texture basedseymentatiorof open
rural area.

thoughstereotypicalyesidentialareas. After manualinitialization of two intersectingroad seg-
mentsdefiningthefirst meshthegrid is iteratively expandedy hypothesizingndverifying new
meshesDuringfinal verification,Price(2000)exploits the contextual knowledgethathigh objects
suchasbuildings or treesmay definethe sidesof urbanroads. Thus,few consecutie road seg-
mentsaresimultaneoushadjustedy moving themto localminimaof theDSM, i.e., theextracted
roadsareconstrainedo runalong”valleys” in the DSM.

Throughoutll thedifferentapproachesomeissueshave provedto be of greatimportance By
integratinga detailedroadandcontet modelonecancapturehevaryingappearancef roadsand
theinfluenceof backgroundbjectssuchastrees buildings,andcarsin comple scenegRusloné
1996, Baumgartneet al. 1999). The fusion of different scaleshelpsto eliminateisolateddis-
turbancen the roadwhile the fundamentabtructuresareemphasizedMayer & Steger 1998).
This canbe supportedy consideringhe functionof roadsconnectingdifferentsitesandthereby
forming afairly denseandsometime®venregularnetwork. Hence exploiting the networkchar-
acteristicsaddsglobal information and, thus, the selectionof the correcthypothesedecomes
easiel(Helleretal. 1998,Wiedemanr& Ebner2000).

In the remainderof this papey we give a shortreview on our approachon road extractionin
ruralareasvhichhasbeentestedonvariousimagesandreachedrathermaturedstate(Section?).
Then,in Section3 we turnto our presentvork on roadextractionin urbanareasandpresenthe
basiccomponent®f our road model. lllustratedby examplesusingthe Zurich Hoenggdataset,
we outlinethe extractionstratgy in Sectiond. In Section5, a numericalevaluationof the results
currently achievable with our systemis given followed by a discussionof the adwvantagesand
remainingdeficienciesof the proposedapproach. We concludethe paperwith an outlook on
futurework.

2 ROAD EXTRACTIONIN RURAL AREAS

Usually in rural areaghereareonly afew backgroundbjects.e.g.,singlebuildingsor trees that
influencethe appearancef roadsin aerialimagery Thereforewe do not needto make extensve
useof contextual information,i.e., of knowledgeaboutrelationsbhetweerroadsandotherobjects,
andbasethe main part of the extractionon attributesof the objectroaditself. Our approacho
roadextractionin rural areasemplo/s a modelthat compriseghe scale-spacéehaior of roads
anddescribesheroadnetwork on differentlevels. We combineextractionof linesin smallscale



Figure2. Resultof roadextractionfor the upperpartof Figurel.

andedgesin large scaleto generatenypothese$or segmentsof the road network andintegrate
localandglobalgroupingto constructhe network. Thetexture basedsegmentatiorof openrural
areas(cf. Fig. 1) helpsto definethe regionswherethe approachs supposedo deliver reliable
results.

We developeda road extraction schemefor rural areasthat consistsof threedifferent modules
with specificstrengths. The first moduleemplo/s multiple scalesaswell asthe local grouping
of lines and edgedto reliably extract most partsof the roadnetwork. Contextual informationis
usedto verify connectionhypothese®n a local level (Baumgartneet al. 1999). The second
moduleis ableto fuse linear structuresfrom various sourcesand constructsa weightedgraph.
Network characteristicgre exploited by selectingpairsof seedpointswithin this graphandby
searchindor shortespathsbetweerthesepairs. Comparedo thefirst module thesecondnodule
is characterizedby global grouping(Wiedemanr& Hinz 1999). Thethird modulecompleteghe
network basedon an analysisof pathlengthswithin and betweenconnecteccomponent®f the
network. Its mostimportantcontritution is the extractionof roadswhich improve the topology
of the network (Wiedemann& Ebner2000). An evaluationof the resultson severaltestscenes
shavs thatthesystenbenefitfrom theintegrationof differenttypesof knowledgewithin theroad
extractionschemgHinz etal. 2000). Figure2 displaysthe resultachiezed by our systemfor the
upperpartof Figurel.

3 MODELLING ROADS AND CONTEXTIN URBAN AREAS

Roadextractionin urbanareasis in particularmotivatedby the high demandfor accurate de-
tailed,andup-to-datenformationfor applicationgelatedwith urbanplanningas,e.qg.,traffic flow
analysisandsimulation,estimationof air andnoisepollution, streetmaintenancegtc. The suney
on 3D City modelsby the EuropearnOrganizationfor ExperimentalPhotogrammetridkesearch
(OEEPE)confirmedthis demandshaving thatabout85% of the participanthave greatesinterest
in informationaboutroad networks (Fuchset al. 1998). However, mary of the developedroad
extractionapproachesould presumablyail whenappliedto imagestaken over denselybuilt-up
areasthoughthey shav goodresultsin ruralareas A reasorfor thisis thattheincorporatednod-
elsandstratgiesusuallycannot copewith situationgtypical for urbanareas.Themostimportant
of themare:

1) Thevariability of objectsbelongingto the sameclassis usuallybigger For instancepuildings
in dowvntown areasaretypically muchmorecomplicatedhanmoreor lessisolatedhousesn rural
areas.
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Figure3. Roadmodel.

2) The appearancef an objectis ofteninfluencedby its neighboringobjects,andthus, it devi-
atesfrom the underlyingobjectmodel. For example,buildings castingshadevs on aroadleadto
strongshadev edgesacrosghe usuallybrightandhomogeneousad. Suchdisturbancesappen
lessfrequentlyin rural areas.

Hence,besideusing a sophisticatedextraction stratgy, detailedobjectand context modelling
playsakey role for roadextractionin urbanareas.

3.1 Roadmodel

The road modelillustratedin Figure 3 compilesknovledge aboutradiometric,geometric,and
topologicalcharacteristicef urbanroadsin form of a hierarchicasemantimetwork. Themodel
representshe standad case i.e., the appearancef roadsis not affectedby relationsto other
objects.It describe®bjectshy meansf “concepts, andis splitinto threelevelsdefiningdifferent
pointsof view. Thereal world level compriseghe objectsto be extracted.On this level theroad
network consistsof junctionsandroadlinks connectingjunctions. Roadlinks are constructed
from roadsegments.In fine scale roadsegmentsandcomples junctionsareaggrgatingsof lanes,
which in turn consistof pavementand markings. For markingsthereare two specializations:
Symbolsandline-shapednarkings.The conceptof therealworld areconnectedo the concepts
of the geometryand materiallevel via conceterelations(Tonjes1997),which connectconcepts
representinghesameobjectondifferentlevels. Thegeometryandmateriallevelis anintermediate
level which representthe 3D-shapeof anobjectaswell asits material(Clementetal. 1993).The
ideabehindthis level is thatin contrastto the image level it describesbjectsindependentlyof
sensocharacteristicandviewpoint. Roadseggmentsarelinkedto thebrighthomogeneousbbons
of theimagelevel in coarsescale.In contrasto this, the parementasa partof alanesegmentin
fine scaleis linkedto theelongatedrightregion of theimagelevel via theelongatedflat concrete
or asphaltegion.

Whereaghe fine scalegives detailedinformation, the coarsescaleaddsglobal information.
Becausef the abstractiorin coarsescale(Mayer & Steger 1998),additionalcorrecthypotheses
for roadscan be found and sometimesalso false onescan be eliminatedbasedon topological
criteria,while details like exactwidth andpositionof thelanesandmarkings areintegratedfrom
fine scale.In thisway the extractionbenefit§rom bothscales.



3.2 Contt model

Theroadmodelpresentedbore is extendedby knowledgeaboutcontet: So-calledcontet ob-
jects,i.e., backgroundbjectssuchashbuildings, trees,or vehicles,may hinderroad extractionif

they arenotmodelledappropriateljout they cansubstantiallysupportheextractionif they arepart
of theroadmodel. Vehiclesfor instancepccludethe homogeneoupavementand,thus,interfere
theextraction.Ontheotherhand,if theextractionsystemis ableto detectavehicleautomatically
astronghint for aroadhasbeenfound. ExternalGIS datacanalsoberegardedascontet object.
Experiencdrom ourwork on roadextractionin rural areagBaumgartneetal. 1999)shavs that
modelingthisinteractionbetweenroadobjectsandcontet objectsonalocalaswell asonaglobal
level is a strongaid for guiding the extraction. The difficult task of imageinterpretatioris split
into smallersub-problemsvhich canbe solvedefficiently by usingspecificmodelsandextraction
stratgjies.

Global context:

The motivation for emplgying global context stemsfrom the obseration that it is possibleto
find semanticallymeaningfulimageregions— so-calledcontext regions— whereroadsshaw typi-
cal prominentfeaturesandwherecertainrelationsbetweerroadsandbackgroundbjectshave a
similarimportance.Consequent|ythe relevanceof differentcomponent®f the roadmodeland
theimportanceof differentcontet relations(describedelon) mustbe adaptedo the respectie
contet region. In urbanareasfor instance markingsseparatingndividual lanesare oftena re-
markablefeatureand have thereforea high relevancefor the extraction, while they are usually
lessimportantin rural areas.Similarly, relationsbetweervehiclesandroadsaremoreimportant
in urbanareassincetraffic is usuallymuchdenserlinside of settlementghanin rural areas.As
in our previous work, we distinguishurban forest andrural contet regions(anexampleof the
texture-basedegmentatioris givenin Figurel b).

L ocal context:

We modelthelocal context with so-calledcontext relations i.e., certainrelationsbetweera small
numberof roadandcontet objects. Typical context relationsin the rural contet region canbe
foundin Baumgartneet al. (1997). In the following we turn our focuson contet relationsin
urbanareaqseeFig. 4).

Almost every building in the real world is connectedo the road network. The denserthe
settlementthe closerthe buildings move to the roadandthe moreparallelis their outline to the
roadsides. Therefore,this contet relationis especiallyuseful for the extractionin dowvntown
areaswhere,in extremecasesyoadsandjunctionsare purely definedby the building outlines.
Vice-versa,buildings or otherhigh objectsstandingcloseto the road potentially occludelarger
partsof it or castshadavs onit. Hence,a context relation”occlusion”, givesriseto the selection
of anotherimageproviding a betterview on this particularpart of the scenewhereasa context
relation”"shadav” cantell an extractionalgorithmto choosemodified parametersettings,e.g.,
for the extraction of road markings. Both contet relationsimply that roadslie lower thanthe
surroundingobjects.Consequentlythereis no needto searchor roadson locally high objects.
For somesettlementsisoadaxesmight be availabledigitally. Suchkind of informationcanbein-
tegratedin avery consistentvay by usinga contet relationthatmodelsparallelismandcloseness
betweeranextractedpieceof roadandthe mappedoadaxis(Moissinacetal. (1995)). With such
a contet relation,cuesareprovided wherea roadmightbe present.Neverthelessthe extraction
hasto prove independentlyvhethertheroadtruly existsin theimage.

Vehiclesarerelatedto aroad,or morespecifically to a lanesegmentby meansof occludingthe
lanes pavement.However, sincevehiclesdrive or standalignedwith alane— atleastin mostcases
—we candirectly usea detectedvehicle or vehicleconvoy for roadextraction: in particular we
treata detectedrehicleaslanesegment.In sodoing,we neednot to take careof moving vehicles
if we wantto fuseresultsachieved from imagegaken at differenttimes.

In additionto relationsbetweerroadandcontet objects,we alsoconsidemrelationsbetween
the objectandits sub-structures,e., objectswhich canhelpto definethe semantic®f anobject,
but which canonly be detectedat a very fine scalein relationto the objectextent. They are



exemplified hereby orthogonalmarkingswhich relatethe endof alaneto a junction. Figure4
summarizeshe relationsbetweerroad objects,context objects,andsub-structureby usingthe
conceptsLane sggment”and”Junction” asthe basicentitiesof a roadnetwork. Note, however,
thatthe exploitation of specificcontet relationswill in mostcasese possiblein high resolution
imageryonly (< 0.15m), becaussub-structureandotherimagefeaturesvhich contrituteto the
localcontect areusuallynotveryprominent.Thereforethelocal context is moretightly connected
with the high resolution,whereasnformationaboutglobal context usually canbe derived from
imageswith aresolution> 0.5m andis usefulto guidetheroadextractionin bothscales.
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Figure4. Contet relationsin urbanareas.

4 EXTRACTION STRATEGY

In avery generakensetheextractionstratgy compriseknowvledgeabouthow andwhencertain
partsof theroadandcontext modelareoptimally exploited. SincetheroadmodelincorporateSD
informationaswell assmall sub-structure$o a considerablextent, the extractionrelieson one
sideon aerialimageryconsistingof overlappinggray scaleimageswith a fairly high resolution
(< 15cm)andontheothersideonanquiteaccuratddSM. In contrasto otherapproachesye nei-
theruseorthophotodor extractionnorwe extractcompletelyin 3D as,e.g.,Grin & Li (1997)do,
by usingmultipleimagessimultaneouslyThelatterprocedurés conceptuallyeleggant,but it inher
ently impliesmatchingprocedureshroughouthe extractionprocesswhich becomeburdensome
for higherscenecompleities. Furthermorewe wantto avoid featureextractionin orthophotos
— despiteof usingaccurateDSM information. Inaccuracie®f the DSM dueto erroneousheight
measurementdiltering, resampling or moving objectsremainin orthophotosand,for instance,
coulddisturbin particularcollinearpropertieof imagestructuredik e roadmarkings.Hence dur
ing extraction,we separat¢he processingf imageandheightinformationto a certainextent. The
overall flow of our extractionis illustratedin Figure5. It consistof 3 levels: (1) Context-based
dataanalysis (2) Extractionof salientroad sggmentsand(3) Roadnetworkcompletion

Context-based data analysis:

We startthe extractionby exploiting contextual knowledgeto make it availablefor all following
processingtages After segmentingtheimageinto urban,rural, andforestareaswe continuein
the urbanareawith the contet relation betweernroadsand buildings. To take into accountthe
"parallelto” and”closeto” relations,we extract coarsebuilding outlines,i.e., bright blobs,from
the DSM followed by the detectionof valleys, i.e., darkwide lines, betweerthem.
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Figure6. Analysisof context relations.

This givesus a roughideaaboutthe positionanddirectionof a potentialroad aswell asabout
regionswhereno roadis expected.Thenwe explorethe"shadav” relation. Shadav regionsare
detectedn asimilarway asproposedy Eckstein& Steger(1996)by combiningheightandimage
informationwith knowvledgeaboutthe sunanglesderived from imageorientationparameterand
imagecapturetime. Theresultsof thesestepsarepresentedn Figure6.

Extraction of salient roads:
For deriing initial Regionsof Interest(Rol) we fusethe DSM-valleys with markings,i.e., thin

bright lines with symmetriccontrast,and potentialroad sides,i.e., imageedgesextractedfrom
a high resolutionimage,aswell asdarkribbonsextractedfrom a low resolutiongradientimage.
Thisoperatiorreturnshomogeneousbbonswith partialedgesupportandoptionallymarkingsin-
side(seeFig. 7 a). Within theseregionswe starta groupingprocedurevhich iteratively connects
consecutie markingsandconstructdanesegymentsrom parallelmarkinggroups.This operation
alsoexpandsin regionsoutsidethe Rol. The resultinglane segmentsare validatedby checking
theirinterior for grayvaluehomogeneityn directionof thelane.
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Figure?. Stepsfor extractingsalientroads.

However, carsdriving ontheroadcancauseseveredisturbancesf thehomogeneityhich results
usuallyin agapin theextraction(seeFig. 7 b). Thereforethesystemcallsamodulefor automatic
vehicledetection(Hinz 2001)trying to find a reasorfor the gap(Fig. 7 ¢). The gapsareclosed
wheneer a carhassuccessfullbeendetectedFinally, the verified lanessegmentsareconnected
to constructlanes,andparalleland collinearlanesare aggrgatedto setup road segments. The

axesof theresultingroadsegmentsaredisplayedn Figure7 d.

Road network completion:

Oncetheroadsggmentshave beenconstructedthenetwork is iteratively completedy generating
andverifying connectiorhypothesesBy doing so, roadsegmentsarelinked androadjunctions
arereconstructedTheverificationcanbecarriedout by usingroadextractiontoolssuchasribbon
shalkesandhomogeneityrackingbut alsoby exploiting the context relationsdescribedabore. Up
to now, we only integratedmoduledor checkinghomogeneityn junctionandshadev regionsinto
thisloop (seeroad networkcompletionin Fig. 5). Hence the bridgingof suchregionsis currently
notvery accurate However, the modulesappliedduringthe extractionof salientroadshave to be
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Figure8. Extractedroadnetworks.

modified only slightly andwill be includedin the nearfuture. Figure 8 a shavs the successful
verificationof theconnectiorleadingthroughthe shadev region in the centralpartof theimage.

5 RESULTSAND DISCUSSION

Figure8 shavs thefinal resultof roadextractionin two partsof the Zurich Hoenggdataset.The
resultshave beenevaluatedby matchingthe extractedroad axesto manuallyplotted reference
data(Wiedemann& Ebner2000). As canbe seen,major partsof the road networks have been
extracted(white lines indicateextractedroad axes). Expressedn numericalvalues,we achiee
a completenessf almost70 % anda correctnes®f about95 %. The systemis ableto detect
shadwedroadsectionsor roadsectionswith ratherdenseraffic. However, it mustbe notedthat
someof theaxes’ underlyinglanesegmentshave beenmissed.Thisis mostevidentatthe complex
roadjunctionsin bothimageparts,whereonly spurioudeaturegor theconstructiorof lanescould
be extracted.Thus,not enoughevidencewasgivento acceptconnectiondbetweerthe individual
branche®f thejunction. Anotherobviousfailure canbe seerattheright branchof thejunctionin
the centralpartof ImagePart| (Fig. 8 a). Thetramandtrucksin the centerof theroadhave been
missedsinceourvehicledetectiormoduleis only ableto extractvehiclessimilarto passengesars.
Thus,this particularroadaxishasbeenshiftedto thelower partof theroadwheretheimplemented
partsof themodelfit muchbetter

In summarythe resultsindicatethatthe presentegystemextractsroadsevenin comple en-
vironments.An obvious deficieng existsin form of the missingdetectioncapabilityfor vehicle
typesasbussesandtrucks. However, the mainbottleneckof our systemis the (still) weakmodel
for complex junctions. Hence,one of our next stepswill be directedtowardsthe modelingand
reliable detectionof roadjunctions. As indicatedin Section4, anotherextensionof our system
is the incorporationof multiple overlappingimages. Also for multiple images,we planto treat
the processingstepsup to the generationof lanespurely as 2D-problem. The resultsfor each
imagearethenprojectedon the DSM andfusedthereto achia/e a consistentlataset.Then,new
connectionarehypothesize@dnd,again,verifiedin eachimageseparately
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