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Abstract

In this paper a new on-Mars calibration procedure of a
planetarylandervisionsystemis presented.It is basedon
recentdevelopmentsin computervision. Thecalibration
is retrievedfromthe imagesof theMars terrain (thesame
imagesfromwhich the3D measurementsof theterrain are
obtained).Theprocedureis basedontherelationsbetween
multiple viewsof thesamescene. Themain advantage of
this calibration procedure is that it allows to retrieve the
calibration on mars without any additional requirements
on the system.Oncethe systemhasbeencalibrated, the
sameimages can be usedto estimatea digital elevation
map of the environmentaround the lander. This means
that the terrain basedcalibration causesno overheadon
transmission.Theseimages are �r st processedpairwise
usinga stereoalgorithmyieldingsub-pixeldisparitymaps.
In order to performthe path planninga digital elevation
mapis required. A new algorithm wasdevelopedto ef�-
cientlyextract this fromthedisparitymaps.Thisalgorithm
cangeneratea regular digital elevationmapat anydesired
resolution(interpolatingif necessary)andeasilytakesoc-
clusionsinto account.

1 Intr oduction

The work describedin this paperwas performedin the
scopeof the ROBUST � project of the EuropeanSpace
Agency (ESA). In this projectanend-to-endsystemis de-
velopedfor a planetaryexplorationmission.

1.1 Hardware

TheROBUST systemconsistsof threeimportantparts.
�

PostdoctoralFellow of the Fund for Scienti�c Research- Flanders
(Belgium)(F.W.O. - Vlaanderen).

�

TheROBUST consortiumconsistsof theBelgiancompaniesSASand
OptiDrive,theK.U.LeuvendepartmentsPMA andESAT-PSIandtheGer-
mancompaniesDLR andvH&S.

1. theplanetaryrover: theNanokhod,asmallandsimple
rover, designedto carryinstrumentsin theimmediate
surroundingsof a lander. It is equippedwith a tether
cable,providing the rover with power anddatacon-
nectionto the landerwhich allows a very high ratio
instrument-mass/rover-mass[11]. Figure1 on theleft
showsanimageof theNanokhod.

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

3. TheOnGroundControlSystem

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

TheImagingHeadis bothusedfor recordingimagesfrom
whichareconstructionof theplanetaryterrainis computed
andfor controlling the motion of the rover. It consistsof
a stereohead,mountedona unit whichallows for panand
tilt motionsand which is approximately1.5 meterhigh.
The two camerasof the stereoheadare spaceapproved
1024x1024CCD cameras.Thestereoheadhasa baseline
of 0.5meter.

1.2 Utilization

A typicalutilizationscenariowill deploy theImagingHead
assoonaspossibleafter the landingof the planetarysys-
tem. Becauseof thestrainon thepartsduring launchand



landing,theImagingHeadneedsto berecalibrated.To ac-
complishthis, it takesimagesof theterrainwhicharesent
to earthwherethecalibrationis performedusingtheseim-
ages. From the sameimagesa 3D reconstructionof the
terrainis thencomputed.Sincethecamerashavea limited
�eld of view (23x23degrees)theentireenvironmentis not
recordedatoncebut it is segmentedinto ringsaccordingto
thetilt angleandeachring is dividedinto segmentsaccord-
ing to thepanangleof theImagingHead(see�gure 2). The
outermostboundaryof the recordedterrainlies at twenty
metersfrom thecamera.For eachof thesegmentsa stereo
imagepair is recordedandsentdown. Thevaluesof theac-
tual panandtilt anglescanbereadout from theencoders
of thepan-tilt motorsandaresentdown togetherwith the
correspondingimages.

20 m 3.1 m  1.3 m   Lander

Figure2: Segmentationof theterraininto segments

In this papernew techniquesaredescribedwhich perform
thecalibrationandthereconstructiontasks.

2 Calibration

Every planetarymissionis a high-risk operation.During
launchandlanding,the landerandits contentsaresubject
to extremeforces.Themechanicalpropertiesof theImag-
ing Headare likely to have beenaffectedby mechanical
and thermaleffects. For high accuracy equipment,such
as the Imaging Head,a small changein thesemechani-
cal propertiesresultsin large degradationof the results,
unlessthe new propertiescanbe estimated.The cameras
themselvesarebuilt sothattheintrinsicparametersduring
themissioncanbeassumedidenticalto theparametersob-
tainedthroughcalibrationon ground. If thecamerahous-
ing werenotsorigidly built andthecameraintrinsicswere
likely to changeduring launchor landing,Algorithmsex-
ist thatcanretrieve theseintrinsicparametersfrom images
too [14, 9].

2.1 Usingmarkers?

Traditionalcalibrationalgorithmsrely on known calibra-
tion objectswith well-de�ned opticalcharacteristicsin the
scene. If camerastake imagesof thesearti�cial objects,
theposeof thecamerascanbecomputed,yielding theex-
trinsic (mechanical)calibrationof thecameras[12].

Therearetwo reasonswhy this schemeis not suitedin
our casewherethe Imaging Headis deployed on a dis-
tant planet. First thereis the problemof whereto place
the calibrationobjects. One needsto be absolutelysure
of theposeof theseobjectsfor thecalibrationto have any
meaningfulresult.It is of courseimpossibleto addobjects
to the terrain, so one hasto think of placing calibration
“markers” on the landeritself. A typical landerconsistof
a “cocoon” which opensafter landing,comparableto an
opening�o wer. Themarkerscouldbeappliedto theopen-
ing “petals”. However, oneis neversureof theexactposi-
tion of thesepetalswhich makesthemarkersmuchharder
to use.

Evenif onedid disposeof accuratemarkerson the lan-
der, a secondproblemarises. During the designof the
ImagingHead,robustnesswasa very importantissueand
thereforethe numberof moving items was minimized.
Therefore,no zooming and focusing systemwas added
to the cameraswhich thus have a constantfocal length.
Sincethe accuracy of the stereomatchingdecreaseswith
thesquareof thedistance,thecamerasarefocussedon in-
�nity to gain asmuchaccuracy in the far regionsaspos-
sible. As a consequence,the imagesof nearregionsare
blurred.Sincethemarkerswould beon thelander, images
of themarkerswould alwaysbe blurred,reducingthe ac-
curacy of thecalibrationup to thepointwherethemarkers
areuseless.

It is clear that standardcalibrationalgorithmscan not
beusedin oursystem.A new strategy hadto bedeveloped
thatonly usesimagesof theterrainto calibratetheImaging
Head.

2.2 Strategy

The calibrationprocedurethat was implementedfor the
ROBUST projectis ableto calibratethe ImagingHeadus-
ing imagesof theterrainonly. This meansthattheimages
whicharesentdown from theplanetto earthto reconstruct
the terrain, can also be usedfor calibratingthe Imaging
Head. Therefore,the terrainbasedcalibrationcausesno
overheadon transmission.



Thecalibrationof theextrinsic (mechanical)propertiesof
theImagingHeadis split into two partswhichareexecuted
consecutively. Firsttherelativetransformationbetweenthe
two camerasis computed.This is explainedin Section3.
Oncethisrelativecalibrationis performed,aprocedurecan
beperformedwhichcomputestherelative transformations
betweenthe camerasand the lander. This boils down to
computingthe panandtilt axesof the pan-tilt unit. Sec-
tion 4 dealswith this problem.

3 Relativecalibration

Therelativetransformationbetweenthetwo camerasof the
ImagingHeadcanbecomputedfrom imagesof theterrain
only. Thealgorithmto do this usestheconceptof thees-
sentialmatrix. This matrix representstheepipolargeome-
try betweentwo views,includingtheinternalparametersof
thecamerasasextra information.We make useof thefact
that the relative transformationbetweenthecamerasdoes
not changewhenthe the differentsegmentsof the terrain
arerecorded,which allows for differentmeasurementsof
theepipolargeometryto becombinedto yield oneaccurate
solution.
If theessentialmatrixbetweenthetwo views is computed,
the relative transformation(position and orientation)be-
tweenthetwo camerascanbecalculatedup to thebaseline
(i.e. thedistancebetweenthetwo cameras).

3.1 Computing epipolar geometry

The �rst step in obtaining the relative calibration is the
computationof the epipolargeometryof the stereohead.
Theepipolargeometryconstraintlimits thesearchfor the
correspondenceof a point in oneimageto pointson a line
in thesecondimage.Figure3 makesthis clear.

Figure3: Epipolargeometryof animagepair

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

ing wheretheimageintensitychangessigni�cantly in two
orthogonaldirections.Next, thecornersarematchedauto-
maticallybetweenpairsof imagesusingcrosscorrelation.
Thisprocessyieldsa setof possiblematcheswhich is typ-
ically contaminatedwith an importantnumberof wrong
matchesor outliers. Thereforea robustmatchingscheme,
calledRANSAC[2], is usedto computeandupdateepipo-
lar geometryandmatchesiteratively.
In the caseof the ROBUST ImagingHeadthe dataof the
differentsegmentsof theterraincanbecombinedto com-
pute the epipolargeometrymuch more robustly because
the relative transformationbetweenthe camerasdoesnot
change.Figure4 makesthisclear. Stereoimagesof differ-

Figure4: Combiningdifferentsegments

ent rings areobtainedby tilting the ImagingHead. How-
ever, onecould imaginethecamerato bekept steadyand
theterrainto betilted. Thiswouldresultin thesamestereo
images. That's why the possiblecorrespondencesof the
differentringsandsegmentscanbecombinedto compute
theepipolargeometrymoreaccurately.
It is even the casethat a speci�c degeneratecasefor the
computationof theepipolargeometryis solvedby thecom-
binationschemewedescribed.Computingtheepipolarge-
ometryof apair of imagesof aplanar sceneis impossible
from correspondencesonly. If theplanetaryterrainis pla-
naror closeto it, computingtheepipolargeometryfor one
pair of imagesbecomesanill-posedproblem.By combin-
ing correspondencesfrom differentsegments,thisproblem
is solved.

3.2 Computing relative transformation

Oncetheepipolargeometryis computedin theform of the
fundamentalmatrix

�

, therelativetransformationbetween



the two camerasof the ImagingHeadcan be calculated.
First theessentialmatrix is constructed.Thisis easilydone
since
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the3x3 matrix with the intrinsic calibrationof the
cameras. To derive the relative translationand rotation
from the essentialmatrix, we refer to the work of May-
banket al. [6]. There,it is explained,basedon Lie group
theory, thattherelativerotation � canbecomputedas
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singularvectorsof
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a matrix
representinga rotationaroundtheopticalcameraaxisover

� �

or �

� �

. Thedirectionof therelative translationis easily
computedsincethe epipole(the projectionof the second
cameracenterin the�rst image)is known from thefunda-
mentalmatrix. It is now clearthat thereis oneparameter
we cannot calibrate:theactualvalueof thebaseline.We
canhowever assumethat this valuewill not deviatemuch
from themechanicalspecs.This assumptionis valid since
it is unlikely thatthedistancebetweenthecameras,which
are�x edon the tilt axis,will changemuch. If therewere
somechangein the actualvalueof the baseline,the con-
sequencesof �xing it to the(wrong)valueof thespecsare
notharshbecauseall measurementsaredonewith thesame
measurementsystem. This meansthat the reconstruction
of theterrainin 3D will show somedeviation from thereal
terrainbut sincethelocalizationof therover is doneusing
thesameimagingsystem,this is not a problem.Only dur-
ing thepath-planningphasesomeabsolutemeasurements
are neededto make surethe rover is not commandedto
climb too steepa slopeor to overcometoo high anobsta-
cle. An errorof thesemeasurementsof afew percentis not
a problem.
The computedvaluesfor � and � are usedas an initial-
ization for a non-linearLevenberg-Marquardt minimiza-
tion which �nds backthevaluesof � and � thatminimize
sumof all distancesbetweenpointsandtheir correspond-
ing epipolarlines. Theresultis a veryaccuratecalibration
of therelative transformationbetweenthetwo images.

4 Pan-tilt calibration

Computing the relative transformationbetweenthe two
camerasis an importantpart of thecalibrationbut it does
notsuf�ce. For rover localizationandgenerationof terrain
reconstructions,the transformationsbetweenthe cameras
andtheImagingHeadandbetweentheImagingHeadand
thelanderneedto beknown aswell.

4.1 The Imaging Head frame

For sake 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
cameraandtheImagingHeadframeis equalto thetransla-
tion androtationbetweentheImagingHeadframeandthe
right camera.
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This caneasilybecalculatedfrom therelative transforma-
tion betweenthetwo cameras,computedin Section3, us-
ing the“matrix squareroot” of therotationmatrix.

4.2 From Imaging Head to Lander

Calibratingthe relative transformationbetweenthe Imag-
ing Headframeandthe landeris muchmorecomplicated
becauseit impliescalibrationof thepanandtilt axes. It is
clearthatthistransformationdependsontheactualangleof
rotationaroundboththepanandtilt axis.Fromtheworld's
point of view, the motion of the IH canbe describedasa
rotationaroundthepanaxisfollowedby a rotationaround
the tilt axis. Thepanaxis is never alteredbut theorienta-
tion of thetilt axisdependson thepanangle.
If we look from thepoint of view of the IH however, it is
the tilt axis that never changesandthe orientationof the
panaxisdependson thetilt angle.
The latter view will beemployedbecauseit �ts very well
in thephilosophywhereonederivestheentirechainof cal-
ibration transformationsfrom the cameras,which are the
only measurementdevice, to thelander.
Whenwespeakof THE panandtilt axis,wemeanthepan
andtilt axisfor a panandtilt angleof 0.

4.3 Relative transformations betweenviews

To calibratethepanandtilt axes,stereoimagesof thesame
ring and the samesegmentare usedrespectively. Espe-
cially theoverlapbetweenconsecutivestereoimagesis im-
portantin thestrategy.

Tilt For thecalibrationof thetilt axis,a stereoimageof
theouterring of a certainsegmentis recorded.The IH is
commandedto executea tilt motionandto recorda stereo
imageof thesecondring. Onehasto makesurethatthereis
suf�cient overlapbetweenthetwo image-pairs.This setup
is shown 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 thesecond.The
overlappingareais of coursevisible in bothviews.

Figure5: Symbolicrepresentationof thesetupfor thecom-
putationof a relative transformationfor a tilt motion

Correspondingfeaturesin theimagesof the�rst imagepair
canbefoundasexplainedin Section3.1.Becauseweknow
the relative transformationbetweenthe two cameras,we
can reconstructthe featuresin 3D. The sameis donein
the secondimagepair. Becauseof the overlap,someof
the featureswill be visible in both imagepairs. We can
�nd correspondencesbetweenthesefeaturesby running
the matchingalgorithmof Section3.1 on the two images
of theleft or theright camera.Thecorrespondingfeatures
allow usto align thereconstructionof thesecondpairwith
thereconstructionof the �rst pair. This yields therelative
transformationbetweenthe�rst andsecondIH frame.

Pan For the pan axis, the computationof the relative
transformationbetweentwo viewsisslightly different.The
setupis shown in �gure 6.

Figure6: Symbolicrepresentationof thesetupfor thecom-
putationof a relative transformationfor a panmotion

It is clearthatin this casetherearealmostno featuresthat
arepresentin all 4 imagesof the two views. Due to the

verging of the two camerashowever, therearesomefea-
turesthatcanbeseenin onestereoview andin oneimage
of theotherimagepair. Thesefeaturesarerepresentedby
a dot in image6. Again we �nd backcorrespondingfea-
turesbetweenthe left imageof the �rst pair andthe right
imageof thesecondpairwith thealgorithmof Section3.1.
Becausethefeaturesarevisible in bothimagesof the �rst
stereoview, they canbereconstructedin 3D. They arealso
visible in oneimageof thesecondview, soonecanapplya
pose-estimationof thecameraof thesecondpair 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 and tilt axes

The previous sectionprovides us with a set of relative
transformationsbetweenIH frames. Part of thesecome
from tilt motions,theotherpart from panmotions.In this
sectionwe will explain how to usetheserelative transfor-
mationsto computethepanandtilt axes.

Rotation axis fr om relative transformation First we
will explain how a rotationaxiscanbecomputedlinearly
if therelativetransformationis known betweentwo frames
betweenwhich therehasbeena rotationaroundthis axis.
Theaxiscanberepresentedby its directionandonepoint
on theaxis.

If we call
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becausepointson theaxisdo not changeundera rotation
aroundthis axis.
Findingthedirectionof theaxis is easilydoneby solving
theequationfor �

�

�

. Findinga point on theaxisis also
easyby �xing onecoordinateandcomputingtheothertwo.

Tilt First thetilt axiswill becalibrated.For this we will
usethe relative transformationbetweenviews wherethe
motionbetweentheposeswasapuretilt rotation.Because
the relative transformationof a set of suchrotationshas
beencomputed,onecancalculatetheaxisof rotationlin-
earlyfor every transformationasexplainedbefore.A least



squares�t yieldsagood�rst approximationof thetilt-axis
in theIH frame.

Pan From the set of relative transformationsbetween
two IH frameswheretherelativemotionis apurepanrota-
tion, thepanaxiscanbecomputedlinearly aswell. How-
ever, from thepointof theview of thecameras,theposeof
thepanaxischangesaccordingto thetilt angle.Thismeans
one�rst hasto “undo” thein�uence of thetilt rotationbe-
foreonecanusetherelativetransformationto computethe
panaxis.This is notaproblembecauseagoodapproxima-
tion of thetilt axishasbeencomputedin thepreviousstep.
This meanswe canrotateeachIH frameback to a theo-
retic tilt-angleof zero. All relative transformationswith a
panmotionyield a panaxisanda leastsquares�t yieldsa
goodapproximationof thepan-axisin the IH framefor a
tilt angleof zero.

Iterati ve procedure During the acquisitionof the data
onetriesnotto changethepanangleif apuretilt rotationis
executedandviceversa.In any realsystemhowever, there
will bedeviationsfrom thedesiredangles.Thismeansthat
thecomputationof thetilt axiswill not becorrectbecause
thelinearalgorithmcomputestherealrotationaxis,which
is notthetilt axisif thereis an-evensmall-pancomponent.
But thereis a solutionto this problem. In thesecondstep
a goodapproximationof thepanaxiswasfound,so if we
accountfor the small deviations of pan with the current
computedvalueof thepanaxis,we canrecomputethetilt
axismoreaccurately. This in turn allows us to updatethe
panaxis etc. We canrepeatthis iterative procedureuntil
the solution for the axeshasconverged. In reality three
iterationshaveprovento besuf�cient.

5 Results

The calibrationalgorithmshave beentestedon arti�cial
data.A planarscenewasconstructedandpairsof images
weregeneratedwith a visualizationtoolkit.
First therelative calibrationbetweenthetwo cameraswas
computed.Theoriginalrelativetransformationwasthefol-
lowing.
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Duringcalibrationdataof 9 imagepairswascombinedand
2591cornerswerematchedto calculatetherelative trans-
formation. Sincethe scenewasplanar, calibrationwould

not have beenpossiblewithout this combination.The re-
sultingrelative transformationwas
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The panandtilt axeswerecalibratedfrom the samedata
too. The original panaxis coincidedwith the � axis and
thetilt axiswith the � axis. If we representbothaxesasa
directionandapointon theaxis,theoriginalaxescouldbe
representedasfollows.
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Thesame9 imagepairswereusedto calibratetheaxesand
thefollowing resultswerefound.
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6 3D Terrain modeling

After thecalibrationof theIH is performed,theprocessof
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 theterrainmodelingcanhavedifferentformsbut
themostimportantis theDigital ElevationMap(DEM). In
the following sectionswe will describethedifferentsteps
thatareperformedto obtainsucha DEM.

7 Generationof disparity maps

On eachpair of imagesrecordedby the ImagingHead,a
stereoalgorithmis appliedto computethedisparitymaps
from theleft imageto theright andfrom theright imageto



theleft. Disparitymapsareanelegantwayto describecor-
respondencesbetweentwo imagesif theimagesarerecti-
�ed �rst. The processof recti�cation re-mapsthe image
pair to standardgeometrywith theepipolarlinescoincid-
ing with theimagescanlines[13, 10]. Thecorrespondence
searchis thenreducedto a matchingof the imagepoints
alongeachimagescan-line.Theresult(thedisparitymaps)
is animagewherethevalueof eachpixel correspondswith
thenumberof pixelsonehasto moveto left or right to �nd
thecorrespondingpixel in theotherimage.
In additionto theepipolargeometryotherconstraintslike
preservingthe order of neighboringpixels, bidirectional
uniquenessof the matchanddetectionof occlusionscan
beexploited.
Thedensecorrespondenceschemeweemploy to construct
thedisparitymapsis theonedescribedin [5]. Thisscheme
is basedon thedynamicprogrammingschemeof Cox [1].
It operateson recti�ed imagepairs and incorporatesthe
abovementionedconstraints.Thematchersearchesateach
pixel in the left imagefor themaximumnormalizedcross
correlationin theright imageby shifting a smallmeasure-
mentwindow alongthecorrespondingscanline. Matching
ambiguitiesare resolved by exploiting the orderingcon-
strainin thedynamicprogrammingapproach.
Thealgorithmwasadaptedto yield sub-pixel accuracy by
employing a quadratic�t of thedisparities.This is shown
in �gure 7.

Figure 7: The maximumof the parabola,�tted through
threeneighboringvaluesof thecorrelationfunctionyields
a correspondencewith sub-pixel accuracy.

Thestereoalgorithmcomputesthecorrelationfunctionbe-
tweena window arounda certainpixel in the �rst image
andthewindows aroundall pixelsof thesameline in the
secondimage. The pixel for which the maximumof this
function-subjectto certainconstraints-is computedis se-
lectedas the correspondingpixel of the pixel in the �rst
image. Onecan�t a parabolathroughthis maximumand
thevaluesof thecorrelationfunctionevaluatedin the two
neighboringpixels. Themaximumof this parabolayields

asub-pixel correspondenceof thepixel in the�rst image.
Theresultingdisparitymapof the left imageof an image
pair of an arti�cial scenecanbe seenon the right in �g-
ure8. Thescenecontaineda �at surfacewith a coupleof
texturedcubes. The left imageof the imagepair canbe
seenon theleft in �gure 8.

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

8 Digital Elevation Maps

A digital elevationmapor DEM canbeseenasacollection
of pointsin a“top view” of the3D terrainwhereeachpoint
hasits own heightor “elevation”. Classicalapproachesto
generateDEMsfrom disparitymapsor depthmapsconsist
of two steps.

� For eachstereoimagepair the disparity imagesare
usedto constructdepth images. Theseare images
with thesamesizeastheoriginal images.Thevalue
of eachpixel correspondsto its depth:thedistanceof
thepoint to thecamera.

� A limited amountof points of eachdepth imageis
reconstructedin 3D. Thesepointsform theDEM.

Theproblemof this schemeis that theresultingDEM has
no regularform in 3D. A possiblesolutionto this is to tri-
angulatetheresultingpointswhichformsa3D surface.In-
tersectingthis surfacewith vertical lines of a regulargrid
yields a regular DEM. However, in this strategy no opti-
maluseis madeof theinformationpresentin thedisparity
maps.Thealgorithmwedeviseddoesusethisinformation.
It is explainedin thefollowing section.

8.1 Generatinga regular DEM

The algorithm proposedfor generatingregular DEMs in
the ROBUST project�lls in a “top view” imageof the ter-
rain completely, i.e. a heightvaluecanbe computedfor



everypixel in thetop view image,exceptfor pixelstat are
not visible in the IH becauseof occlusions.Theseocclu-
sionsarefoundin a very simpleway. Theprincipleof the
algorithmis illustratedin �gure 9.

Figure9: Setupof theDEM generation

Theterrainis dividedinto cells: thepixelsof theDEM. For
eachcell thestereopair imageis selectedin which thecell
would bevisible if it hada heightof zero. A vertical line
is drawn andtheprojectionof this line in theleft andright
disparityimageof thestereopair is computed.Figure10
illustratesthealgorithmthatis usedto determinetheheight
of theterrainon thatline.

Figure10: DEM generationin detail

The two imagesare the disparity imagesof the left and
right stereoimage respectively. The solid line

�

-



is
theprojectionof thevertical line in bothdisparityimages.
Now imagineplacinga light wheretheleft camerais. This
light shineson thevertical line which throws a shadow on
theterrain. In theleft imagethis shadow of coursehasthe
sameprojectionasthe line itself. In the right imagehow-
ever this is not the case.The projectionof theshadow in
this imageis thesmoothcurve from

���

to



�

. Thepartof
this curve from

���

to �

�

is the “real” part of the shadow
(i.e. it would bevisible on the terrain). Thepart from �

�

to



�

canbeseenasthe“virtual” partof theshadow, com-
ing from the part of thevertical line below the surfaceof
theterrain.This shadow-curvecanbecomputedusingthe

disparity in the left disparity imageof every pixel of the
projectedline

�

-



. The intersectionpoint � of theverti-
cal line andtheterraincanthenbefoundasthepointwhere
theshadow

���

-



�

intersectsthe line
�

-



. Someremarks
canbemadeaboutthisprocedure.

� It is possibleto detectoccludedregionseasily. This is
thecasefor cellsthatarenotvisible in bothstereoim-
ages.Theheightvalueof thesecellscannot becom-
putedandthesecellsgeta certainprede�nedvaluein
theDEM whichmarksthemasunseen.

� This particularschememakesit possibleto generate
regular digital elevation mapsat any desiredresolu-
tion, interpolatingautomaticallyif needed.

� For the partsof the terraincloseto the boundaryof
a ring, differentpartsof thevertical line will bepro-
jectedin differentstereoviews. Thereforeit is pos-
sible thatdataof two differentstereoviews hasto be
combined. This is not a problembecausethe trans-
formationbetweentheviews caneasilybecomputed
sincethecalibrationhasbeencalculated.

9 Results

A digital elevation map of an arti�cial scenewas con-
structedusingthetechniquesdescribedin theprevioussec-
tion. A disparitymapof oneof thepairsof this scenewas
shown in �gure 8. Figure 11 shows the resultingDEM.
Theleft imageshowsaorthographictopview of theDEM,
illustratingtheregularityof thegrid in 3D.Theright image
of �gure 11showsa perspectiveview of theDEM.

Figure 11: Two views of the resultingDEM, generated
form thedisparitymapof �gure 8

TheDEM canbeusedfor path-planningpurposesbut is not
suitedfor visualization.To this endwe canconstructa tri-
angulatedmeshmodel(TMM) fromtheDEM. TheDEM is
triangulatedandtextureis mappedontothetriangles.Fig-
ure12 shows the result. The reconstructedterrainclearly



shows someholesdueto occlusionsof the terrainby the
largecubesin front.

Figure12: Triangulatedmeshmodelwith texture,obtained
from theDEM of �gure 11
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