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Abstract

This paperpresentsa methodto build fine resolutiondigital terrainmaps,on the
basisof asetof low altitudeaerialstere@isionimages Sterewisionimagesarethe
only dataavailable:to build a globalmap,we introduceanalgorithmthatusesin-
terestpoint matchedetweersuccessie imagesto estimateheir relative position.
Experimentalresultsare presentedand discussedthey shav how one can build
thousandsquaremeterdine resolutionmapsintegratinghundredf sterewision
imagesacquiredby atetheredlimp.

1 Introduction

In all theapplicationsontexts wherethedevelopmenbf explorationandinterventionroboticsis consideredair/ground
robotic ensemble$ring forth several opportunitiesrom an operationapoint of view [1]. Be it for planetaryexplo-
ration,ervironmentmonitoringandsurweillance deminingor reconnaissanca,\varietyof scenarioganbeervisaged.
For instancedronesor airshipscanoperatén apreliminaryphasejn orderto gatherinformationsthatwill be usedin
both missionplanningandexecutionfor the groundvehicles.But onecanalsoforeseecooperatie scenarioswhere
aircraftswould supportgroundrobotswith communicationlinks and global informations,or where both kinds of
machinesvould cooperateo fulfill agivenmission.

In this context, we recentlyinitiatedaninternalprojectconcerninghe developmenf autonomousirships[2], in
whichtwo issuesarecurrentlyconsideredT hefirst oneis relatedto airship flight control: we aim atdevelopingfunc-
tionalitiesto endav anairshipwith thecapacitieto executepre-definedrajectorienthebasisof GPSandattitudein-
formations andwe wouldalsolike to givetheairshipcommandstabit higherlevel of abstractionsuchas" f ol | ow
the vehicle on the ground" or"followthis feature - road, river,electric line...".
The developmentof suchfunctionalitiescalls for the establishmentf a dynamicmodelof airshipsandthe studyof
their controllability [3]. Thesecondssueis relatedto ervironmentmodelingusingimagesacquiredon-boad the air-
ship. Sucha functionality is requiredto sendthe airshipcommandgefinedwith respecto the ervironment,but is
alsocritical to tacklethe effective coopeation betweertheairshipandgroundrobots which callsfor the building and
shareof commonenvironmentsrepresentationsetweerthetwo kindsof robots.

This paperpresentsomepreliminaryresultsrelatedtio thegeneratiorof fine digital elevationmaps(DEM), onthe
solebasisof sterewisionimagesacquiredat low altitude.DEMs appearto be aninterestingrepresentatioto share
betweengroundand aerial robots,asthey arevery cornvenientto manipulate and are ableto catchthe gist of the
perceved surfacegeometry(for instance several featuredetectionalgorithmscan be appliedon suchmaps[4, 5]).
DEMs are of coursevery commonin geographidnformation systemsfor which low resolutionmapsare usually
derivedfrom aerialor satelliteimagery(radar lidar or vision - e.g. see[6]). Roboticistsalsopaida lot of attentionto
the building of suchmaps[7, 8, 9], but to our knowledgeonly a few contribution arerelatedto the building of very
high resolutionDEMs usinglow altitudeimagery[10].

The paperis organizedasfollows: the next sectiondescribe®ur experimentalsetup(a tetheredblimp) to acquire
low altitude sterew@ision images.Section3 presentghe problemsrelatedto DEM building whith suchimages,and



describesuralgorithm.Section4 is devotedto the preciseestimatiorof the blimp displacementbetweerthevarious
sterew@ision acquisitionsusinganinterestpoint matchingalgorithm. Section5 presentsomemapbuilding results,

anda discussiorconcludeghe paper

2 Experimental setup

To acquirelow altitude data,we equippeda 25m? tetheredblimp with a stereobench(figure 1). The stereobench
is composedf two black andwhite 752 x 582 pixels CCD camerasthe baselineis approximatelyl.20 meters.
Calibrationof the benchhasbeenmadepossiblewith a setof imagespairsof a calibrationframelaid on the ground.
A few hundredsof stereopairshave beenacquiredover anapproximately3000m? surface at altitudesvaryingfrom
10 to 40 metersduringthreedifferentacquisitionruns. The surfaceover which the blimp flew containselementsof
variousnaturesrocky areasgrassareasfencestall treesandbushesa smallbuilding anda parkinglot (figure 1).
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Fig. 1: Thetetheedballoonwe usedto getlow altitude steeoimagegleft), andthe threeacquisitionrunsdrawnon
a skett mapof thearea(right)

Imagesweretransmittedto a frame grabberlocatedon the groundvia a 50m video cable,and are thereforeof
quite poor quality. Also, thevideocable the tetherandthe operatoithatmoved the ballooncanbe seenon almostall
imagegfigure 2): we will seein section5 thatit doesnotdistrubtoo muchthe mappingalgorithm.

Tether and video cable

Operator

Fig. 2: Threeexamplesof imagedakenfromtheblimp. Fromleft to right: view of therody area, view of thefire place
(notethe treeand its shadowon the top-left part of the image),and view of the roof of the small building (notethe
shadowof the building).

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



criteriaor the censugnatchingcriteria), falsematchesareavoidedthanksto a reversecorrelation.With goodquality
imagesthereversecorrelationphases enoughto remore the few falsematchegshatoccur But whentheimagesare
not of very goodquality, threethresholdsiefinedon the correlationscorecurve areusedto discardfalsematchegon
the valueof the highestscore,on the differencebetweerthis scoreandthe seconchighestpeakin the curve, andon
the“sharpnessbf the peak).Althoughtheimagesacquiredrom the blimp arenot of very goodquality, settingthese
thresholdsvaseasy However, the introductionof thesethresholdsemaresgoodmatchesespeciallyin low textured
andshadav areasjn whichnoiseis higherthanluminancevariations.Figure 3 presentsomeresultsof thealgorithm
onimagepairsacquiredwith theblimp.

Fig. 3: Resultsof the stereovisionalgorithm on the three exampleimagesof figure 2. Original imageswhee non-
matdedpixelsare whiteare onthetop line, disparityimagesare on the bottomline. Thedisparityis hete codedwith
grey levels:thedarkerthe pixels,the closerthey are to thecameas. Theleft resultis an ideal case whee mostof the
pixelsare matded. Themiddleand right examplesshowthat the steeovisionalgorithm hardly find matdesin the
shadowedreas.

3 Digital elevation maps

Althoughtherehasbeenseveralcontributionsto theproblemof building digital elevationmapswith dataacquiredrom
rovers[8, 9], we think thatit hasstill not beenaddresseth suficiently satisfactoryway. The maindifficulty comes
fromtheuncertaintieenthe3D inputdatathatcanhardlybepropagatethroughouthecomputationsindrepresented
in the grid structure Figure4 presentghe problemfor variouscasesof sensorconfigurationsin the 3D data,the
range(depth)coordinateis the mostunprecisegspeciallyin the caseof sterewision, wherethis uncertaintygrows
guadraticallywith the distance To takeinto accounthesedatapropertiesthe bestrepresentatiomould thereforebe
a 3D occupang grid [12].

But onecanseeon figure 4 thatthe problemis betterconditionedwhenusingaerialimagedooking downwards.
Not only the dataresolutionon the groundis moreregular, but alsothe uncertaintieson the 3D data“fits” bettera
representatioof the uncertaintiesn the digital map:the uncertaintiesn the datacanbe fairly well estimatedoy a
standardleviation on the cell elevation.

Consideringhesepropertiesof the data,our algorithmto build a DEM thereforecomesdown to computingthe
elevationof thecell by averagingthe elevationsof the 3D pointsthatareprojectedn thecells. The standardieviation
ontheelevationis alsostraightforwardlycomputed andsinceto each3D pointis associate@ luminancevalue,it is
alsopossibleto computea meanluminancevaluefor eachmapcell (figure 5).



Fig. 4: Sensorerrors with respectto an horizontal grid. In the leftmostcase,which is the one encountezd with
rangeimagesacquired from a rover the precisionof the data, which is essentiallyin the rangeestimate shouldbe
transformednto an occupancyrobabilityin the DEM cells.In therightmostcase which correspondo dataacquired
froma flying device, the problemis mud betterconditioned:the precisionon the datacanbedirectlyrepresentedy
a precisionon the elevation computedor the cells. Themiddlecasecorrespondgo a very low altitude acquisition,
which is the caseof our images:in our algorithm,we however considerthat we are closeto therightmostcase One
canalsoguesonthesdiguresthatthevariableresolutionof thedataonthegroundplay animportantrole for ground
rovers,andis mud mote regular with aerial images.

Fig. 5: A digital elevation mapcomputedwith a singlestereovisionimage(the leftmostoneof figure 3). Fromleft to
right: top view of the elevationscodedin grey levels,top view of the luminancevaluesstoredin the DEM, and 3D
view. Thehorizontalplaneof the DEM is definedorthogonally to the view axisof the steeeovisionimageconsideed.

4 Motion estimation

Sincetheblimp is notequippedwith ary positioningdevice, onemustdetermineherelative positionsof the system
betweensuccesske stereoframesin orderto build a global digital elevation map. For that purposewe adaptecda
motionestimatioralgorithminitially developedfor groundrovers[13, 14] (asimilaralgorithmcanbefoundin [15]).

Thetechniques ableto estimatehe 6 parametersf therobotdisplacements ary kind of ervironments providedit

is texturedenoughsothatpixel-basedsterewision workswell: the presencef no particularlandmarkis required.

4.1 Principleof thealgorithm

Themotionparameterbetweertwo steredramesarecomputecn thebasisof a setof 3D pointto 3D pointmatches,
establishedby trackingthe correspondingpixelsin theimagesequencacquiredwhile therobotmoves(figure 6 - as
in sterewision, pixels aretrackedusingeitherthe ZNCC or the censusmatchingcriteria). A lot of attentionis paid
to the selectionof the pixel to track: on onehand,in orderto avoid wrongcorrespondencesnemustmakesurethat
they canbefaithfully tracked.Thisis donethanksto the applicationof anautocorrelatiorfunction ontheimage that
givesfor every pixel anindicatorrelatedto the expectedprecisionof the trackingalgorithm.On the otherhand,in
orderto have a preciseestimatiorof the motion,onemustchoosepixelswhosecorrespondin@D pointis known with
agoodaccurag. For thatpurposewe useanerrormodelof the sterewision algorithm,thatuseshe sharpnessf the
correlationcurve asanindicatorof the precisionof thecomputed3D coordinateg16].
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Fig. 6: Principle of the visual motionestimationtechnique Thestepsof steeovisiongo fromleft to right, time goes
fromtop to bottom.Givena stereovisionimagepair, a setof pixelsare selectedn theleftimage They are trackedand
matdedin the new steeovisionframe:this produces3D pointsassociationgright - the3D imagesare representeds
DEMsfor readabilitypurposes)fromwhich the motionis estimated.

4.2 Establishing pixel correspondences between images

Trackingthe selectedpixelsin animagesequenceequiresan estimateof the 3D motion of the camerato focusthe
searchzone,to reduceboth the computatiortime andthe probability to establishwrong correspondence$Vith our
groundrover, 3D odometrycanprovide this estimate put thereis no way to have suchan estimatewith theimages
takenfrom the blimp. To establisipixelsmatchedetweerthe stereeision frames we thereforeuseanalgorithmthat
matchesnterestpointsdetectednapair of grey level imagestakenfrom arbitrarypointsof view [17]. Thealgorithm
providesdensematchesandis very robustto outliers,i.e. interestpointsgeneratedy noiseor presentn only one
imagebecaus®f occlusionor nonoverlap.This sectionsummarizeshis algorithm.

General principle: Onceinterestpointshave beencomputedor two successieimagesfirst matchinghypotheses
aregeneratedisingasimilarity measuref theinteresipoints.Hypothesesreconfirmedusinglocal groupsof interest
points: group matchesare basedon a measuredefinedon an affine transformationestimateand on a correlation
coeficientcomputedn theintensityof theinterestpointsthatareconsistentwith the estimatedaffine transformation.
Oncea reliablematchhasbeendeterminedor a giveninterestpoint andthe correspondindocal group,new group
matchesarefoundby propagatinghe estimatedaffine transformatior(figure 7).

Interest points: TheHarrisdetecto{18] usesGaussiariunctionsto computethe derivativesof intensity andthe
two eigervaluesof theauto-correlatiormatrix asthe principal curvaturesof the auto-correlatioriunction. It is oneof
themostused:in [19], theauthorscomparedts stability with respecto otherdetectorsisinga quantitatie evaluation
criteria, repeatability which is the percentag®f repeatednterestpointsbetweentwo images,andassessethatthe
preciseHarrisdetectoiis the onethatprovidesthe bestrepeatability

We usesinglescalarvalue,the”cornerness” , asacharacteristiof aninterestpoint . It is definedusingthe
two eigervalues » of theauto-correlatiomatrix: 2 .

To measure¢heresemblanceetweertwo repeategoints and in two imagesthe similarity is used:

. Figure8 shows the evolution of the meanof the similarity of repeategointsfor anexample
imageundervariousknown rotationandscalechangesRepeatabilitys over80  for ary rotation,anddecreasedown
to30 percenwith ascalefactorchangeof 1.5. For theseransformationghemeanof similarity is alwaysover70
andthe standardieviationis notgreaterthan12

SR
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Fig. 8: Evolutionof the interestpointsrepeatability meansimilarity and similarity standad deviation with known
rotationsandscalefactor changesf theimageshownon theleft.

Group matching procedure: Onthebasisof the similarity measuréetweertwo interestpoints,first matching
hypothesesre generatedThey are confirmedby a group matchingprocedurewhich relies on the assumptiorthat
if two interestpointsmatch,their cornernessresimilar andtheir closeneighborsarealsovery likely to be matched
togethertherepeatabilitypbetweermatchedyroupsis higherthanfor ary othergrouppair.

Theprocedurgoesasfollows: givenaninterestpointin thefirstimageall theinterestpointsin the secondmage
whosecornernesss similar arematchingcandidatesTo determinewhich candidates the goodmatch,local groups
aroundthe consideregboint andall the candidatesirebuilt. For eachcandidategroup,thelocal affine transformation
thatyieldsthe highestrepeatabilityis determinedTherepeatabilitycriteriais not sufiicientto establisha valid group
match:group matchesare confirmedby the estimationof correlationcoeficient computedon the intensity of the
repeategointsin matchedgroups(detailsof this procedurewhich is the heartof the matchingpoint algorithm,are
presentedh [17]).

Matches propagation: Oncea reliablegroupmatchis found, afocussedyroupmatchingprocedurés activated.
Althoughthelocal affine transformatiorfoundfor a groupmatchis notglobally stableon mostscenesit is locally sta-
ble. Thereforeijt is propagate@roundhecurrentgroupmatchfound,in orderto focusthesearchof matchcandidates,
thusreducingboththe numberof candidateso checkandthe possibility of falsematchesccurrences.

False matcheselimination: To discardthefalsematchegoutliers)thatmighthave occurredn thewholeprocess,
theessentiaimatrixis computedn thebasisof thematcheskFor thatpurposea medianeastsquarealgorithmis used,
sothatthe essentiamatrix is not affectedby the presencef outliers. The applicationof a simplethresholdon the
distancebetweerthe matchedpixel andtheir correspondingpipolarline removesthe majority of the outliers.

Figure9 shavs someresultsof the interestpoints matchingalgorithmon someimagesacquiredwith the blimp:
notsurprisingly nointerestpointsarematchedn theshadav andlow textureareasThisis essentiallydueto the poor
imagequality, thatgeneratainstablecornersin suchareasFortunately thealgorithmis extremelyrobust, andis not

Ir hasbeentestedwith hundredsf imagesof various3D scenestakenin variousconditionsandervironments.



affectedby this.

Fig. 9: Threeresultsof theinterestpoint matding algorithm,appliedbetweerthe exampleimagesof figure 2 andthe
followingonesin theacquisitionsequencelhewhitesquaesindicatetheinterestpointsthatwere matthed.Notethat
the viewpoint changesn the middleand right imagesare quiteimportant: neverthelessno erroneousmatdheswere
established.

4.3 Computation of the relative motion

Thanksto theinterestpoint matchingalgorithm,a setof 3D pointsassociationbetweertwo consecutie stere@ision
framesis available.Estimatingthe displacemenbetweerthe two framesthensimply comesdown to computingthe
6 motionparametergtranslationandrotation)thatminimizesa distancebetweermatchedpoints.Sincethereremain
only avery smallminority of outliersin thematchesaleast-squareninimizationtechniques very effective [20].

5 Firstresults

Thanksto thesethreealgorithms(stere@ision, motion estimationand map building), we could build variousdigital
elevationsmapsintegratingseveral tensof stereoimages.in the absencef ary attitudeestimationdevice on-board
theblimp, the planeof the DEM is definedorthogonallyto the view axisof thefirst stere@isionimagesconsidered.

Figure 10 presentsa digital elevation mapbuilt with 120 sterewision pairs,covering about1500m?, with a cell
resolutionof 5 x 5 m?. Thetrajectoryexecutedby the blimp, which could be recaveredusingthe localizationalgo-
rithm, is anabout100m longloop. Thelastimagesoverlapsthefirstimagesandno discrepanciesanbe obseredin
the final modelon this area:the localizationalgorithmgave herean extremelyprecisepositionestimate with a final
error of the ordera mapcell size,i.e. about0.1 . Figure1l shav two mapsbuilt with imagescorresponfingo the
secondrajectory andfigure 12 shov themapbuilt with all theimagesof the third trajectory: the positionestimation
in this latter casedrifted of about1

Note that onecandistinguishin all this figuresthe variouspositionsof the operatoy that producegpeaksin the
elevationmapandwhitishareasn theluminancevalues(theoperatomworeawhite shirt). Thisis becaus¢healgorithm
thatfills the map simply updateshe cells without ary consisteng check.Suchartifactscan be easily removed by
checkingf theelevationof thepointsof the3D imageto fuseis consistentvith thecurrentelevationandcorresponding
standarddeviation of the mapcells. Unconsisten8D pointscorrespondo maoving partsin the ervironment,andcan
justbediscarded.

All theimageswereprocesseaff-line, sinceno CPUwason-boardhe blimp. However, the computationgimes
arecompatiblewith anon-lineimplementationmostof the time beingconsumedy sterewision andinterestpoints
matchingwhich bothtakeaboutonesecondn anUltra-10SparcCPUor a G3 PawerPc.



Fig. 10: Final digital elevation map producedwith the 120 steeovisionimagescorrespondingo the first trajectory
in the skett mapof figure 1. Left: 3D model,in which somepeaksare artifacts dueto the presencef the moving
opeitor. Right: a top view of this model,which is actuallyan ortho-imageof theterrain. The“vertical” projectionof
theblimp positionsare shownas smallbladk framesin thisimage

Fig. 11: Thetwo ortho-imagesorrespondingo DEMsbuilt fromimagesof the secondrajectoryin figure 1.

6 Discussion

Summary: We presentedomepreliminaryresultsrelatedto thebuilding of fine resolutiondigital elevationmapswith
low altitudeaerialimagesusingonly asetof sterewisionimagegakenfrom atetheredlimp asinputdata.Thanksto
thedevelopmenbf aninterestpointmatchingalgorithmthatallowsto preciselyestimateheblimp motions consistent
5 x 5 m? resolutionmapscovering areasof several thousand®f squaremeterscould be built. This appeardo bea
very cost-efective way of mappingterrains thatcanbeusefulfor ary low altitudeflying robot.

Open issues: Theseresultsare encouragingbut several importantproblemsneedsto be tackledin orderto have a
robustandreliablemappingmodule. They concernespeciallylocalization,andmapbuilding.

Our localizationalgorithmis a motionestimationalgorithm,in the sensahatit cumulateserrorsover time [21]:
it processesuccessie imageswithoutmemorizingary particularfeature.lt couldhowever berunin a differentway
whenflying over analreadymodeledareatheinterestpointsof thelatestimagecouldbe matchedwith interestpoints
memorizedduring the flight, or with interestpoints detectedon the luminancevaluesof the DEM. The algorithm
wouldthenturninto a poserefinemenalgorithm,thatcanreducethe erroron the position.In sucha case pneshould
re-estimateheaircraftlastposition,andthusall theformerpositions To run sucha back-propagatioalgorithm,one
needsan error covariancematrix for all the positionestimatesfor thatpurposewe arecurrentlytrying to determine
anerrormodelof the motionestimatioralgorithm.



Fig. 12: Final digital elevation mapproducedwith the 80 steleovisionimagescorrespondingo thethird trajectoryof
figure 1. Theovemll positionestimatiorerror canbeseerontop of theright image wheee thefirstandthelastimages
overlap(seethe calibrationframe).Theabsolutetranslationerror is about1m at theendof thetrajectory

Severalimprovementsarerequiredfor the DEM building algorithm.Indeed oneof thedravbackof DEMsis that
they considetthatthe perceved surfaceis convex: thereis no way to representvertical featuresandoverheadsith a
singleelevationvaluefor eachcell (seehow badthetreedook in thefiguresof section5). We arecurrentlyconsidering
a muchmoresophisticatedlgorithm,akin to 3D occupang grids[12], thatmaintainsa discreteprobability density
functionfor the cell elevations.

Toward cooperative air/ground robotics: Whatever the cooperatiorscenaricdbetweenaerialandgroundrobotsis,
we believe thatto fosterthe developmenbf suchensemblesyneof themostimportantissueto addresss building and
managememnf ervironmentrepresentationgsingdataprovided by all possiblesourcesindeed,not only eachkind
of machine(terrestrial,aerial) canbenefitfrom the informationgatheredy the other, but alsoin orderto planand
executecooperatie or coordinatedactions bothkindsof machinesnustbeableto build, manipulateandto reasoron
commonconsistenervironmentrepresentationgAmongtheissuesaisedby theseapplicationsthe localizationof a
terrestrialrover with respecto amodelbuilt from aerialdatais animportantone,anddigital elevationmapsappeato
be awell suitedstructurefor that purpose Suchanability is requiredto considercooperatie environmentmodeling,
but it makesalsoalot of sensavhenlong rangenavigationmissionsarespecifiecto agroundrover: it would guaranty
aboundederroron therover positionestimations.
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