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Abstract

This paper presentsan approach to build high resolution
digital elevationmapsfroma sequenceof unregisteredlow
altitudestereovisionimagepairs. Theapproach first usesa
visualmotionestimationalgorithmthat determinesthe3D
motionsof the cameras betweenconsecutiveacquisitions,
on thebasisof visually detectedandmatchedenvironment
features.An extendedKalmanfilter thenestimatesboththe
6 positionparameters and the 3D positionsof the memo-
rizedfeaturesasimagesare acquired.Detailsare givenon
thefilter implementationandontheestimationof theuncer-
taintiesonthefeatureobservationsandmotionestimations.
Experimentalresultsshowthat theprecisionof themethod
enablesto build spatiallyconsistentverylargemaps.

1. Intr oduction
The main difficulty to build digital terrainmapsis to pre-
cisely determinethe sensorposition and orientationas it
moves.Deadreckoningtechniquesthat integrateover time
thedataprovidedby motionestimationsensors,suchasin-
ertial sensors,are not sufficient becausethey are intrinsi-
cally proneto generatepositionestimateswith unbounded
error growth. Precisevisual motion estimationtechniques
thatusestereovision andvisual featurestrackingor match-
ing have beenproposedfor groundrovers[1], but their er-
rors alsocumulateover time, sincethey do not memorize
any environmentfeature.Theonly solutionto diminishthe
errorson thepositionestimatesis to rely on stableenviron-
mentfeatures,thataredetectedandmemorizedasthesensor
moves. In the roboticcommunity, it hasearlybeenunder-
stoodthat the problemof mappingsuchfeaturesandesti-
matingthe robot locationare intimately tied together, and
that they mustthereforebe solved in a unifiedmanner[2].
This problem,known as the ”SLAM problem1” hasnow
beenwidely studied(anhistoricalpresentationof themain
contributionscanbefoundin theintroductionof [3]).

Contributionson “structurefrom motion” addressesthe
sameproblem. Successfulapproacheshave beenreported,
but they requirebatchprocessing(i.e. with the whole se-
quenceof the acquiredimages)anda global optimization

1SLAM standsfor “SimultaneousLocalizationAnd Mapping”

(e.g. bundleadjustment)to refinethecamerapositionsand
the3D coordinatesof matchedfeatures.In contrast,SLAM
is anincrementalapproach:the3D featuremapandthesen-
sorpositionaresimultaneouslybuilt andupdated.

Among the different approachesto tackle the SLAM
problem,theKalmanfilter basedapproachis themostpopu-
lar. It is theoreticallywell grounded,andit hasbeenproved
that its applicationto the SLAM problemconverges[3].
Somecontributionscopewith its mainpracticaldrawback,
i.e. its complexity which is cubic in the dimensionof the
consideredstate[4]: suchdevelopmentsarenecessarywhen
mappingvery largeareas.Otherapproachesto the SLAM
problemhave beenproposed,mainly to overcomethe as-
sumptionthatthevariouserrorprobabilitydistributionsare
Gaussian,which is requiredby theKalmanfilter. Setmem-
bershipapproachesjust needthe knowledgeof boundson
the errors [5], but they are practically difficult to imple-
mentwhen the numberof position parametersexceeds3,
andaresomehow sub-optimal. Expectationminimization
algorithms(EM) havealsobeensuccessfullyadaptedto the
SLAM problem[6]. In termsof sensormodality, solutions
to the SLAM problemhasmainly beenexperimentedwith
rangesensorsin indoorenvironments,in thecaseof robots
moving on planes,i.e. in 2 dimensions[7, 6, 3]. To our
knowledge,therearevery few contributionsto the SLAM
problembasedon vision (e.g. [8]).

This paperpresentsan approachto the SLAM problem
in 3 dimensions,usingonly asetof non-registeredlow alti-
tudestereovision imagepairs.Theapproachis presentedin
the following section,andsection3 summarizesthe basic
algorithmson which it relies: stereovision, interestpoints
detectionandmatching,andvisualmotionestimation.Sec-
tion 4 detailsour implementationof the ExtendedKalman
Filter, with a focuson the identificationof the variouser-
rors. Localizationresultsandthebuilding of digital eleva-
tion mapswith a stereovision benchmountedon a blimp
flying at a few tensof meteraltitudearethenpresented.

2. Overview of the approach
Landmarksare interestpoints, i.e. visual featuresthat can
be matchedwhen perceived from various positions, and
whose3D coordinatesareprovidedby stereovision. Weuse



anextendedKalmanfilter (EKF) astherecursivefilter: the
statevectorof the EKF is the concatenationof the stereo
benchposition(6 parameters)andthelandmark’spositions
(3 parametersfor eachlandmark). The key algorithmthat
allows bothmotionestimationbetweenconsecutivestereo-
vision frames(prediction)andthe observation andmatch-
ing of landmarks(dataassociation)is arobustinterestpoint
matchingalgorithm.

The various algorithmic stagesachieved every time a
stereovision imagepair is acquiredarethefollowing:

1. Stereovision: a dense3D imageis providedby stere-
ovision (section3.1).

2. Interestpointsdetectionandmatchingbetweencon-
secutive frames,andwith pastframesin which old land-
marksarevisible (section3.2).

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

4. Visual motion estimation(VME): the interestpoints
retainedas”non-landmarks”areusedto estimatethe6 mo-
tion parametersbetweenthe previous and current frames
(section3.3).

5. Updateof theKalmanfilter state(section4).
Finally, afterevery SLAM cycle definedby thesesteps,

adigital elevationmapis updatedwith theacquiredimages
(section5.2).

Step 3 is necessaryfor two reasons: first, only non-
landmarkspointsshouldbeusedto to estimatethelocalmo-
tion, in orderto de-correlatethepredictionandupdatesteps
of theKalmanfilter andsecond,new landmarksshouldbe
cautiouslyaddedto thefilter state,in orderto avoid a rapid
growth of its dimensionand to obtaina regular landmark
coverageof theperceivedscenes.

3. Basicalgorithms
3.1. Stereovision
We usea classicalpixel-basedstereovision algorithm,that
relies on a calibratedbinocular stereovision bench (fig-
ure 1). A densedisparity imageis producedthanksto a
correlation-basedpixel matchingalgorithm, falsematches
beingfilteredoutthanksto areversecorrelation.The3D co-
ordinatesof thematchedpixelsaredetermined,with anas-
sociateduncertaintywhosecomputationis depictedin sec-
tion 4.1.

3.2. Interestpoints detectionand matching
Visuallandmarksmustbeinvariantto imagetranslation,ro-
tation, scaling,partial illumination changesandviewpoint
changes.Interestpoints, suchasdetectedby the popular
Harris detector, hasproven to have goodstability proper-
ties [9]. When a there is prior knowledgeon the scale
change,evenapproximate,a scaleadaptive versionof Har-

Figure 1: A result of the stereovision algorithm, with an image pair
takenat about

�����
altitude. Fromleft to right: oneof theoriginal image,

disparity map (shownhere in a blue/closered/far color scale),and 3D
image, rendered as a meshfor readabilitypurposes.Pixelsare properly
matchedin all theperceivedareas,eventhelow texturedones.

ris detectoryields a repeatabilityhigh enoughto allow ro-
bustmatches[10].

To matchinterestpoints,we usea matchingalgorithm
that relieson local interestpoint groupsmatching,impos-
ing a combinationof geometricandsignalsimilarity con-
straints, thus being more robust than approachessolely
basedon local point signal characteristics(detailscan be
foundin [11]). Figure2 showsthatthisalgorithmgenerates
a lot of good matches,even when the view point change
betweentheconsideredimagesis quitehigh.

Figure2: A resultof our interestpointmatching betweentwo nonregis-
teredaerial images

3.3. VME (Visual Motion Estimation)
The interestpoints matchedbetweenconsecutive images
andthe corresponding3D coordinatesprovidedby stereo-
vision areusedto estimatethe 6 displacementparameters
betweenthe images,using the leastsquareminimization
techniquepresentedin [12].

Conventionaltechniquesto get rid of the outliersusing
fundamentalmatrixestimation,wouldnotcopefor stereovi-
sionerrors,suchastheonesthatoccuralongdepthdiscon-
tinuities. Therefore,matchesthat imply a 3D point whose
coordinatesuncertaintiesareover a thresholdarefirst dis-
carded(the thresholdis empirically determinedby statisti-
cal analysisof stereovisionerrors).Then,a 3D transforma-
tion with the remainingmatchesis estimatedand the 3D
matchesof which error is over

�
times the meanof the

residualerrorsareeliminated:
�

shouldinitially beat least
greaterthan3.

�
is set to

���	�
and the procedureis re-

iterateduntil
��

�

.
This outlier rejectionalgorithmconsideringbothmatch-

ing andstereovision errorsyieldsa precise3D motionesti-
mationbetweenconsecutivestereovisionframes(seeresults



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

4. Kalman filter setup
TheEKF is anextensionof thestandardlinearKalmanfil-
ter, that linearizesthenonlinearpredictionandobservation
modelsaroundthe predictedstate. The discretenonlinear
systemandtheobservationsaremodeledas:��� ��������
�� ����� ������� � ����������� � � �!�����"#� �!�����$
&% �'�(� ���������)� * � �+�����
where

� � ��� is a control input and
�

,
*

arevectorsof tem-
porally uncorrelatederrorswith zeromeanandcovariance,!- � ��� , ,!. � ��� .

In our approach, the state of the filter / � �0�1
2 /�3 �5476�898:8;47<>= is composedof the6 positionparameters/ 3 
 2 ? ��@A��BC��DFE���DFGH��DFI:= of the stereovision benchand of
a set of J landmarks3D coordinates

4LKM
 2 � K���NOK�� " KP= ,Q�RTSVU J . The associatedstatecovariance
,

is com-
posedof thethestereobenchposecovariance

, 3;3 , theland-
markscovariance

,!W>W
andthe cross-covariancebetween

thebenchposeandlandmarks
, 3 W [3]. In theKalmanfilter

framework, the stateestimationencompassesthreestages:
prediction,observationandupdateof the stateandcovari-
anceestimates.
Prediction. Underthe assumptionthat landmarksaresta-
tionary, thestatepredictionis:X/ � �!���+YZ���$

� � ��� � X/ � �����5[ � ���������
where

[ � �\�]���$
 �_^ ? � ^ @A� ^ BC� ^ D E � ^ D G � ^ D I � is thevi-
sualmotionestimationresultbetween

�
and
�(���

positions.
Theassociatedstatecovariancepredictionis writtenas:, 353 � ���`��YZ���$
&a 3 � � ��� , 3;3 � ����a 3 �cb � �����aedH� � ���Ffgd � ���haedH�cb � ����� ,!- � ���`�i� (1), 3 W � ������YZ���$
&a 3 � � ��� , 3 W � ���
where

fjd
representstheerror covarianceof thevisualmo-

tion estimationresult. Note that the covarianceof land-
marksis not changedin thepredictionstage.
Observation. Whenobservingthe

Slk'm
landmark,theobser-

vationmodelandthe Jacobianof the observation function
arewrittenas:Xn K � ������YZ���o

% K � �0� � X/ � �����!YO�����

where
%(K � ��� � X/ � �!���+YZ����� is a functionof thepredicted

robot stateand the
S k'm

landmarkin the statevectorof the
filter, which mapsthestatespaceinto theobservationstate.
Theinnovationandtheassociatedcovarianceis writtenas:p K � �!�����$
 n K � �!�
���(� Xn K � �!�`�+YO��� (2)q�K � ���j�i��
&ar%sK � �0� , � ���j��YZ����ar%sK b � ���t�ufjK � ���j��� (3)

where
ar%sK � ���M
 2 a 3 %sK � ����� Q 898:8t� Q a Wwv %sK � �0�;� Q 8:8:8 Q =

and
fjK

, theerror covarianceof
S
th landmarkobservation.

Update. Theupdatestagefusesthepredictionandtheob-
servation to producethe stateestimateand its associated
covariance:X/ � �!�`�+YZ�!�����$
 X/ � �����+YZ���)�yxVK � �!�`�i� p K � ���`�i�, � ���u��YZ�0�u���$
 , � ���u�+YZ�����zx K � ���u����q K � ���u�i�FxVbK � ���u���

in which
x K � �C�y�i�$
 , � �C�y�+YZ����ae% bK � ����q�{ 6K � �|�}���

is thekalmanfilter gainmatrix.
When detecting a new landmark, it is added to

the state vector of the filter, that becomes
X/ � ���~
2 X/ 3 � ���;� X4 6 � �0�#8:898 X4 < � ���;� X4 <��(6 � ���l= . The landmarkini-

tializationmodelis:X4 <��(6 � ���$

� � ��� � X/ 3 � ���;� nO� �(� � ����� (4)

, � ���$
 �� , 3;3 � ��� , 3 W � ��� , 3 I � �0� b, 3 W b � ��� , WwW � ��� , W I � ��� b, 3 I � ��� ,!W I � ��� , I5I � ���
��

(5)

, 3 I � ���o

a 3 � � ��� , 3;3 � ����� , W I � �0�$

a 3 � � ��� , 3 W � �0�, I;I � ���o
�a 3 � � ��� , 3;3 � ���ha 3 � b � �����\aeIc� � ���hf W � ����auI�� b � ���
wheren�� �(� � �0� denotesthenew landmark,

� � �0� theini-
tialization function using the current robot poseestimate
and
f W

theerror covarianceof thenew landmark.

4.1. Err ors identification
Error identificationis crucial to setup a Kalmanfilter, asa
precisedeterminationof theseerrorswill avoid theempiri-
cal ”filter tuning” step.In our context, thefollowing errors
mustbeestimated:� thelandmarkinitialization error(

f W
),� the landmarkobservation error (

fgK
for the observed

landmark
S
),� andtheerrorof theinputcontrol

�
, which is thevisual

motionestimationresult(
fjd

).
Note that in our approach,the lumpedprocessnoise

�
is set to

Q
, landmarksbeingstationaryandthe robot pose

predictionbeing directly computedwith the currentpose
andtheresultof thevisualmotionestimation.

Landmark initialization errors. When new landmarks
aredetected,their3D coordinatesbeingcomputedby stere-
ovision,thecovariancematrix

f W
onnew landmarksis to-

tally definedby thestereovisionerror.
Statisticsonimagepairsacquiredfrom thesameposition

show thatthedistribution of thedisparitycomputedon any
given pixel canbe well approximatedby a Gaussian[13],
andthatthereis acorrelationbetweentheshapeof thesimi-
larity scorecurvearoundits peakandthestandarddeviation
on thedisparity: thesharperthepeak,themoreprecisethe
disparity(figure 3). A standarddeviation �0� associatedto
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Figure3: Left: examplesof someprobability densityfunctionsof dis-
parities computedon a set of 100 image pairs, with the corresponding
Gaussianfit. Right: Standard deviation of thedisparitiesasa functionof
thecurvature of thesimilarity scorecurveat its peak.

eachcomputeddisparity � is estimatedusingthecurvature
of thecurveat its peak,approximatedby fitting a parabola.

Oncematchesareestablished,thecoordinatesof the3D
pointsarecomputedwith the usualtriangulationformula:" 
����� , � 
�� d " and

N]
���� " , where " is the depth, �
is thestereobaseline,and � ,

�0d
and
� �

arecalibrationpa-
rameters(thatdependson � �(����� , theconsideredpixel image
coordinates).Usinga first orderapproximation,it comes:

� I 
 �#���� "��
The covariancematrix of the point coordinatesis thende-
rived from the triangulationequations.Whena new land-
markis observed,its coordinatesareaddedto thefilter state,
andthe statecovarianceis updatedaccordingto equations
(4) and(5).

Observation error. In our case,landmarkobservation is
basedon interestpoint matching. Outliers being rejected
(section3.3),only interestpoint locationerrorsareconsid-
eredto determinethematchingerroron imageplane.With
the preciseHarris detector, the location estimateof inter-
estpoint in two consecutiveimagestakenfrom averyclose
pointof view is preciseenoughto use

��� �
pixel asthemax-

imumerrortoleratedto assesgoodmatches[9] dueto neg-
ligible projective distortion and occlusion. The expected
matchingerroris thereforeof theorderof

Q � �
pixel. In con-

trast,underdifferentview point(i.e. whenre-perceiving a
landmarkaftera long loop),a moreflexible tolerancelimit
is applied(i.e.around¡ � � pixel) [11]. In suchcase,theex-
pectedmatchingerrorvalueis thensetto

�
pixel.

The observation error is definedby the reprojectionof
the matchingerror on the 3D planeestimatedby stereovi-
sion(with anassociatederror- figure4).

Whenthe2D matchingerror is setto
�

pixel, theerrors
providedby stereovision for the3D matchingpoint andits
8 closestneighborsare usedto computethe expected3D
coordinateandassociatedvarianceof thematchingpointas
follows:¢
£ 
 �¤¦¥§ K©¨�ª £ K�� « � ¬­ 
 �¤¦¥§ K®¨)ª �

¢
£ � £ K�� � �y« �K

Figure4: Principle of thecombinationof thematching andstereovision
errors. Thepointslocatedin thesquareboxare theprojectionof ¯ on the
image plane. Smallellipsesindicatestereovision errors, the large dotted
ellipsoidis theresultingobservationerror.

where
£ ª

and
£±°

arethe3D pointcoordinatesof ² ª and
its neighbors,and

« ª
and
« °

are the correspondingvari-
ances.

Whenthematchingerroris
Q � �

pixel, the3D coordinates
beingonly computedon integerpixelsby stereovision, we
assumethe 3D surfacevariationis locally linear:

£ K®³ � 
� £ ª>� £ K���´ ¡ and
« K®³ � 
 � «>ªw�y«wKF��´ ¡ . Thesecoordinates

and the associatedvariancesareusedin the equations(2)
and(3).

Motion estimation errors. Given a set of 3D matched
points µ¶·
 2 £ 6 �:�:� £ < � £ 6 �9�:� £g¸ < = , thefunctionwhich is
minimizedto determinethecorrespondingmotionis [12]:

¹ � X[º� µ¶±�$

<§» ¨ 6 � £ ¸ » �½¼ � X? � X@A� XB¾� £ » � 2 XDFEA� XDFGH� XDFIt=Pb�� �

where
X[M
 � X? � X@A� XBC� XDFEA� XDFGH� XDFIi� . X[ . µ¶ canbewrittenwith

randomperturbations(
X[ 
¿[±� ^ [º� µ¶À
·¶Á� ^ ¶ ) and

the true
[

and
¶

are not observed. In order to measure
theuncertaintyof

X[
, theuncertaintiesof landmarks

£ » and
theirobservation

£g¸» arepropagatedasshown in [14]: con-
sideredthat

£ » and
£j¸ » arenot correlated,thecovariance

estimate
,±ÂÃ canbealsowrittenas:, ÂÃ 
 �OÄ0ÅÄ [ � X[º� X¶±��� {

6 �_Æ ­ � Æ ­ºÇ � ��Ä0ÅÄ [ � X[�� X¶j��� {
6

whereÅ 
ÉÈiÊÈ ÂÃ is theJacobianof thecostfunctionand

Æ ­ 
 <§» ¨ 6 Ä0ÅÄ £ » � X[�� £ » � , ­oË � Ä0ÅÄ £ » � X[º� £ » ��� b
Æ ­ Ç 
 <§» ¨ 6 Ä0ÅÄ £ ¸ » � X[º� £ ¸ » � , ­ Ç Ë � Ä0ÅÄ £ ¸ » � X[o� £ ¸ » ���hb, ÂÃ 
`fjd is theinputcovariancematrixwhichis usedin

equation(1) to estimatethestatevariancesduringthefilter
predictionstage.



4.2. Landmark selection
As explainedin the section2, the 3D matchesestablished
aftertheinterestpointmatchingsteparesplit into threesets.
Theobserved-landmarkssetis simply thepointsthatcorre-
spondsto landmarksalreadyin thestatevectorof theEKF.
Therestof thematchesarethenstudied,to selectthesetof
candidate-landmarksaccordingto thefollowing threecrite-
ria:� Observability . Goodlandmarksshouldbeobservable
in severalconsecutive frames.� Stability. The3D coordinatesof goodlandmarksmust
bepreciselyestimatedby stereovision.� Representability. Good landmarksmust efficiently
representa 3D scene. The stereovision benchstateesti-
mationwill be morestableif landmarksareregularly dis-
patchedin theperceivedscene,andthisregularitywill avoid
a rapidgrowth of theEKF statevectorsize.

Thenumberof candidatelandmarksthatarechecked is
determinedon thebasisof thenumberof new interestpoint
matches(i.e. the onesthat do not matchwith an already
mappedlandmark).Weuse

� QÍÌ
of thenew interestpoints,

asthe visual motion estimationtechniquerequiresa lot of
matchesto yield a preciseresult. The landmarkselection
is madeaccordinga heuristicproceduresothatthey satisfy
theabovethreecriteria.

5. Results
Our developmentshave beentestedwith hundredsof im-
agestaken on-boarda blimp, at altitudesrangingfrom ¡ Q
to
���!Î

. Thecamerasof the ¡ � ¡ Î wide stereobenchare��´ ¡ ¸ ¸ � Q ¡iÏ$ÐzÑiÒ�Ó pixelsCCDsensors,with aa Ï � Ó ÎgÎ focal
lengthlens.

5.1. Positioning errors
We do not have any localizationmeanthat could be used
asreferenceon-boardtheblimp (suchasacentimeteraccu-
racy GPS).However, whenthe blimp flies over an already
perceived area,the VME can provide an preciseestimate
of the relative posebetweenthe first andlast frameof the
sequencethatoverlaps.

Figure5 presentsacomparisonof thereconstructedloop
trajectory, while figure6showstheevolutionof thestandard
deviation of the 6 positionparametersof the stereobench
whenapplyingtheEKF. Until image25, thestandarddevi-
ation grows, however muchmoreslowly thanwhenprop-
agatingonly the errorsof the VME. A few old landmarks
arere-perceived in the following images:the standardde-
viationsdecreases,andstabilizesfor thesubsequentimages
wheresomeold landmarksarestill observed.

Thequantitative figuressummarizedin table1 compare
the resultsof the final position estimatewith respectto
the reference:the precisionenhancementbroughtby the
EKF is noticeable,andtheabsoluteestimatederrorsareall
boundedby twice the estimatedstandarddeviations. The
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translationerrorsarebelow
Q �®�>Î

in thethreeaxesafteran
aboutÒ Q Î long trajectory, andangularerrorsareall below
half adegree.

Figure7 showsandothertrajectoryreconstructedwith a
setof 100images.

5.2. Digital elevation maps
Thanksto theprecisepositioningestimation,theprocessed
stereovision imagescanbe fusedafter every updateof the
EKF into a digital elevationmap(DEM), thatdescribesthe
environmentasafunction " 

Ö �'� ��NA� , determinedonevery
cell ��� K ��N K � of a regularCartesiangrid.

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

Reference VME SLAM SLAM
std.dev. abs.error std.dev. abs.error× Q �©� Q�Ø �A� � Q�Ø Q � ¡ � Ø Q � ¡ Q�ØÙ Q � Q�¤�Ø ¡ � Ï Q�Ø Q � ¡ZÓ Ø Q � Ò � ØÚ Q � Q Ï Ø Q � � Ò Ø Q � QO¤�Ø Q �©��� ØDFE Q � Q Ï Î Q � ¤ �ºÎ Q �©���ºÎ Q � ¡iÏ ÎDFG Q � Q Ï Î ��� Ï�Ñ Î Q � Q Ó Î Q � Q Ñ ÎDFI Q � Q �oÎ Q � ¤ �ºÎ Q � Q Ï Î Q �®� Q Î

Table1: Comparisonof theerrorsmadebythepropagationof thevisual
motion estimationalone and with the SLAMEKF approach, usingas a
referencetheVMEappliedbetweenimages1 and40
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Figure7: A longer trajectoryreconstructedwith a sequenceof 100im-
ages. 320 landmarkshavebeenmapped(the magnificationfactor of the
uncertaintyellipsesin theright image is here20)

a luminancevalueis associatedto each3D point produced
by stereovision, it is also possibleto computea meanlu-
minancevaluefor eachmapcell. Figure8 shows a digital
elevationbuilt from the100imagesduringthetrajectoryof
figure 7: the resolutionof the grid is here

Q �©�+Î
, andno

mapdiscrepanciescanbedetectedin thecorrespondingor-
thoimage.

Figure8: TheDEM computedwith 100images,positionedaccording to
thetrajectoryof figure7: orthoimage and3D view of thebottom-leftarea.
Themapcovers anareaof about

��Û����s�\Ü
.

6. Summary

We presenteda 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. Theuseof interestpoint aslandmarksallows an
active selectionof the landmarksto properlymapthe en-
vironmentwithout any prior knowledge.Our interestpoint
matchingalgorithmprovidesrobustdataassociationswhich
makespossiblethe matchingof alreadymappedlandmark
andtheprecisevisualmotionestimationbetweenconsecu-
tive frames.A rigorousstudyandidentificationof thevari-
ouserrorsestimatesinvolvedin thefilter allows to setit up
properly, withoutany empiricaltuningstage.
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