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Abstract

In this paper a new on-Mars calibration procedue of a
planetarylandervision systenis presentedlt is basedon
recentdevelopmentsn computervision. The calibration
is retrievedfromthe imagesof the Mars terrain (the same
imagesfromwhich the 3D measuementf theterrain are
obtained).Theprocedueis basedntherelationsbetween
multiple views of the samescene Themain advantaye of
this calibration procedue is that it allows to retrieve the
calibration on mars without any additional requirrments
on the system.Oncethe systemhas beencalibrated, the
sameimages can be usedto estimatea digital elevation
map of the ervironmentaround the landet This means
that the terrain basedcalibration causesno overheadon
transmission. Theseimages are r st processedairwise
usinga stereoalgorithmyieldingsub-pixeldisparitymaps.
In order to performthe path planninga digital elevation
mapis required. A new algorithm was developedto ef-
cientlyextractthis fromthedisparitymaps.Thisalgorithm
cangenertearegular digital elevationmapat anydesied
resolution(interpolatingif necessaryandeasilytakesoc-
clusionsinto account.

1 Intr oduction

The work describedin this paperwas performedin the
scopeof the ROBUST project of the EuropeanSpace
Ageng/ (ESA). In this projectan end-to-endsystemis de-
velopedfor a planetaryexplorationmission.

1.1 Hardware

The ROBUST systemconsistof threeimportantparts.

PostdoctoraFellov of the Fundfor Scienti c Research Flanders
(Belgium)(FW.O. - Vlaanderen).

TheROBUST consortiumconsistof theBelgiancompanieSASand
OptiDrive, theK.U.Leuvendepartment® MA andESAT-PSlandtheGer
mancompaniePDLR andvH&S.

1. theplanetaryrover: theNanokhodasmallandsimple
rover, designedo carryinstrumentsn theimmediate
surrounding®f alander It is equippedwith atether
cable,providing the rover with power anddatacon-
nectionto the landerwhich allows a very high ratio
instrument-mass/r@er-masg11]. Figurel ontheleft
shavs animageof the Nanokhod.

2. The PlanetaryLander which containsthe Imaging
Head, an On-Boardcomputerand the Control Sys-
temfor bothNanokhodandimagingHead. Theright
imageof gure 1 shavsoneof thecameras.

3. TheOn GroundControl System

Figure 1: left: the Nanokhod;right: one of the space-
approvedcameras

ThelmagingHeadis bothusedfor recordingimagesfrom

whichareconstructiorf the planetanterrainis computed
andfor controlling the motion of the rover. It consistsof

a sterechead mountedon a unit which allows for panand

tilt motionsand which is approximatelyl.5 meter high.

The two camerasof the stereoheadare spaceapprored

1024x1024CCD cameras.The sterecheadhasa baseline
of 0.5meter

1.2 Utilization
A typicalutilizationscenariawvill deploy thelmagingHead

assoonaspossibleafter the landing of the planetarysys-
tem. Becauseof the strainon the partsduring launchand



landing,thelmagingHeadneedgo berecalibratedTo ac-
complishthis, it takesimagesof theterrainwhich aresent
to earthwherethe calibrationis performedusingthesem-
ages. From the sameimagesa 3D reconstructiorof the
terrainis thencomputed Sincethe camerahave a limited
eld of view (23x23degrees)the entireervironmentis not
recordedatoncebut it is sgmentednto ringsaccordingo
thetilt angleandeachring is dividedinto sggmentsaccord-
ing tothepanangleof theimagingHead(see gure 2). The
outermostboundaryof the recordedterrainlies at twenty
metersfrom the cameraFor eachof the sggmentsa stereo
imagepairis recordecandsentdown. Thevaluesof theac-
tual panandtilt anglescanbe readout from the encoders
of the pan-tilt motorsandare sentdown togetherwith the
correspondingmages.

Lander 1.3m  3.dm 20 m

Figure2: Segmentatiorof theterraininto sggments

In this papemew techniquesredescribedvhich perform
thecalibrationandthereconstructiortasks.

2 Calibration

Every planetarymissionis a high-risk operation. During
launchandlanding,the landerandits contentsaresubject
to extremeforces. The mechanicapropertieof the Imag-
ing Headarelikely to have beenaffectedby mechanical
and thermaleffects. For high accurag equipment,such
asthe Imaging Head, a small changein thesemechani-
cal propertiesresultsin large degradationof the results,
unlessthe new propertiescanbe estimated.The cameras
themselesarebuilt sothattheintrinsic parametersiuring
themissioncanbeassumeddenticalto theparametersb-
tainedthroughcalibrationon ground. If the camerahous-
ing werenot sorigidly built andthe camerantrinsicswere
likely to changeduring launchor landing,Algorithms ex-
ist thatcanretrieve thesentrinsic parameterérom images
too[14, 9].

2.1 Usingmarkers?

Traditional calibrationalgorithmsrely on known calibra-
tion objectswith well-de ned optical characteristicen the
scene. If cameragake imagesof thesearti cial objects,
the poseof the camerasanbe computedyielding the ex-
trinsic (mechanical}alibrationof thecamerag12].

Therearetwo reasonavhy this schemds not suitedin
our casewherethe Imaging Headis deplosed on a dis-
tant planet. First thereis the problemof whereto place
the calibrationobjects. One needsto be absolutelysure
of the poseof theseobjectsfor the calibrationto have ary
meaningfulresult.lt is of courseimpossibleto addobjects
to the terrain, so one hasto think of placing calibration
“markers” onthelanderitself. A typical landerconsistof
a “cocoon” which opensafter landing, comparableo an
opening o wer. Themarkerscouldbeappliedto theopen-
ing “petals”. However, oneis never sureof the exactposi-
tion of thesepetalswhich makesthe markersmuchharder
to use.

Evenif onedid disposeof accuratemarkerson the lan-
der, a secondproblemarises. During the designof the
ImagingHead,robustnessvasa very importantissueand
thereforethe numberof moving items was minimized.
Therefore,no zooming and focusing systemwas added
to the cameraswhich thus have a constantfocal length.
Sincethe accurag of the stereomatchingdecreasewith
the squareof the distancethe camerasrefocussednin-

nity to gainasmuchaccuray in the far regionsaspos-
sible. As a consequencehe imagesof nearregionsare
blurred. Sincethe markerswould beon thelander images
of the markerswould alwaysbe blurred, reducingthe ac-
curag of thecalibrationup to the pointwherethe markers
areuseless.

It is clearthat standardcalibrationalgorithmscan not
beusedin oursystem.A new stratgy hadto bedeveloped
thatonly usesmagesof theterrainto calibratethelmaging
Head.

2.2 Strategy

The calibration procedurethat was implementedfor the
ROBUST projectis ableto calibratethe ImagingHeadus-
ing imagesof theterrainonly. This meanghattheimages
whicharesentdown from the planetto earthto reconstruct
the terrain, can also be usedfor calibratingthe Imaging
Head. Therefore,the terrain basedcalibrationcauseso
overheacdbn transmission.



The calibrationof the extrinsic (mechanicalpropertiesof
thelmagingHeadis splitinto two partswhich areexecuted
consecutrely. Firsttherelatvetransformatiorbetweerthe
two camerags computed.This is explainedin Section3.
Oncethisrelative calibrationis performedaprocedurean
be performedwhich computegherelative transformations
betweenthe camerasandthe lander This boils down to
computingthe panandetilt axesof the pan-tilt unit. Sec-
tion 4 dealswith this problem.

3 Relative calibration

Therelativetransformatiorbetweerthetwo camera®f the
ImagingHeadcanbe computedrom imagesof theterrain
only. Thealgorithmto do this usesthe conceptof the es-
sentialmatrix. This matrix representshe epipolargeome-
try betweertwo views, includingtheinternalparametersf
thecamerassextrainformation. We make useof thefact
thatthe relative transformatiorbetweerthe cameragioes
not changewhenthe the differentsegmentsof the terrain
arerecordedwhich allows for differentmeasurementsf
theepipolargeometryto becombinedo yield oneaccurate
solution.

If theessentiamatrix betweerthe two viewsis computed,
the relative transformation(position and orientation)be-
tweenthetwo cameraganbe calculatedup to thebaseline
(i.e. thedistancebetweerthetwo cameras).

3.1 Computing epipolar geometry

The rst stepin obtainingthe relative calibrationis the
computationof the epipolargeometryof the sterechead.
The epipolargeometryconstraintimits the searchfor the
correspondencef a pointin oneimageto pointsonaline
in thesecondmage.Figure3 makesthis cleat

Figure3: Epipolargeometryof animagepair

If onewantsto nd backthe epipolargeometrybetween
two imagesautomaticallya lter, calledthe “Harris Cor-
ner Detector”[3] is appliedto the images rst. The re-
sult consistsof pointsor corners in the imagesdetermin-

ing wheretheimageintensitychangesigni cantly in two
orthogonalirections.Next, the cornersarematchedauto-
matically betweerpairsof imagesusingcrosscorrelation.
This procesygjieldsa setof possiblematchesvhichis typ-
ically contaminatedvith an importantnumberof wrong
matchesor outliers. Thereforea robustmatchingscheme,
calledRANSACI2], is usedto computeandupdateepipo-
lar geometryandmatchedteratively.

In the caseof the ROBUST ImagingHeadthe dataof the
differentsegmentsof the terraincanbe combinedto com-
pute the epipolargeometrymuch more robustly because
the relative transformatiorbetweenthe camerasioesnot
changeFigure4 makesthis clear Stereamagesof differ-
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Figure4: Combiningdifferentsggments

entrings areobtainedby tilting the ImagingHead. How-

ever, onecouldimaginethe camerao be kept steadyand
theterrainto betilted. Thiswouldresultin thesamestereo
images. That's why the possiblecorrespondencesf the
differentrings andsegmentscanbe combinedto compute
theepipolargeometrymoreaccurately

It is eventhe casethat a speci ¢ degeneratecasefor the
computatiorof theepipolargeometnyis solvedby thecom-
binationschemave describedComputingtheepipolarge-
ometryof a pair of imagesof aplanar scends impossible
from correspondencemnly. If the planetaryterrainis pla-
naror closeto it, computingthe epipolargeometryfor one
pair of imagesbecomesnill-posedproblem.By combin-
ing correspondencdeom differentseggmentsthis problem
is solved.

3.2 Computing relative transformation

Oncetheepipolargeometryis computedn theform of the
fundamentaiatrix , therelativetransformatiorbetween



the two camerasof the Imaging Headcan be calculated.
Firsttheessentiaimatrixis constructedThisis easilydone
since

with  the 3x3 matrix with the intrinsic calibrationof the
cameras. To derive the relative translationand rotation
from the essentiaimatrix, we refer to the work of May-
banketal. [6]. There,it is explained,basedon Lie group
theory thattherelativerotation canbecomputedas

with  and the matricescontainingthe left and right
singularvectorsof  (i.e. ), and a matrix
representing rotationaroundthe opticalcameraaxisover
—or —. Thedirectionof therelative translationis easily
computedsincethe epipole(the projectionof the second
cameracenterin the rst image)is known from thefunda-
mentalmatrix. It is now clearthatthereis oneparameter
we cannot calibrate:the actualvalue of the baseline.We
canhowever assumehatthis valuewill not deviate much
from the mechanicabpecs.This assumptions valid since
it is unlikely thatthe distancebetweerthe camerasyhich
are x edon thetilt axis, will changemuch. If therewere
somechangein the actualvalue of the baseline the con-
sequencesf xing it to the(wrong)valueof thespecsare
notharshbecausall measurementsredonewith thesame
measuremengystem. This meansthat the reconstruction
of theterrainin 3D will shav somedeviationfrom thereal
terrainbut sincethelocalizationof theroveris doneusing
the sameimagingsystemthis is nota problem.Only dur-
ing the path-planningphasesomeabsolutemeasurements
are neededto make surethe rover is not commandedo
climb too steepa slopeor to overcometoo high anobsta-
cle. An errorof thesemeasurementsf afew percenis not
aproblem.

The computedvaluesfor and areusedasan initial-
ization for a non-linearLevenbeg-Marquadt minimiza-
tion which nds backthevaluesof and thatminimize
sumof all distancedbetweerpointsandtheir correspond-
ing epipolarlines. Theresultis avery accuratecalibration
of therelative transformatiorbetweerthe two images.

4 Pan-tilt calibration

Computingthe relative transformationbetweenthe two
camerasgs animportantpart of the calibrationbut it does
notsufce. Forroverlocalizationandgeneratiorof terrain
reconstructionsthe transformationdetweenthe cameras
andthelmagingHeadandbetweerthe ImagingHeadand
thelanderneedto beknown aswell.

4.1 Thelmaging Headframe

For sale of clarity we de ne a virtual “Imaging Head

frame” in “the middle” of the two cameras.This means
that the relative translationand rotation betweenthe left

camerandthelmagingHeadframeis equalto thetransla-
tion androtationbetweerthe ImagingHeadframeandthe

right camera.

This caneasilybe calculatedrom therelative transforma-
tion betweernthe two camerasgcomputedn Section3, us-
ing the “matrix squareroot” of therotationmatrix.

4.2 FromImaging Headto Lander

Calibratingthe relative transformatiorbetweenthe Imag-

ing Headframeandthe landeris muchmore complicated
becausdt implies calibrationof the panandtilt axes. It is

clearthatthistransformatiorlepend®ntheactualangleof

rotationaroundboththepanandtilt axis. Fromtheworld's

point of view, the motion of the IH canbe describecasa

rotationaroundthe panaxisfollowedby arotationaround
thetilt axis. The panaxisis never alteredbut the orienta-
tion of thetilt axisdepend®onthepanangle.

If we look from the point of view of the IH however, it is
the tilt axis that never changesandthe orientationof the
panaxisdepend®nthetilt angle.

The latter view will be emplojedbecausét ts very well
in thephilosophywhereonederivesthe entirechainof cal-
ibration transformationgrom the cameraswhich arethe
only measuremerdevice, to thelander
Whenwe speakof THE panandtilt axis,we meanthepan
andtilt axisfor apanandtilt angleof 0.

4.3 Relative transformations betweenviews

To calibratethepananditilt axes,steredmagesof thesame
ring and the samesegmentare usedrespectiely. Espe-
cially theoverlapbetweerconsecutie steredmagess im-
portantin the strateyy.

Tilt  For the calibrationof thetilt axis, a sterecimageof
the outerring of a certainsegmentis recorded.The IH is
commandedo executeatilt motionandto recorda stereo
imageof theseconding. Onehasto make surethatthereis
sufcient overlapbetweerthetwo image-pairsThis setup
is shavn in gure 5. The areashadedfrom bottom left
to top right is visible in the rst view. The areashaded



from bottomright to top left is visible in the second.The
overlappingareais of coursevisible in bothviews.

Figure5: Symbolicrepresentationf thesetupfor thecom-
putationof arelative transformatiorfor atilt motion

Correspondin@eaturesn theimagesof the rst imagepair

canbefoundasexplainedin Section3.1. Becausave know

the relative transformatiorbetweenthe two cameraswe

can reconstructhe featuresin 3D. The sameis donein

the secondimagepair. Becauseof the overlap, someof

the featureswill be visible in both imagepairs. We can
nd correspondencesetweenthesefeaturesby running
the matchingalgorithmof Section3.1 on the two images
of theleft or theright camera.The correspondindeatures
allow usto align thereconstructiorof the secondpair with

thereconstructiorof the rst pair. Thisyieldstherelative

transformatiorbetweerthe rst andsecondH frame.

Pan For the pan axis, the computationof the relative
transformatiorbetweenwo viewsis slightly different. The
setupis shavnin gure 6.

Figure6: Symbolicrepresentationf thesetupfor thecom-
putationof arelative transformatiorfor a panmotion

It is clearthatin this casetherearealmostno featureshat
arepresentn all 4 imagesof the two views. Dueto the

verging of the two camerashowever, thereare somefea-
turesthatcanbe seenin onestereoview andin oneimage
of the otherimagepair. Thesefeaturesarerepresentetyy
adotin image6. Againwe nd backcorrespondindea-
turesbetweenthe left imageof the rst pair andthe right
imageof thesecondpairwith thealgorithmof Section3.1.
Becausdhe featuresarevisible in bothimagesof the rst
stereoview, they canbereconstructeth 3D. They arealso
visible in oneimageof the secondriew, soonecanapplya
pose-estimationf the cameraof the secondpair in which
the featuresare visible, yielding the poseof this camera
in the frame of the rst view. Using the relative trans-
formation betweencameraand IH from Section4.1, we
have found back the relative transformationbetweenthe
two stereoviews.

4.4 Actual calibration of pan andtilt axes

The previous section provides us with a set of relative
transformationdetweenlH frames. Part of thesecome
from tilt motions,the otherpartfrom panmotions.In this
sectionwe will explain how to usetheserelative transfor
mationsto computethe panandtilt axes.

Rotation axis from relative transformation First we
will explain how a rotationaxis canbe computedinearly
if therelative transformations known betweertwo frames
betweenwhich therehasbeena rotationaroundthis axis.
The axiscanberepresentety its directionandonepoint
ontheaxis.

If we call therelative transformatiorbe-

tweenthe two frames,thanany homogeneougoint
onthetilt axissatis estheequation

becauseointson the axis do not changeundera rotation
aroundthis axis.

Finding the directionof the axisis easilydoneby solving
the equationfor . Findinga pointontheaxisis also
easyby xing onecoordinateandcomputingtheothertwo.

Tilt  Firstthetilt axiswill be calibrated.For this we will
usethe relative transformationbetweenviews wherethe
motionbetweerthe posesvasa puretilt rotation.Because
the relative transformationof a setof suchrotationshas
beencomputedpne cancalculatethe axis of rotationlin-
earlyfor every transformatiorasexplainedbefore. A least



squarest yieldsagood rst approximatiorof thetilt-axis
in thelH frame.

Pan From the set of relative transformationsbetween
two IH frameswheretherelative motionis a purepanrota-
tion, the panaxis canbe computedinearly aswell. How-

ever, from thepoint of theview of the camerasthe poseof

thepanaxischangesccordingo thetilt angle.Thismeans
one rst hasto “undo” thein uence of thetilt rotationbe-
fore onecanusetherelative transformatiorto computethe
panaxis. Thisis nota problembecaus@goodapproxima-
tion of thetilt axishasbeencomputedn the previousstep.
This meanswe canrotateeachlH framebackto a theo-
retic tilt-angle of zero. All relative transformationsvith a
panmotionyield a panaxisandaleastsquarest yieldsa
goodapproximationof the pan-axisin the IH framefor a
tilt angleof zero.

Iterati ve procedure During the acquisitionof the data
onetriesnotto changdghepanangleif apuretilt rotationis
executedandvice versa.ln ary realsystemhowever, there
will bedeviationsfrom thedesiredangles.Thismeanghat
the computatiorof thetilt axiswill notbecorrectbecause
thelinearalgorithmcomputegherealrotationaxis,which
is notthetilt axisif thereis an-evensmall-pancomponent.
But thereis a solutionto this problem. In the secondstep
a goodapproximatiornof the panaxiswasfound, soif we
accountfor the small deviations of panwith the current
computedvalueof the panaxis, we canrecomputehetilt
axis moreaccurately This in turn allows usto updatethe
panaxis etc. We canrepeatthis iterative procedureuntil
the solution for the axeshascorverged. In reality three
iterationshave provento be sufcient.

5 Results

The calibrationalgorithmshave beentestedon arti cial
data. A planarscenewasconstructedand pairsof images
weregeneratedvith a visualizationtoolkit.

Firsttherelative calibrationbetweenthetwo camerasvas
computedTheoriginalrelative transformatiorwasthefol-
lowing.

During calibrationdataof 9 imagepairswascombinedand
2591 cornerswerematchedo calculatethe relative trans-
formation. Sincethe scenewasplanar calibrationwould

not have beenpossiblewithout this combination. The re-
sultingrelative transformatiorwas

The panandtilt axeswere calibratedfrom the samedata
too. The original panaxis coincidedwith the axisand
thetilt axiswith the  axis. If we represenbothaxesasa
directionanda pointontheaxis,theoriginal axescouldbe
representedsfollows.

Thesamed imagepairswereusedto calibratetheaxesand
thefollowing resultswerefound.

6 3D Terrain modeling

After thecalibrationof thelH is performedthe procesof
generatinga 3D modelor modelsof the planetaryterrain
cancommence.This modelingis vital to accomplishthe
goal of planetaryexploration. Its input areall imagesof
the terrainandthe calibrationof the ImagingHead. The
outputof theterrainmodelingcanhave differentformsbut
themostimportantis the Digital ElevationMap (DEM). In
thefollowing sectionswe will describethe differentsteps
thatareperformedo obtainsucha DEM.

7 Generation of disparity maps

On eachpair of imagesrecordedby the ImagingHead,a
stereoalgorithmis appliedto computethe disparitymaps
from theleft imageto theright andfrom therightimageto



theleft. Disparitymapsareanelegantwayto describecor-
respondencesetweerntwo imagesf theimagesarerecti-
ed rst. The processf recti cation re-mapsthe image
pair to standardgyeometrywith the epipolarlines coincid-
ing with theimagescanlines[13, 10]. Thecorrespondence
searchis thenreducedto a matchingof the imagepoints
alongeachimagescan-line.Theresult(thedisparitymaps)
is animagewherethevalueof eachpixel correspondsvith
thenumberof pixelsonehasto moveto left or rightto nd
the correspondingpixel in the otherimage.

In additionto the epipolargeometryotherconstraintdike
preservingthe order of neighboringpixels, bidirectional
uniquenes®f the matchand detectionof occlusionscan
be exploited.

Thedensecorrespondencechemeve employ to construct
thedisparitymapsis theonedescribedn [5]. Thisscheme
is basedon the dynamicprogrammingschemeof Cox [1].
It operateson recti ed image pairs and incorporateshe
aborementionedtonstraintsThematcheisearcheateach
pixel in theleft imagefor the maximumnormalizedcross
correlationin theright imageby shifting a smallmeasure-
mentwindow alongthecorrespondingcanline. Matching
ambiguitiesare resohed by exploiting the orderingcon-
strainin thedynamicprogrammingapproach.

The algorithmwasadaptedo yield sub-pixel accurag by
employing aquadratict of the disparities.Thisis shavn
in gure 7.

Figure 7: The maximumof the parabola, tted through
threeneighboringvaluesof the correlationfunctionyields
acorrespondenceith sub-pi>el accurag.

Thestereaalgorithmcomputeghecorrelationfunctionbe-
tweena window arounda certainpixel in the rst image
andthe windows aroundall pixels of the sameline in the
secondimage. The pixel for which the maximumof this
function-subjectto certainconstraintsis computeds se-
lectedasthe correspondingpixel of the pixel in the rst

image. Onecan t aparabolathroughthis maximumand
the valuesof the correlationfunction evaluatedin the two
neighboringpixels. The maximumof this parabolayields

asub-pixel correspondencef the pixel in the rst image.

Theresultingdisparitymapof the left imageof animage
pair of an arti cial scenecanbe seenon therightin g-
ure 8. Thescenecontaineda at surfacewith a coupleof
textured cubes. The left imageof the imagepair canbe
seermontheleftin gure 8.

Figure8: Original left imageandresultingdisparitymap
of theleft imageof animagepair of anarti cial scene.

8 Digital Elevation Maps

A digital elevationmapor DEM canbeseerasacollection
of pointsin a“top view” of the3D terrainwhereeachpoint
hasits own heightor “elevation”. Classicalapproacheto
generatdEMSs from disparitymapsor depthmapsconsist
of two steps.

For eachstereoimage pair the disparityimagesare
usedto constructdepthimages. Theseare images
with the samesizeasthe original images.Thevalue
of eachpixel correspondso its depth:thedistanceof

thepointto thecamera.

A limited amountof points of eachdepthimageis
reconstructeih 3D. Thesepointsform the DEM.

The problemof this schemas thatthe resultingDEM has
no regularform in 3D. A possiblesolutionto this is to tri-

angulateheresultingpointswhichformsa 3D surface.In-

tersectinghis surfacewith vertical lines of a regulargrid
yields a regular DEM. However, in this stratey no opti-
mal useis madeof theinformationpresenin thedisparity
maps.Thealgorithmwe deviseddoesusethisinformation.
It is explainedin thefollowing section.

8.1 Generatingaregular DEM
The algorithm proposedfor generatingregular DEMs in

the ROBUST project lIs in a“top view” imageof theter
rain completely i.e. a heightvalue canbe computedfor



every pixel in thetop view image,exceptfor pixelstatare
not visible in the IH becausef occlusions.Theseocclu-
sionsarefoundin avery simpleway. Theprinciple of the
algorithmis illustratedin gure 9.

Figure9: Setupof the DEM generation

Theterrainis dividedinto cells: the pixelsof the DEM. For
eachcell the steregpairimageis selectedn which thecell
would bevisible if it hada heightof zero. A verticalline
is drawn andthe projectionof this line in theleft andright
disparityimageof the stereopair is computed.Figure 10
illustratesthealgorithmthatis usedto determingheheight
of theterrainonthatline.

Figure10: DEM generatiorin detail

The two imagesare the disparity imagesof the left and
right stereoimage respectiely. The solid line - is

the projectionof theverticalline in bothdisparityimages.
Now imagineplacingalight wheretheleft cameras. This
light shineson the verticalline which throws a shadev on

theterrain. In theleft imagethis shadev of coursehasthe
sameprojectionastheline itself. In therightimagehow-

ever this is not the case. The projectionof the shadav in

thisimageis thesmoothcurvefrom  to . Thepartof

thiscurvefrom to  isthe“real” partof the shadev

(i.e. it would be visible on the terrain). The partfrom

to canbeseemasthevirtual” partof theshadav, com-
ing from the part of the vertical line below the surfaceof

theterrain. This shadaev-curve canbe computedusingthe

disparityin the left disparityimageof every pixel of the
projectedine - . Theintersectiorpoint of theverti-
calline andtheterraincanthenbefoundasthepointwhere
theshadov - intersectsheline - . Someremarks
canbemadeaboutthis procedure.

It is possibleto detectoccludedregionseasily Thisis
thecasefor cellsthatarenotvisiblein bothsteream-
ages.Theheightvalueof thesecellscannotbe com-
putedandthesecellsgeta certainprede nedvaluein
the DEM which marksthemasunseen.

This particularschememalesit possibleto generate
regular digital elevation mapsat ary desiredresolu-
tion, interpolatingautomaticallyif needed.

For the partsof the terrain closeto the boundaryof

aring, differentpartsof the verticalline will be pro-

jectedin differentstereoviews. Thereforeit is pos-
siblethatdataof two differentstereaviews hasto be

combined. This is not a problembecauséhe trans-
formationbetweerthe views caneasilybe computed
sincethe calibrationhasbeencalculated.

9 Results

A digital elevation map of an arti cial scenewas con-
structedusingthetechniqueslescribedn the previoussec-
tion. A disparitymapof oneof the pairsof this scenewas
shavn in gure 8. Figure 11 shows the resulting DEM.
Theleft imageshovs aorthographidop view of the DEM,
illustratingtheregularity of thegridin 3D. Therightimage
of gure 11shavsa perspectieview of the DEM.

Figure 11: Two views of the resulting DEM, generated
form thedisparitymapof gure 8

TheDEM canbeusedfor path-planningurpose$utis not
suitedfor visualization.To this endwe canconstrucia tri-
angulateaneshmodel(TMM) fromtheDEM. TheDEM is
triangulatedandtextureis mappedontothetriangles.Fig-
ure 12 shows the result. The reconstructederrainclearly



shavs someholesdueto occlusionsof the terrainby the
large cubesin front.

Figurel2: Triangulatedneshmodelwith texture,obtained
fromtheDEM of gure 11
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