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Abstract

This paperpresentsa methodto build fine resolutiondigital terrainmaps,on the
basisof asetof low altitudeaerialstereovisionimages.Stereovisionimagesarethe
only dataavailable:to build a globalmap,we introduceanalgorithmthatusesin-
terestpointmatchesbetweensuccessive imagesto estimatetheir relative position.
Experimentalresultsarepresentedanddiscussed,they show how onecan build
thousandssquaremetersfineresolutionmaps,integratinghundredsof stereovision
imagesacquiredby a tetheredblimp.

1 Introduction

In all theapplicationscontextswherethedevelopmentof explorationandinterventionroboticsis considered,air/ground
roboticensemblesbring forth severalopportunitiesfrom anoperationalpoint of view [1]. Be it for planetaryexplo-
ration,environmentmonitoringandsurveillance,deminingor reconnaissance,avarietyof scenarioscanbeenvisaged.
For instance,dronesor airshipscanoperatein apreliminaryphase,in orderto gatherinformationsthatwill beusedin
bothmissionplanningandexecutionfor thegroundvehicles.But onecanalsoforeseecooperative scenarios,where
aircraftswould supportgroundrobotswith communicationlinks andglobal informations,or whereboth kinds of
machineswouldcooperateto fulfill a givenmission.

In thiscontext, werecentlyinitiatedaninternalprojectconcerningthedevelopmentof autonomousairships[2], in
whichtwo issuesarecurrentlyconsidered.Thefirst oneis relatedto airshipflight control: weaimatdevelopingfunc-
tionalitiestoendow anairshipwith thecapacitiesto executepre-definedtrajectoriesonthebasisof GPSandattitudein-
formations,andwewouldalsolike to givetheairshipcommandsatabit higherlevel of abstraction,suchas"follow
the vehicle on the ground" or"follow this feature - road, river,electric line...".
Thedevelopmentof suchfunctionalitiescalls for theestablishmentof a dynamicmodelof airshipsandthestudyof
theircontrollability [3]. Thesecondissueis relatedto environmentmodelingusingimagesacquiredon-board theair-
ship. Sucha functionality is requiredto sendthe airshipcommandsdefinedwith respectto the environment,but is
alsocritical to tackletheeffectivecooperationbetweentheairshipandgroundrobots,whichcallsfor thebuilding and
shareof commonenvironmentsrepresentationsbetweenthetwo kindsof robots.

Thispaperpresentssomepreliminaryresultsrelatedto thegenerationof finedigital elevationmaps(DEM), onthe
solebasisof stereovision imagesacquiredat low altitude.DEMs appearto beaninterestingrepresentationto share
betweengroundandaerial robots,as they arevery convenientto manipulate,andareable to catchthe gist of the
perceived surfacegeometry(for instance,several featuredetectionalgorithmscanbe appliedon suchmaps[4, 5]).
DEMs areof coursevery commonin geographicinformationsystems,for which low resolutionmapsareusually
derivedfrom aerialor satelliteimagery(radar, lidar or vision - e.g. see[6]). Roboticistsalsopaida lot of attentionto
thebuilding of suchmaps[7, 8, 9], but to our knowledgeonly a few contribution arerelatedto thebuilding of very
highresolutionDEMsusinglow altitudeimagery[10].

Thepaperis organizedasfollows: thenext sectiondescribesourexperimentalsetup(a tetheredblimp) to acquire
low altitudestereovision images.Section3 presentsthe problemsrelatedto DEM building whith suchimages,and



describesouralgorithm.Section4 is devotedto thepreciseestimationof theblimp displacementsbetweenthevarious
stereovision acquisitions,usingan interestpoint matchingalgorithm.Section5 presentssomemapbuilding results,
anda discussionconcludesthepaper.

2 Experimental setup

To acquirelow altitudedata,we equippeda
�������

tetheredblimp with a stereobench(figure1). The stereobench
is composedof two black andwhite � ���	�
�����

pixels CCD cameras;the baselineis approximately��
 ��� meters.
Calibrationof thebenchhasbeenmadepossiblewith a setof imagespairsof a calibrationframelaid on theground.
A few hundredsof stereopairshave beenacquiredover anapproximately� ��������� surface,at altitudesvaryingfrom
10 to 40 meters,duringthreedifferentacquisitionruns.Thesurfaceover which theblimp flew containselementsof
variousnatures:rocky areas,grassareas,fences,tall treesandbushes,a smallbuilding anda parkinglot (figure1).
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Fig. 1: Thetetheredballoonweusedto get low altitudestereo images(left), andthethreeacquisitionrunsdrawnon
a sketch mapof thearea(right)

Imagesweretransmittedto a framegrabberlocatedon the groundvia a
�����

video cable,andarethereforeof
quitepoorquality. Also, thevideocable,thetetherandtheoperatorthatmovedtheballooncanbeseenon almostall
images(figure2): wewill seein section5 thatit doesnotdistrubtoo muchthemappingalgorithm.
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Fig. 2: Threeexamplesof imagestakenfromtheblimp.Fromleft to right: view of therockyarea,view of thefire place
(notethe treeand its shadowon the top-left part of the image),andview of theroof of thesmall building (notethe
shadowof thebuilding).

Stereovision. Our stereovision algorithmis a classicalpixel correlationalgorithm[11]. A densedisparityimage
is producedfrom a pair of imagesthanksto a correlation-basedpixel matchingalgorithm(we useeitherthe ZNCC



criteriaor thecensusmatchingcriteria),falsematchesareavoidedthanksto a reversecorrelation.With goodquality
images,thereversecorrelationphaseis enoughto remove thefew falsematchesthatoccur. But whentheimagesare
not of very goodquality, threethresholdsdefinedon thecorrelationscorecurve areusedto discardfalsematches(on
thevalueof thehighestscore,on thedifferencebetweenthis scoreandthesecondhighestpeakin thecurve,andon
the“sharpness”of thepeak).Althoughtheimagesacquiredfrom theblimp arenot of very goodquality, settingthese
thresholdswaseasy. However, theintroductionof thesethresholdsremovesgoodmatches,especiallyin low textured
andshadow areas,in whichnoiseis higherthanluminancevariations.Figure3 presentssomeresultsof thealgorithm
on imagepairsacquiredwith theblimp.

Fig. 3: Resultsof the stereovisionalgorithm on the threeexampleimagesof figure 2. Original imageswhere non-
matchedpixelsare whiteare on thetop line, disparityimagesare on thebottomline. Thedisparityis here codedwith
grey levels:thedarkerthepixels,thecloserthey are to thecameras.Theleft resultis an idealcase,where mostof the
pixelsare matched.Themiddleand right examplesshowthat the stereovisionalgorithmhardly find matchesin the
shadowedareas.

3 Digital elevation maps

Althoughtherehasbeenseveralcontributionsto theproblemof buildingdigitalelevationmapswith dataacquiredfrom
rovers[8, 9], we think that it hasstill not beenaddressedin sufficiently satisfactoryway. Themaindifficulty comes
fromtheuncertaintiesonthe3D inputdata,thatcanhardlybepropagatedthroughoutthecomputationsandrepresented
in the grid structure.Figure4 presentsthe problemfor variouscasesof sensorconfigurations:in the 3D data,the
range(depth)coordinateis the mostunprecise,especiallyin the caseof stereovision, wherethis uncertaintygrows
quadraticallywith thedistance.To takeinto accountthesedataproperties,thebestrepresentationwould thereforebe
a 3D occupancy grid [12].

But onecanseeon figure4 that theproblemis betterconditionedwhenusingaerialimageslooking downwards.
Not only the dataresolutionon the groundis moreregular, but alsothe uncertaintieson the 3D data“fits” bettera
representationof the uncertaintiesin the digital map:the uncertaintiesin the datacanbe fairly well estimatedby a
standarddeviationon thecell elevation.

Consideringthesepropertiesof thedata,our algorithmto build a DEM thereforecomesdown to computingthe
elevationof thecell by averagingtheelevationsof the3D pointsthatareprojectedin thecells.Thestandarddeviation
on theelevation is alsostraightforwardlycomputed,andsinceto each3D point is associateda luminancevalue,it is
alsopossibleto computeameanluminancevaluefor eachmapcell (figure5).
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Fig. 4: Sensorerrors with respectto an horizontal grid. In the leftmostcase,which is the one encountered with
rangeimagesacquired from a rover, the precisionof the data,which is essentiallyin the rangeestimate,shouldbe
transformedinto anoccupancyprobability in theDEM cells.In therightmostcase,which correspondto dataacquired
froma flyingdevice,theproblemis much betterconditioned:theprecisionon thedatacanbedirectlyrepresentedby
a precisionon theelevation computedfor thecells.Themiddlecasecorrespondsto a very low altitudeacquisition,
which is thecaseof our images:in our algorithm,wehowever considerthat weare closeto therightmostcase. One
canalsoguessonthesefiguresthat thevariableresolutionof thedataonthegroundplayanimportantrolefor ground
rovers,andis much more regular with aerial images.

.
/

Fig. 5: A digital elevationmapcomputedwith a singlestereovisionimage(theleftmostoneof figure 3). Fromleft to
right: top view of the elevationscodedin grey levels,top view of the luminancevaluesstored in the DEM, and 3D
view. Thehorizontalplaneof theDEM is definedorthogonally to theview axisof thestereovisionimageconsidered.

4 Motion estimation

Sincetheblimp is not equippedwith any positioningdevice, onemustdeterminetherelative positionsof thesystem
betweensuccessive stereoframesin order to build a global digital elevation map.For that purpose,we adapteda
motionestimationalgorithminitially developedfor groundrovers[13, 14] (asimilaralgorithmcanbefoundin [15]).
Thetechniqueis ableto estimatethe6 parametersof therobotdisplacementsin any kind of environments,providedit
is texturedenoughsothatpixel-basedstereovision workswell: thepresenceof noparticularlandmarkis required.

4.1 Principle of the algorithm

Themotionparametersbetweentwo stereoframesarecomputedonthebasisof asetof 3D point to 3D pointmatches,
establishedby trackingthecorrespondingpixelsin theimagesequenceacquiredwhile therobotmoves(figure6 - as
in stereovision, pixelsaretrackedusingeitherthe ZNCC or thecensusmatchingcriteria).A lot of attentionis paid
to theselectionof thepixel to track:on onehand,in orderto avoid wrongcorrespondences,onemustmakesurethat
they canbefaithfully tracked.This is donethanksto theapplicationof anautocorrelationfunctionon theimage,that
givesfor every pixel an indicatorrelatedto the expectedprecisionof the trackingalgorithm.On the otherhand,in
orderto haveapreciseestimationof themotion,onemustchoosepixelswhosecorresponding3D point is known with
a goodaccuracy. For thatpurpose,weuseanerrormodelof thestereovision algorithm,thatusesthesharpnessof the
correlationcurve asanindicatorof theprecisionof thecomputed3D coordinates[16].
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DEMsfor readabilitypurposes),fromwhich themotionis estimated.

4.2 Establishing pixel correspondences between images

Trackingtheselectedpixels in an imagesequencerequiresanestimateof the3D motionof the camerato focusthe
searchzone,to reduceboth the computationtime andtheprobability to establishwrongcorrespondences.With our
groundrover, 3D odometrycanprovide this estimate,but thereis no way to have suchanestimatewith the images
takenfrom theblimp. To establishpixelsmatchesbetweenthestereovision frames,wethereforeuseanalgorithmthat
matchesinterestpointsdetectedonapairof grey level imagestakenfrom arbitrarypointsof view [17]. Thealgorithm
providesdensematchesandis very robust to outliers, i.e. interestpointsgeneratedby noiseor presentin only one
imagebecauseof occlusionsor nonoverlap.Thissectionsummarizesthisalgorithm.

General principle: Onceinterestpointshavebeencomputedfor two successiveimages,first matchinghypotheses
aregeneratedusingasimilarity measureof theinterestpoints.Hypothesesareconfirmedusinglocalgroupsof interest
points: group matchesare basedon a measuredefinedon an affine transformationestimateand on a correlation
coefficientcomputedon theintensityof theinterestpointsthatareconsistentwith theestimatedaffinetransformation.
Oncea reliablematchhasbeendeterminedfor a given interestpoint andthecorrespondinglocal group,new group
matchesarefoundby propagatingtheestimatedaffinetransformation(figure7).

Interest points: TheHarrisdetector[18] usesGaussianfunctionsto computethederivativesof intensity, andthe
two eigenvaluesof theauto-correlationmatrix astheprincipalcurvaturesof theauto-correlationfunction.It is oneof
themostused:in [19], theauthorscomparedits stabilitywith respectto otherdetectorsusingaquantitativeevaluation
criteria,repeatability, which is thepercentageof repeatedinterestpointsbetweentwo images,andassessedthat the
preciseHarrisdetectoris theonethatprovidesthebestrepeatability.

We usesinglescalarvalue,the”cornerness”021 , asa characteristicof an interestpoint 3 . It is definedusingthe
two eigenvalues46587:925 �<; of theauto-correlationmatrix: 021
=?>@5 � 7BA 5 �� > .

To measuretheresemblancebetweentwo repeatedpoints 3 and C in two images,thesimilarity DE4F3G9HC ; is used:
DE4F3I92C ; =KJELNMPORQTSVU QTWVXJ@Y[Z�ORQTS\U QTWVX . Figure8 shows theevolution of themeanof thesimilarity of repeatedpointsfor anexample
imageundervariousknownrotationandscalechanges.Repeatabilityis over

����]
for any rotation,anddecreasesdown

to � ��] percentwith ascalefactorchangeof ��
 � . For thesetransformations,themeanof similarity is alwaysover � ��] ,
andthestandarddeviation is not greaterthan � ��] .
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Fig. 8: Evolutionof the interestpointsrepeatability, meansimilarity and similarity standard deviation with known
rotationsandscalefactorchangesof theimageshownon theleft.

Group matching procedure: On thebasisof thesimilarity measurebetweentwo interestpoints,first matching
hypothesesaregenerated.They areconfirmedby a groupmatchingprocedure,which relieson the assumptionthat
if two interestpointsmatch,their cornernessaresimilar andtheir closeneighborsarealsovery likely to bematched
together:therepeatabilitybetweenmatchedgroupsis higherthanfor any othergrouppair.

Theproceduregoesasfollows:givenaninterestpoint in thefirst image,all theinterestpointsin thesecondimage
whosecornernessis similar arematchingcandidates.To determinewhich candidateis thegoodmatch,local groups
aroundtheconsideredpoint andall thecandidatesarebuilt. For eachcandidategroup,thelocal affine transformation
thatyieldsthehighestrepeatabilityis determined.Therepeatabilitycriteriais not sufficient to establisha valid group
match:groupmatchesareconfirmedby the estimationof correlationcoefficient computedon the intensityof the
repeatedpointsin matchedgroups(detailsof this procedure,which is theheartof thematchingpoint algorithm,are
presentedin [17]).

Matches propagation: Oncea reliablegroupmatchis found,a focussedgroupmatchingprocedureis activated.
Althoughthelocalaffinetransformationfoundfor agroupmatchis notgloballystableonmostscenes,it is locally sta-
ble.Therefore,it is propagatedaroundthecurrentgroupmatchfound,in orderto focusthesearchof matchcandidates,
thusreducingboththenumberof candidatesto checkandthepossibilityof falsematchesoccurrences.

False matches elimination: To discardthefalsematches(outliers)thatmighthaveoccurredin thewholeprocess,
theessentialmatrix is computedonthebasisof thematches.For thatpurpose,amedianleastsquarealgorithmis used,
so that the essentialmatrix is not affectedby the presenceof outliers.Theapplicationof a simplethresholdon the
distancebetweenthematchedpixel andtheir correspondingepipolarline removesthemajority of theoutliers.

Figure9 shows someresultsof the interestpointsmatchingalgorithmon someimagesacquiredwith theblimp:
notsurprisingly, no interestpointsarematchedin theshadow andlow textureareas.This is essentiallydueto thepoor
imagequality, thatgenerateunstablecornersin suchareas.Fortunately, thealgorithmis extremelyrobust1, andis not^

Ir hasbeentestedwith hundredsof imagesof various3D scenes,takenin variousconditionsandenvironments.



affectedby this.

Fig. 9: Threeresultsof theinterestpointmatchingalgorithm,appliedbetweentheexampleimagesof figure 2 andthe
followingonesin theacquisitionsequence. Thewhitesquaresindicatetheinterestpointsthatwerematched.Notethat
theviewpoint changesin themiddleandright imagesare quite important:nevertheless,no erroneousmatcheswere
established.

4.3 Computation of the relative motion

Thanksto theinterestpointmatchingalgorithm,a setof 3D pointsassociationsbetweentwo consecutive stereovision
framesis available.Estimatingthedisplacementbetweenthe two framesthensimply comesdown to computingthe
6 motionparameters(translationandrotation)thatminimizesa distancebetweenmatchedpoints.Sincethereremain
only a verysmallminority of outliersin thematches,a least-squareminimizationtechniqueis veryeffective [20].

5 First results

Thanksto thesethreealgorithms(stereovision, motionestimationandmapbuilding), we couldbuild variousdigital
elevationsmapsintegratingseveral tensof stereoimages.In the absenceof any attitudeestimationdevice on-board
theblimp, theplaneof theDEM is definedorthogonallyto theview axisof thefirst stereovision imagesconsidered.

Figure10 presentsa digital elevationmapbuilt with 120stereovision pairs,covering about � ��������� , with a cell
resolutionof

�_�`� 0 �a� . Thetrajectoryexecutedby theblimp, which couldberecoveredusingthelocalizationalgo-
rithm, is anabout � ����� long loop.Thelastimagesoverlapsthefirst images,andnodiscrepanciescanbeobservedin
thefinal modelon this area:the localizationalgorithmgave hereanextremelyprecisepositionestimate, with a final
errorof theordera mapcell size,i.e. about

� 
b� ] . Figure11 show two mapsbuilt with imagescorresponfingto the
secondtrajectory, andfigure12show themapbuilt with all theimagesof thethird trajectory.: thepositionestimation
in this lattercasedriftedof about � ] .

Note that onecandistinguishin all this figuresthe variouspositionsof the operator, thatproducespeaksin the
elevationmapandwhitishareasin theluminancevalues(theoperatorworeawhiteshirt).Thisis becausethealgorithm
that fills the mapsimply updatesthe cells without any consistency check.Suchartifactscanbe easilyremoved by
checkingif theelevationof thepointsof the3D imageto fuseis consistentwith thecurrentelevationandcorresponding
standarddeviation of themapcells.Unconsistent3D pointscorrespondto moving partsin theenvironment,andcan
justbediscarded.

All theimageswereprocessedoff-line, sinceno CPUwason-boardtheblimp. However, thecomputationstimes
arecompatiblewith anon-lineimplementation,mostof the time beingconsumedby stereovision andinterestpoints
matching,whichbothtakeaboutonesecondonanUltra-10SparcCPUor a G3PowerPc.



Fig. 10: Final digital elevation mapproducedwith the120stereovisionimagescorrespondingto the first trajectory
in the sketch mapof figure 1. Left: 3D model,in which somepeaksare artifacts dueto the presenceof the moving
operator. Right:a topview of thismodel,which is actuallyanortho-imageof theterrain. The“vertical” projectionof
theblimppositionsare shownassmallblack framesin this image.

Fig. 11: Thetwoortho-imagescorrespondingto DEMsbuilt fromimagesof thesecondtrajectoryin figure 1.

6 Discussion

Summary: Wepresentedsomepreliminaryresultsrelatedto thebuilding of fineresolutiondigital elevationmapswith
low altitudeaerialimages,usingonly asetof stereovisionimagestakenfrom atetheredblimp asinputdata.Thanksto
thedevelopmentof aninterestpointmatchingalgorithmthatallowsto preciselyestimatetheblimp motions,consistent�_�c� 0 �a� resolutionmapscovering areasof several thousandsof squaremeterscouldbebuilt. This appearsto bea
verycost-effective wayof mappingterrains,thatcanbeusefulfor any low altitudeflying robot.
Open issues: Theseresultsareencouraging,but several importantproblemsneedsto be tackledin orderto have a
robustandreliablemappingmodule.They concernespeciallylocalization,andmapbuilding.

Our localizationalgorithmis a motionestimationalgorithm,in thesensethat it cumulateserrorsover time [21]:
it processessuccessive images,withoutmemorizingany particularfeature.It couldhowever berun in a differentway
whenflying over analreadymodeledarea:theinterestpointsof thelatestimagecouldbematchedwith interestpoints
memorizedduring the flight, or with interestpointsdetectedon the luminancevaluesof the DEM. The algorithm
would thenturn into a poserefinementalgorithm,thatcanreducetheerroron theposition.In sucha case,oneshould
re-estimatetheaircraft lastposition,andthusall theformerpositions. To runsucha back-propagationalgorithm,one
needsanerrorcovariancematrix for all thepositionestimates:for thatpurpose,we arecurrentlytrying to determine
anerrormodelof themotionestimationalgorithm.



Fig. 12: Final digital elevationmapproducedwith the80stereovisionimagescorrespondingto thethird trajectoryof
figure 1.Theoverall positionestimationerror canbeseenontopof theright image,wherethefirst andthelast images
overlap(seethecalibrationframe).Theabsolutetranslationerror is about � � at theendof thetrajectory.

Severalimprovementsarerequiredfor theDEM building algorithm.Indeed,oneof thedrawbackof DEMsis that
they considerthat theperceivedsurfaceis convex: thereis no way to representverticalfeaturesandoverheadswith a
singleelevationvaluefor eachcell (seehow badthetreeslook in thefiguresof section5).Wearecurrentlyconsidering
a muchmoresophisticatedalgorithm,akin to 3D occupancy grids [12], thatmaintainsa discreteprobabilitydensity
functionfor thecell elevations.
Toward cooperative air/ground robotics: Whatever the cooperationscenariobetweenaerialandgroundrobotsis,
webelievethatto fosterthedevelopmentof suchensembles,oneof themostimportantissueto addressis building and
managementof environmentrepresentationsusingdataprovidedby all possiblesources.Indeed,not only eachkind
of machine(terrestrial,aerial)canbenefitfrom the informationgatheredby the other, but also in orderto plan and
executecooperativeor coordinatedactions,bothkindsof machinesmustbeableto build, manipulateandto reasonon
commonconsistentenvironmentrepresentations.Amongtheissuesraisedby theseapplications,thelocalizationof a
terrestrialroverwith respectto amodelbuilt from aerialdatais animportantone,anddigital elevationmapsappearto
bea well suitedstructurefor thatpurpose.Suchanability is requiredto considercooperative environmentmodeling,
but it makesalsoa lot of sensewhenlongrangenavigationmissionsarespecifiedto agroundrover: it wouldguaranty
a boundederroron therover positionestimations.
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