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Abstract

This paper presentsan approad to build high resolution
digital elevationmapsfrom a sequencef unregisteredlow
altitude stereovisionimage pairs. Theappmoad firstusesa
visual motionestimationalgorithm that determineshe 3D
motionsof the cameas betweenconsecutiveacquisitions,
on the basisof visually detectedand matdedernvironment
features. An extendedKalmanfilter thenestimate$oththe
6 position parametes and the 3D positionsof the memo-
rizedfeaturesasimagesare acquired. Detailsare givenon
thefilter implementatiomndontheestimatiorof theuncer
taintiesonthefeatuie observation@nd motionestimations.
Experimentafesultsshowthat the precisionof the method
enablego build spatially consistenterylarge maps.

1. Intr oduction

The main difficulty to build digital terrainmapsis to pre-
cisely determinethe sensorposition and orientationas it
moves. Deadreckoningtechniqueghatintegrateover time
thedataprovidedby motionestimationsensorssuchasin-
ertial sensorsare not sufficient becausdahey are intrinsi-
cally proneto generatepositionestimateswvith unbounded
error gronth. Precisevisual motion estimationtechniques
thatusesterewision andvisualfeaturegrackingor match-
ing have beenproposedor groundrovers[1], but their er
rors also cumulateover time, sincethey do not memorize
ary ervironmentfeature.Theonly solutionto diminishthe
errorson the positionestimatess to rely on stableernviron-
mentfeaturesthataredetectedandmemorizedsthesensor
moves. In the roboticcommunity it hasearly beenunder
stoodthat the problemof mappingsuchfeaturesand esti-
matingthe robotlocationare intimately tied togethey and
thatthey mustthereforebe solvedin a unified manner2].
This problem, known as the "SLAM problent” hasnow
beenwidely studied(an historical presentatiorof the main
contributionscanbefoundin theintroductionof [3]).
Contributionson “structurefrom motion” addressethe
sameproblem. Successfulpproachesiave beenreported,
but they requirebatchprocessingi.e. with the whole se-
guenceof the acquiredimages)and a global optimization

1SLAM standsfor “Simultaneoud_ocalizationAnd Mapping”

(e.g. bundleadjustment}o refinethe camergpositionsand
the 3D coordinate®f matchedeaturesln contrastSLAM
isanincrementabpproachthe3D featuremapandthesen-
sorpositionaresimultaneoushyuilt andupdated.

Among the different approachego tackle the SLAM
problem the Kalmanfilter basedapproachs themostpopu-
lar. It is theoreticallywell groundedandit hasbeenproved
that its applicationto the SLAM problem corverges|3].
Somecontributionscopewith its main practicaldravback,
i.e. its compleity which is cubicin the dimensionof the
consideredtateg/4]: suchdevelopmentarenecessarywhen
mappingvery large areas.Otherapproacheso the SLAM
problemhave beenproposedmainly to overcomethe as-
sumptionthatthe variouserror probability distributionsare
Gaussianwhichis requiredby the Kalmanfilter. Setmem-
bershipapproachegust needthe knowledgeof boundson
the errors[5], but they are practically difficult to imple-
mentwhenthe numberof position parameterexceeds3,
and are somehav sub-optimal. Expectationminimization
algorithms(EM) have alsobeensuccessfullyadaptedo the
SLAM problem[6]. In termsof sensomodality, solutions
to the SLAM problemhasmainly beenexperimentedwith
rangesensorsn indoorernvironments,n the caseof robots
moving on planes,i.e. in 2 dimensiong7, 6, 3]. To our
knowledge,therearevery few contritutionsto the SLAM
problembasedn vision (e.g. [8]).

This paperpresentsan approachto the SLAM problem
in 3 dimensionsysingonly a setof non-registeredow alti-
tudesterewisionimagepairs. Theapproachs presentedn
the following section,and section3 summarizeghe basic
algorithmson which it relies: sterewision, interestpoints
detectiorandmatching,andvisualmotionestimation.Sec-
tion 4 detailsour implementatiorof the ExtendedKalman
Filter, with a focus on the identificationof the variouser-
rors. Localizationresultsandthe building of digital eleva-
tion mapswith a stere@ision benchmountedon a blimp
flying at afew tensof meteraltitudearethenpresented.

2. Overview of the approach

Landmarksareinterestpoints i.e. visualfeaturesthatcan
be matchedwhen perceved from various positions, and
whose3D coordinatesreprovidedby stere@ision. We use



anextendedKalmanfilter (EKF) astherecursvefilter: the
statevector of the EKF is the concatenatiorof the stereo
benchposition(6 parametersandthe landmarks positions
(3 parametergor eachlandmark). The key algorithmthat
allows bothmotion estimationbetweernconsecutie stereo-
vision frames(prediction)andthe obsenation and match-
ing of landmarkgdataassociationjs arobustinterestpoint
matchingalgorithm.

The various algorithmic stagesachieved every time a
sterew@isionimagepairis acquiredarethefollowing:

1. Sterew@ision: adense3D imageis provided by stere-
ovision (section3.1).

2. Interestpointsdetectionand matchingbetweencon-
secutve frames,andwith pastframesin which old land-
marksarevisible (section3.2).

3. Landmarkselection:a setof selectioncriteriaareap-
plied to the matchedinterestpoints, in orderto partition
them in three sets: an a non-landmarkset, a candidate-
landmarkssetandobsened-landmarlset(section4.2).

4. Visual motion estimation(VME): the interestpoints
retainedas”non-landmarks’areusedto estimatethe 6 mo-
tion parameterdetweenthe previous and currentframes
(section3.3).

5. Updateof theKalmanfilter state(section4).

Finally, afterevery SLAM cycle definedby thesesteps,
adigital elevationmapis updatedwith theacquiredmages
(section5.2).

Step 3 is necessaryfor two reasons:first, only non-
landmarkgointsshouldbeusedto to estimatehelocal mo-
tion, in orderto de-correlatehe predictionandupdatesteps
of the Kalmanfilter andsecond new landmarksshouldbe
cautiouslyaddedto thefilter state,in orderto avoid arapid
growth of its dimensionandto obtaina regular landmark
coverageof the percevedscenes.

3. Basicalgorithms
3.1 Stereovision

We usea classicalpixel-basedsterewision algorithm, that
relies on a calibratedbinocular stereision bench (fig-

ure 1). A densedisparityimageis producedthanksto a

correlation-basegixel matchingalgorithm, falsematches
beindfilteredoutthanksto areversecorrelation.The3D co-

ordinatesof the matchedpixelsaredeterminedwith anas-
sociateduncertaintywhosecomputatioris depictedin sec-
tion4.1.

3.2 Interestpoints detectionand matching

Visuallandmarksmustbeinvariantto imagetranslationyo-
tation, scaling, partial illumination changesand viewpoint
changes.Interestpoints suchas detectedby the popular
Harris detectoy hasprovento have good stability proper
ties [9]. When a thereis prior knowledgeon the scale
changegvenapproximatea scaleadaptve versionof Har-

Figure 1: A resultof the stereovision algorithm, with an image pair
takenat about30 m altitude Fromleftto right: oneof theoriginal image,
disparity map (shownhere in a blue/closered/far color scale),and 3D
image, rendeed as a meshfor readability purposes.Pixelsare properly
matdedin all theperceivedareas,eventhelow textured ones.

ris detectoryields a repeatabilityhigh enoughto allow ro-
bustmatcheg10].

To matchinterestpoints, we usea matchingalgorithm
thatrelieson local interestpoint groupsmatching,impos-
ing a combinationof geometricand signalsimilarity con-
straints, thus being more robust than approachesolely
basedon local point signal characteristicgdetails can be
foundin [11]). Figure2 showvsthatthis algorithmgenerates
a lot of good matches,even whenthe view point change
betweerthe consideredmagess quite high.

FigureZ: A resultof our interestpoint matding betweenwo nonregis-
teredaerial images

3.3 VME (Visual Motion Estimation)

The interestpoints matchedbetweenconsecutie images
andthe correspondin@D coordinategprovided by stereo-
vision are usedto estimatethe 6 displacemenparameters
betweenthe images,using the least squareminimization

techniquepresentedn [12].

Cornventionaltechniquedo getrid of the outliersusing
fundamentainatrix estimationwould notcopefor sterewi-
sionerrors,suchasthe onesthatoccuralongdepthdiscon-
tinuities. Therefore,matcheghatimply a 3D point whose
coordinatesincertaintiesare over a thresholdarefirst dis-
carded(the thresholdis empirically determinedy statisti-
cal analysisof sterewisionerrors).Then,a 3D transforma-
tion with the remainingmatchesis estimatedand the 3D
matchesof which error is over k times the meanof the
residualerrorsareeliminated: k& shouldinitially be atleast
greaterthan 3. k is setto k¥ — 1 andthe procedureis re-
iterateduntil £ = 3.

This outlier rejectionalgorithmconsideringboth match-
ing andsterewision errorsyieldsa precise3D motion esti-
mationbetweerconsecutie stere@isionframeg(seeresults



in sections4.1 and 5.1), which is usedfor the prediction
stageof the Kalmanfilter.

4. Kalman filter setup

The EKF is an extensionof the standardinear Kalmanfil-
ter, thatlinearizesthe nonlinearpredictionand obsenation
modelsaroundthe predictedstate. The discretenonlinear
systemandthe obsenationsaremodeledas:

z(k+1) =f(z(k),u(k + 1)) +v(k +1)
z(k+1)=h(z(k+1)) +w(k +1)

whereu(k) is a controlinputandv, w arevectorsof tem-
porally uncorrelatederrorswith zeromeanand covariance
P, (k), Py (k).

In our approach, the state of the filter x(k) =
[xp, my - - - my] is composedf the 6 positionparameters
Xp = [6,0,¢,t5,ty,t,] Of the stere@ision benchand of
a setof N landmarks3D coordinatesm; = [z;,y;, 24,
0 < i@ < N. The associatectatecovarianceP is com-
posedf thethesteredenchposecovarianceP,,;,, theland-
markscovarianceP,,,, andthe cross-coariancebetween
thebenchposeandlandmarksP,,,, [3]. In theKalmanfilter
framawork, the stateestimationencompassethreestages:
prediction,obsenation and updateof the stateand covari-
anceestimates.

Prediction. Underthe assumptiorthatlandmarksare sta-
tionary, the statepredictionis:

x(k+1]k)="£(k)(x(k),u(k+1))

whereu(k + 1) = (Ag, A, Ay, At,, Aty, At,) isthevi-
sualmotionestimatiorresultbetweerk andk+ 1 positions.
Theassociatedtatecovariancepredictionis written as:

P(k+1|k)= fo(k)Ppp(k)foT(k) +
Vo (B)R, (k) VT (k) + Py(k+1) (1)

P (k+1|k) =V £(k)Ppy(k)

whereR,, representtheerror covarianceof the visualmo-
tion estimationresult Note that the covarianceof land-
marksis not changedn the predictionstage.
Obsewvation. Whenobservinghei*” landmark the obser
vation modelandthe Jacobiarof the obsenation function
arewritten as:

2;(k+1[k) =hy(k)(%(k +1]Fk))

whereh;(k)(x(k + 1 | k)) is afunctionof the predicted
robot stateand the i** landmarkin the statevectorof the
filter, which mapsthe statespaceinto the obsenationstate.
Theinnovationandthe associatedovariancess written as:

l/z(k+1):Zl(k+1)—iz(k+l |k‘) (2)
Si(k+1) = Vhy(k)P(k+1 | k)Vh ' (k)+R;(k+1) (3)

where Vh;(k) = [Vphi(k),0---,0V,,;hi(k),0---0]
andR;, theerror covarianceof ith landmarkobservation
Update. The updatestagefusesthe predictionandthe ob-
senation to producethe stateestimateand its associated
covariance:

X(k+1k+1)=%(k+1]k) +Ki(k+1Dvi(k+1)

P(k+1 | k+1) = P(k+1 | k)—K;(k+1)S;(k+ 1)K (k+1)

inwhichK;(k+1) = P(k+1 | k)VhT (k)S; ' (k +1)
is the kalmanfilter gainmatrix.

When detecting a new landmark, it is added to
the state vector of the filter, that becomesx(k) =
[%Xp(k), My (k) ---man(k), myy1(k)]. The landmarkini-
tializationmodelis:

ty11(k) = g(k)(Xp(k), z2n+1(K)) 4)
Pyy(k)  Pyn(k) Pp (k)"
P(k)= | Py (k) Ppm(k) Pp(k)T )
Pp.(k)  Pra(k) P.i(k)
Py, (k) = V,g(k)Ppy(k), Prnz(k) = Vpg(k)Ppm (k)

P..(k) = Vog(k)Ppp(k)V,g” (k)+V.g(k) R (k)V.g" (k)

wherezn1 (k) denoteshenew landmarkg(k) theini-
tialization function using the currentrobot pose estimate
andR.,, theerror covarianceof the new landmark

4.1 Errorsidentification

Error identificationis crucialto setup a Kalmanfilter, asa
precisedeterminatiorof theseerrorswill avoid the empiri-
cal "filter tuning” step.In our context, the following errors
mustbe estimated:

o thelandmarkinitialization error(R.,,,),

o the landmarkobsenation error (R; for the obsened
landmarks),

¢ andtheerrorof theinput controlu, whichis thevisual
motionestimatiorresult(R.,).

Note thatin our approachthe lumpedprocessnoisev
is setto 0, landmarksbeing stationaryand the robot pose
predictionbeing directly computedwith the currentpose
andtheresultof thevisualmotionestimation.

Landmark initialization errors. When new landmarks
aredetectedtheir 3D coordinatedeingcomputedoy stere-
ovision, the covariancematrix R,,, on new landmarkss to-
tally definedby the stere@ision error.
Statisticoonimagepairsacquiredrom thesameposition
shaw thatthe distribution of the disparitycomputedon ary
given pixel canbe well approximatedoy a Gaussiar{13],
andthatthereis acorrelationbetweertheshapeof thesimi-
larity scorecurve aroundits peakandthestandardieviation
on the disparity: the sharpeithe peak,the more precisethe
disparity (figure 3). A standarddeviation o4 associatedo



Disparity standard deviation

\ / ______ I
A \ o S \ 02 04 06
= = - = Peak curvature

Figure 3: Left: examplesof someprobability densityfunctionsof dis-

parities computedon a set of 100 image pairs, with the corresponding
Gaussiarfit. Right: Standad deviation of the disparitiesas a functionof

thecurvatue of the similarity score curveat its peak.

eachcomputeddisparityd is estimatedusingthe curvature
of the curve atits peak,approximatedy fitting a parabola.
Oncematchesareestablishedthe coordinate®f the 3D
points are computedwith the usualtriangulationformula:
z =12 7 = B,z andy = 2z, wherez is the depth,b
is the stereobaselineand«, 5, and+y, arecalibrationpa-
rametergthatdepend®n (u, v), theconsideregixelimage
coordinates)Usinga first orderapproximationjt comes:

Od

9z = ba

The covariancematrix of the point coordinatess thende-

rived from the triangulationequations.Whena new land-

markis obsened,its coordinatesreaddedo thefilter state,
andthe statecovarianceis updatedaccordingto equations
(4) and(5).

Observation error. In our case Jandmarkobsenationis
basedon interestpoint matching. Outliers being rejected
(section3.3), only interestpoint locationerrorsareconsid-
eredto determinethe matchingerroron imageplane. With
the preciseHarris detector the location estimateof inter-
estpointin two consecutieimagesakenfrom avery close
pointof view is preciseenoughto usel.5 pixel asthe max-
imum errortoleratedo assegoodmatches[9] dueto neg-
ligible projective distortion and occlusion. The expected
matchingerroris thereforeof theorderof 0.5 pixel. In con-
trast,underdifferentview point(i.e. whenre-perceiing a
landmarkafteralong loop), a moreflexible tolerancdimit
is applied(i.e.around2.5 pixel) [11]. In suchcase the ex-
pectedmatchingerrorvalueis thensetto 1 pixel.

The obsenation error is definedby the reprojectionof
the matchingerror on the 3D planeestimatedby sterewi-
sion(with anassociate@rror- figure4).

Whenthe 2D matchingerroris setto 1 pixel, the errors
provided by sterewision for the 3D matchingpoint andits
8 closestneighborsare usedto computethe expected3D
coordinateandassociatedarianceof the matchingpointas
follows:

8
_ 1 9
x=§;xi, o% =

i
Netio
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Landmark observation
attimet+n

Landmark detection

and initialization

at time ¢
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Figure4: Principle of the combinationof the matcing and steeavision
errors. Thepointslocatedin the squae boxare the projectionof P onthe
image plane Smallellipsesindicate steeovision errors, the large dotted
ellipsoidis theresultingobservatiorerror.

whereX, andX;, arethe3D pointcoordinatesf py and
its neighbors,and oy and o, arethe correspondingvari-
ances.

Whenthematchingerroris 0.5 pixel, the 3D coordinates
beingonly computedon integer pixels by sterewision, we
assumethe 3D surfacevariationis locally linear: X;/, =
(Xo +X;)/2ande;/» = (o0 + 0;)/2. Thesecoordinates
andthe associated/ariancesare usedin the equationy2)
and(3).

Motion estimation errors. Given a setof 3D matched
pointsQ = [Xy,,, XN, X1,,, X'n], thefunctionwhichis
minimizedto determinethe correspondingnotionis [12]:

N
J(ﬁa Q) = Z(X/n - R(&, év &)Xn - [fwv fya tAz]T)z

n=1

wheret = (4,6, 1, 1,,1,,%,). 0. © canbewrittenwith
randomperturbationgi = u + Au, O=90+ AQ) and
the true u and @ are not obsered. In orderto measure
theuncertaintyof 4, theuncertaintie®f landmarksX,, and
theirobsenationX!, arepropagateésshavnin [14]: con-
sideredthat X,, andX’,, arenot correlatedthe covariance
estimateP; canbealsowritten as:

09, a1 99 . 1
Py = (au (1,Q))  (Ax + Ax')(au (1, Q)
whereg = 27 is the Jacobiarof the costfunctionand
N
_ g . g . T
N
ag . 99 .
Axr = Y 5o (0 X )P, (557 (8,X'))T
n=1 n n

P, = R, istheinputcovariancematrixwhichis usedn
equation(1) to estimatethe statevariancesluringthefilter
predictionstage.



4.2 Landmark selection

As explainedin the section2, the 3D matchesestablished
aftertheinterestpointmatchingsteparesplitinto threesets.
Theobsened-landmarksetis simply the pointsthatcorre-
spondgo landmarksalreadyin the statevectorof the EKF.
Therestof thematchesarethenstudied to selectthe setof
candidate-landmarlaccordingto the following threecrite-
ria:

e Observability. Goodlandmarksshouldbe obsenable
in severalconsecutre frames.

o Stability. The3D coordinate®f goodlandmarksnust
be preciselyestimatedy sterewision.

o Representability Good landmarksmust efficiently
representa 3D scene. The sterewision benchstateesti-
mationwill be morestableif landmarksare regularly dis-
patchedn thepercevedsceneandthisregularitywill avoid
arapidgrowth of the EKF statevectorsize.

The numberof candidatdandmarksthatarechecledis
determinedn the basisof the numberof new interestpoint
matchegi.e. the onesthat do not matchwith an already
mappedandmark).We usel0 % of the new interestpoints,
asthe visual motion estimationtechniquerequiresa lot of
matchedo yield a preciseresult. The landmarkselection
is madeaccordinga heuristicproceduresothatthey satisfy
theabove threecriteria.

5. Results

Our developmentshave beentestedwith hundredsof im-
agestaken on-boarda blimp, at altitudesrangingfrom 20
to 35 m. The cameraf the 2.2 m wide stereobenchare
1/2" 1024 x 768 pixelsCCDsensorswith aa4.8 mm focal
lengthlens.

5.1 Positioning errors

We do not have ary localizationmeanthat could be used
asreferenceon-boaraheblimp (suchasa centimetelaccu-
racy GPS).However, whenthe blimp flies over an already
perceved area,the VME can provide an preciseestimate
of the relative posebetweenthe first and last frame of the
sequencéhatoverlaps.

Figure5 presentscomparisorof thereconstructetbop
trajectorywhile figure6 shavstheevolutionof thestandard
deviation of the 6 position parameter®f the stereobench
whenapplyingthe EKF. Until image25, the standardievi-
ation grows, however much more slowly thanwhen prop-
agatingonly the errorsof the VME. A few old landmarks
arere-perceiedin the following images:the standardde-
viationsdecreasesndstabilizesfor the subsequerimages
wheresomeold landmarksarestill obsened.

The quantitatve figuressummarizedn table1 compare
the resultsof the final position estimatewith respectto
the reference:the precisionenhancemenbroughtby the
EKF is noticeableandthe absoluteestimatecderrorsareall
boundedby twice the estimatedstandarddeviations. The

Figure5: A resultof the SLAMimplementatiorwith a sequencef 40
stereovision pair. Theleft image showthereconstructedrajectoryin 3D,
the right one showsthe 120 landmarksmappedwith 1o uncertaintyel-
lipsesmagnifiedby a factor of 40.

£ = Eg 3 g 10 I £
Image step Image step

Figure 6: Evolutionof the standad deviations of the camea position
parametes during theflight shownin figure 5.

translationerrorsarebelon 0.1 m in thethreeaxesafteran
about60 m longtrajectory andangularerrorsareall belov
half adegree.

Figure7 shavs andothertrajectoryreconstructedvith a
setof 100images.

5.2 Digital elevation maps

Thanksto the precisepositioningestimation the processed
sterew@ision imagescan be fusedafter every updateof the
EKF into adigital elevationmap(DEM), thatdescribeghe
environmentasafunctionz = f(z,y), determinednevery
cell (z;,y;) of aregularCartesiargrid.

Our algorithmto build a DEM simply computeshe el-
evation of eachcell by averagingthe elevationsof the 3D
pointsthatarevertically projectedonthecell surface.Since

Reference| VME SLAM SLAM

std. dev. abs.error | std.dev. | abs.error
P 0.10° 3.30° 0.21° 0.20°
(¢S] 0.09° 2.40° 0.28° 0.61°
14 0.04° 0.56° 0.09° 0.11°
te 0.04m 0.91m 0.11m 0.24m
ty 0.04m 1.47m 0.08m | 0.07m
t, 0.01m 0.91m 0.04m 0.10m

Tablel: Comparisorof theerrors madeby the propagationof thevisual
motion estimationalone and with the SLAM EKF appmad, usingas a
refelencethe VME appliedbetweerimages 1 and 40
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Figure7: Alonger trajectoryreconstructeavith a sequencef 100im-
ages. 320 landmarkshavebeenmapped(the magnification factor of the
uncertaintyellipsesin theright image is here 20)

aluminancevalueis associatedo each3D point produced
by sterewision, it is also possibleto computea meanlu-

minancevaluefor eachmapcell. Figure8 shows a digital

elevationbuilt from the 100imagesduringthetrajectoryof

figure 7: the resolutionof the grid is here0.1 m, andno

mapdiscrepanciesanbe detectedn the correspondingr-

thoimage.

Figure8: TheDEM computedvith 100images,positionedaccoding to
thetrajectoryof figure 7: orthoimage and 3D view of the bottom-leftarea.
Themapcovers an areaof about3500 m2.

6. Summary

We presentedh vision-basedSLAM approachthat allows

the building of large high resolutionterrainmaps. To our

knowledge, it is the first attemptto tacklea SLAM prob-

lem in 3D space usingexclusively informationsprovided

by vision. The useof interestpoint aslandmarksallows an

active selectionof the landmarksto properly map the en-

vironmentwithout ary prior knowledge.Our interestpoint

matchingalgorithmprovidesrobustdataassociations/hich

malkes possiblethe matchingof alreadymappedandmark
andthe precisevisual motion estimationbetweenconsecu-
tive frames.A rigorousstudyandidentificationof the vari-

ouserrorsestimatesnvolvedin thefilter allows to setit up

properly without ary empiricaltuningstage.
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