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Abstract

In this paper we describea methodthat estimatesthe
motion of a calibrated camera (settledon an experimen-
tal vehicle)andthetridimensionalgeometryof theenviron-
ment. Theonly data usedis a video input. In fact, inter-
estpointsare trackedandmatchedbetweenframesat video
rate. Robustestimatesof thecamera motionare computed
in real-time, key-framesareselectedandpermitthefeatures
3D reconstruction.Thealgorithmis particularly appropri-
ate to the reconstructionof long imagessequencesthanks
to the introductionof a fast and local bundle adjustment
methodthat ensures both good accuracy and consistency
of the estimatedcamera posesalong thesequence. It also
largely reducescomputationalcomplexity compared to a
global bundleadjustment.Experimentson real data were
carried out to evaluatespeedandrobustnessof themethod
for a sequenceof aboutonekilometerlong. Resultsarealso
comparedto thegroundtruth measuredwith a differential
GPS.

1. Intr oduction

During last years,many works [8, 4] were carriedout
on the robust andautomaticestimateof the movementof
a perspective camera(calibratedor not) andpointsof the
observed scene,from a sequenceof images. It is still to-
day a very active �eld of research,andseveral successful
systemscurrently exist [13, 1, 12, 9, 15]. Interestpoints
areinitially detectedandmatchedbetweensuccessive im-
ages.Then,robustmethodsproceedingby randomsamples
of thesepointsmake possibleto calculatethegeometryof
subsequencesof 2 and3 images.Lastly, these“partial” ge-
ometriesaremergedandthereprojectionerrors(dueto the
differencebetweenpoints detectedin the imagesand the
reprojectionsof 3D pointsthroughthe cameras)aremini-
mized.

This paperdealswith the problemof scenereconstruc-
tion from imagesobtainedby a moving calibratedcamera.
Thereconstructionconsistsin �nding the3D modelof the
environment,by using only the recordeddata. Many ap-

plications(architecture,navigation of robots,etc.) require
theuseof sucha model.TheproblemoftentakestheSFM
denominationfor StructureFrom Motion, which was the
subjectof many worksin vision.

Onecannoteseveraltypesof approachesfor SFM algo-
rithms.Firstof all, themethodswithoutglobaloptimization
of thefull geometryarefastbut their accuracy is question-
ablesinceerrorsaccumulatein time. Amongthoseworksof
Vision-BasedSLAM (SimultaneousLocalizationandMap-
ping), Nistér [11] presentsa methodcalled“visual odom-
etry”. This methodestimatesthe movementof a stereo
heador a simplecamerain real time from the only visual
data:theaimis to guiderobots.Davison[2] proposesareal
timecameraposecalculationbut heassumesthatnumberof
landmarksis small (underabout100 landmarks).This ap-
proachbestsuiteto indoorenvironmentsandis not appro-
priatefor long displacementsbecauseof algorithmiccom-
plexity andgrowing uncertainty.

With a really different approach,we can �nd off-line
methodscarryingout a bundleadjustmentoptimizationof
theglobalgeometryin orderto obtainaveryaccuratemodel
(see[18] for a very completesurvey of bundleadjustment
algorithms).Suchan optimizationis very computingtime
expensiveandcannot beimplementedin a realtime appli-
cation.Bundleadjustmentis a processwhich adjustsitera-
tively theposeof camerasaswell aspointspositionin order
to obtaintheoptimalleastsquaressolution.

Most articles refer to Levenberg-Marquardt (LM) to
solvethenonlinearcriterioninvolvedin bundleadjustment,
amethodwhichcombinestheGauss-Newtonalgorithmand
thedescentof gradient.Themainproblemin bundleadjust-
ment is that it is very slow, especiallyfor long sequences
becauseit requiresinversionof linearsystemswhosesizeis
proportionalto thenumberof estimatedparameters(evenif
onebene�ts from thesparsestructureof thesystems).

It is alsoimportantto have an initial estimaterelatively
closeto therealsolution.So,applyinga bundleadjustment
in ahierarchicalwayis aninterestingidea[8, 16] but it does
notsolvethecomputingtimeproblem.Thus,it is necessary
to take analternative methodwhosepurposeis to decrease
thenumberof parametersto be optimized. Shum[16] ex-
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ploits informationredundancy in imagesby usingtwo vir-
tual key framesto representa sequence.

In this paperwe proposeanaccurateandfastincremen-
tal reconstructionand localizationalgorithm. The ideaof
an incrementalmethodfor a 3D reconstructionand mo-
tion estimationhasalreadybeendevelopedin many ways.
Steedly[17] proposesan incrementalreconstructionwith
bundleadjustmentwherehe readjustsonly the parameters
which have changed.Even if this methodis fasterthana
globaloptimization,it is not suf�ciently ef�cient andvery
datadependent.TherearealsoKalman�lters or extended
Kalman�lters [2], but they areknown to provide lessac-
curateresultsthanbundleadjustment.Our idea is to take
bene�t from both of�ine methodswith bundleadjustment
andfrom speedof incrementalmethods.In our algorithm,
a local bundleadjustmentis carriedout at eachtime a new
cameraposeis addedto thesystem.Thenearestapproachis
proposedby Zhang[19], but in thiswork, localoptimization
is doneonatriplet of imagesonly, andstructureparameters
areeliminatedfrom theproposedreducedlocal bundlead-
justment. Taking into accountof 2D reprojectionsof 3D
estimatedpoints in morethanthreeimageswithout elimi-
natingthe3D pointsparametersgreatlyimprovestheaccu-
racy of thereconstruction.

Thepaperis organizedasfollows. First, we presentour
completemethodto estimatecameramotionand3D struc-
turefrom avideo�o w. We explainour incrementalmethod
with local bundleadjustment:we proposeto only optimize
the end of the 3D structurewith a set of parametersre-
strictedto thelastcamerasand3D pointsobservedby these
cameras.In a secondpart,we presentexperimentsandre-
sultsonrealdata,andwe compareto aGPSlocalization.

2. Description of the incrementalalgorithm

Let us considera video sequenceacquiredwith a cam-
erasettledonavehiclemoving in anunknownenvironment.
Thegoalof this work is to �nd thepositionandtheorien-
tation in a global referenceframeof the cameraat several
times � aswell asthe3D positionof a setof points(viewed
alongthescene).Weuseamonocularcamerawhoseintrin-
sic parametersareknown (including radial distortion)and
assumedto beunchangedthroughoutthesequence.
Thealgorithmbeginswith determininga �rst triplet of im-
agesthat will be usedto set up the global frame and the
systemgeometry. After that, a robust posecalculationis
carriedout for eachframeof thevideo �o w usingfeatures
detectionandmatching. Someof the framesareselected
and becomekey-framesthat are usedto 3D points trian-
gulation. The systemoperatesin an incrementalway, and
whena new key-frameand3D pointsareadded,we pro-
ceedto a localbundleadjustment.Theresult(seeFigure3)
is a setof cameraposescorrespondingto key-framesand
3D coordinatesof pointsseenin images.

2.1. Inter estpoints detectionand matching

Thewholemethodis basedon thedetectionandmatch-
ing of featurespoints.In eachframe,Harriscorners[7] are
detected.Matchinga pairof framesis doneasfollows:

� Foreachinterestpointin �������
	�� , weselectsomecan-
didatecorrespondingpointsin a region of interestde-
�ned in ���
����	��

� Then a Zero NormalizedCrossCorrelationscoreis
computedbetweeninterestpointsneighborhoods.

� Thepairswith thehigh-scoresareselectedto provide
a list of correspondingpointpairsbetweenthetwo im-
ages.

In order to suite to a real time application,the step“de-
tectionandmatching”hasbeenimplementedusingSIMD
extensionsof modernprocessors.Thatprovidesa veryef�-
cientsolutionandnotmuchtimeconsumption.

Figure1. An exampleof imagefrom thevideodata.Smallsquares
representdetectedinterestpoints, andwhite lines representdis-
tancecoveredby matchedpoints.

2.2. Sequenceinitialization

We have in mind that themotionbetweentwo consecu-
tive framesmustbesuf�ciently largeto computetheepipo-
lar geometry. Sowe selectframesrelatively far from each
otherbut that have enoughcommonpoints. For that, the
�rst imagenoted ��� is alwaysselectedasa key frame.The
secondimage��� is selectedasfaraspossiblefrom �

� in the
videobut with at least � matchedinterestpointswith �

� .
Thenfor ��� , we choosethe framemostdistantfrom ��� so
thatthereareat least� matchedinterestpointsbetween���

and ��� andat least ��� matchedpointsbetween��� and �
�

(in our experiments,we choose����� �!� and �"�#��$!��� ).
Actually, this processensuresto have a suf�cient number



of pointsin correspondencebetweenframesto calculatethe
movementof thecamera.Thecameracoordinatesystemas-
sociatedto � � is setastheglobalcoordinatesystemandthe
relative posesbetweenthe �rst threekey framesis calcu-
latedusingthe5-pointsalgorithm[10] anda RANSAC [5]
approach.More detailson theinitialization processarede-
velopedin [15]. Then,observedpointsaretriangulatedinto
3D pointsusingthe �rst andthe third observation. Finally
an optimizationof estimatedposesand3D pointscoordi-
natesis donewith aLevenberg-Marquardt algorithm(LM).

2.3. Real­time robust poseestimation

Let us supposethat poseof cameras� � to ����� � corre-
spondingto selectedkey-frames��� to ����� � havepreviously
beencalculatedin the referencereconstructionframe. We
havealsofounda setof pointswhoseprojectionsarein the
correspondingimages.Thegoalis to calculatecamerapose

� correspondingto the lastacquiredframe � . For that,we
match � (last acquiredframe) and � ��� � (last selectedkey
frame)to determinea setof points � whoseprojectionson
thecameras���

���
�	�

�
� �
��� areknown andwhose3D co-

ordinateshave beencomputedbefore. From3D pointsre-
constructedfrom ���
�

� and ����� � , we useGrunert's pose
estimationalgorithmasdescribedin [6] to computethelo-
cationof camera� . A RANSAC processgivesan initial
estimateof camera� posewhich is then re�ned using a
fastLM optimizationstagewith only 6 parameters(3 for
opticalcenterpositionand3 for orientation).At this stage,
thecovariancematrixof camera� poseis calculatedby the
hessianinverseandweareableto draw anellipsoidof con-
�dence at90%(seeFigure2). If �	
�� is thecovariancema-
trix of camera� pose,theellipsoideof con�denceis given
by �������	
��

� �

��������� ��� since �������	
��

� �

��� obeys a
 

� distributionwith 3 dof.

2.4. Keyframesselectionand 3D points reconstruc­
tion

As mentionedbefore,not all theframesof the input are
takeninto accountfor the3D reconstruction,but only asub-
sampleof thevideo. For eachframe,thenormalway is to
computethe correspondinglocalizationusingthe last two
key frames. We set up a criterion that indicatesif a new
frame must be addedas a key frame or not. First, if the
numberof matchedpointswith thelastkey frame�!�
� � isnot
suf�cient (typically inferior to a �x ed level � , � � ���!�

in experiments),wehaveto introduceanew key-frame.We
have alsoto take a new key frameif the theuncertaintyof
thecalculatedpositionis toohigh (for example,superiorto
themeaninter-distancebetweentwo consecutive key posi-
tions). Obviously, it is not the framefor which criterion is
refusedthatbecomesa key framebut theonewhich imme-
diatelyprecedes.After that,new points(ie. thosewhichare

Figure2. Top view of a processingreconstruction.We canseethe
trajectory, 3D reconstructedpointsandtheellipsoidof con®dence
for themostrecentlycalculatedcamera.

only observedin �
�
�

� , �
��� � and �

� ) arereconstructedusing
astandardtriangulationmethod.

Figure3. Top view of a completereconstructionin a urbanenvi-
ronment.Thedistancecoveredis about200meterslong including
a half-turn. More than8.0003D pointshave beenreconstructed
for 240key frames.

2.5. Local bundle adjustment

When the last key frame ��� is selectedand addedto
the system,a stageof optimizationis carriedout. It is a



bundle adjustmentor Levenberg-Marquardt minimization
of thecostfunction �

�

���

�������

� where�

� and ��� arerespec-
tively thecamerasparameters(extrinsicparameters)and3D
pointschosenfor thisstage� . Theideais to reducethenum-
berof calculatedparametersin optimizingonly theextrinsic
parametersof the � lastcamerasandtakingaccountof the
2D reprojectionsin the � (with �
	�� ) last frames(see
Figure4). Thus, �

�

�
�����
����� ��� � ����� and ��� containsall
the3D pointsprojectedon cameras�

� . Costfunction �

� is
thesumof points ��� reprojectionerrorsin the last frames

� �
����� � to ��� :

�

�

���

�

���

�

� � �

�������������! #"�$&%'���)(

�

*,+

��-

�#.0/

�

�2143

where
/

�

�51

�76

�

� � �51

��8

� � 1 � is the squareof Euclidean
distancebetween 8

� � 1 , estimatedprojection of point � 1

throughthecamera� � andthemeasuredcorrespondingob-
servation. 8

� is the projectionmatrix $:9 � of camera�

composedof � � extrinsic parametersandknown intrinsic
parameters.

Thus, � (numberof optimizedcamerasat eachstage)
and � (numberof imagestaken into accountin the repro-
jectionfunction)arethe2 mainparametersinvolvedin the
optimizationprocess.Their given valuecan in�uence the
resultquality andexecutionspeed.Experimentspermitted
to determinewhat arevaluesfor � and � that provide an
accuratereconstruction.

It is important to specify that when the reconstruction
processstarts,we re�ne not only the last parametersof
the sequence,but the very whole 3D structure. Thus, for

� �;�=< , we choseto take � �>� � � . �?< is themaximum
numberof camerassothatoptimizationat stage� is global
(in our experiments,we choose�@< � � � ). That makesit
possibleto have reliable initial data,which is signi�cant
given the recursive aspectof the algorithm,and that does
not poseany problembecausethe parametersnumberis
still relatively restrictedat this time.

Comparisonwith global bundle adjustment:

Becauseof 3D pointsindependence,we cantake advan-
tage[8, 18] of the sparsestructureof the Jacobianmatrix

A

of theerrormeasurevector
/

. So,we have implemented
thesparseminimizationalgorithmasdescribedin [8]. The
systemto besolvedfor eachLevenberg-Marquardtiteration
is: BDC E

E

� F:G

B

�@HJILKNMJOPI,Q

�

*'R

�S�UT0Q
G

�

BWV

HJILKNMJOXIYQ

V

*'R

�Z��T0Q
G

where
C

, F ,
E

aresub-matrixcomposingHessianma-
trix

A

�

A

, �
HJI,K�M�OXI,Q , �

*'R

�S�UT0Q are incrementsto be calcu-
latedand

V

HJILKNMJOXIYQ ,
V

*'R

�Z�UT0Q areobtainedby theproductma-
trix

A

�

/

. Theresolutionis carriedoutwith 2 stages:

N

n

C i

C i�1

C i�2C i�3

Ci

Pi

Figure4.Localbundleadjustmentwhencamera[]\ is added.Only
surroundedpointsandcamerasareoptimized. Nevertheless,we
take accountof 3D pointsreprojectionsin the ^ last images.

1. Calculationof the increment� HJILKNMJOPI,Q to be applied
to camerasby resolutionof thefollowing system:

�

C@_`E

F

� �

E

�

� �?HJI,K�M�OXI,Q �

V

HJILKNMJOPI,Q

_`E

F

� �

V

*'R

�S�UT0Q � �!�

2. Direct calculationof the increment�

*'R

�S�UT0Q to be ap-
plied to 3D points:

�
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�Z��T0Q �
F

� �

�

V

*'R

�Z�UT0Q
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�
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Let � and b be the number of camerasand points
optimized in bundle adjustment. Let � be the number
(consideredasconstant)of projectingpointsthrougheach
camera.

Once
A

�

A

is calculated(timecomplexity is proportional
to the number �?O � � � � of 2D reprojectionstaken into
account),the two time computingexpensive stagesof this
resolutionare:

� Thematrixproduct
E

F

� �

E

�

� Theresolutionof cameraslinearsystem(1).

For matrix product
E

F

� �

E

�
, the numberof necessary

operationscanbegivenby �rst consideringthenumberof
not-null blocks of

E

F

� � . It is the samenumberas
E

,
i.e. (� � � ), numberof reprojectionsin � images,because

F

� � is block diagonal.Then,in theproduct �

E

F

� �

�

E

�
,

eachnot-null �c9 $ block of
E

F

� � is usedoncein the
calculationof eachblock columnof

E

F

� �

E

� . Thusthe
time complexity of the product

E

F

� �

E

� is d � � � �

�

� .
The time complexity of the traditional resolutionof the
linearsystem(1), is d ���

�

� [14].

So,thetime complexity of onebundleadjustmentitera-
tion is: d � � � ��e � � �

�

ef�

�

� .



Thus,we canseethat is very interestingto reducethe
numberof parameters( � and � ) involvedin theoptimiza-
tion process.For example,thecomplexity reductioncom-
paredto globalbundleadjustmentobtainedwith asequence
of � � key framesand �!� � 2D reprojectionsper imageis
givenin thefollowing table:

Type � � � gain
global 150 20 20 1
reduced1 150 5 20 10
reduced2 150 3 10 25

Table1. Complexity gainobtainedwith areducedlocalbundlead-
justmentcomparedto globalbundleadjustmentfor oneiteration.

In practice,we notethat thenumberof necessaryitera-
tions is quite low; it is due to the fact that, exceptingthe
lastaddedcamera,all thecamerasposeshave alreadybeen
optimizedat stage�

_

� , �

_

� , ...

2.6. Method summary

Theproposedmethodis summarizedasfollow:

1. Selecta triplet of imagesthat become�rst threekey
frames.Setup theglobal frame,estimatethe relative
pose,andtriangulate3D points.

2. For eachnew frame, matchwith last key frame and
estimatethecameraposeanduncertainty. Detectif a
new key framehasto beselected.If not, repeat2.

3. If a new key frame is selected,add precedentframe
asnew key frame,triangulatenew pointsandmake a
localbundleadjustment.Repeatfrom 2.

3. Experimentson real data

Weappliedour incrementallocalizationandmappingal-
gorithmto a semi-urbanscene.Thegoal is to evaluatero-
bustnessto perturbationsin acomplex environmentandac-
curacy comparedto groundtruth providedby a RealTime
KinematicsDifferentialGPS.Thecamerawassettledonan
experimentalvehiclewhosevelocity is about� � � ����� . The
covereddistanceis about� � ��	�� 	���� andthevideosequence
is � �
��� long (Imagesizeis �����=9 $��!� � � � 	
	�� at � � � � ��� ).
More than ��� ���!� 3D pointshave beenreconstructedand 
 �

imagesselectedaskey framesfrom a seriesof �!� � . This
sequenceis particularlyinterestingbecauseof imagescon-
tain(peoplewalkingin front of thecamera,sunshine,etc...)
thatdoesnot favors the reconstructionprocess.Moreover,
theenvironmentis moreappropriateto a GPSlocalization
becausethe satellitesin the sky are not occultedby high
buildings. It is alsointerestingbecauseof the trajectory:a
turnon theright, two turnson theleft andastraightline.

Figure5. 2 framesfrom realdataexperiments.We canseesome
pedestrians

3.1. ProcessingTime

In our experiments,we useda standardLinux PC(Pen-
tium 4 at 2.8 GHz, 1Go of RAM memoryat 800 MHZ).
Imageprocessingtime throughthesequenceis reportedin
Figure6. Timemeasuredincludesfeaturedetection( � �!�!�!�

Harrispointsperframe),matching,andposecalculationfor
all frames. For key frames,treatmenttime is longer (see
Figure 6) becauseof points 3D reconstructionand local
bundleadjustment.In this case,we took � � $ (number
of optimizedcameraposes)and � � ��� (numberof cam-
erasusedfor reprojectioncriterionminimization). We can
notethatspeedresultsarevery interestingwith anaverage
of � � ��
�� for normalframesand ��� ����� for key frames(let us
noticethattime betweentwo framesis � � ��$�$�� at � � � � ��� ).
Resultsarereportedin table2.

Frames Max Time MeanTime Total

Non-key frames 0.14 0.09 30.69
Key frames 0.43 0.28 26.29

Table2. Results.Computationtimesaregivenin ������������� .

3.2. Ground truth comparison

The calculatedtrajectory obtainedwith our algorithm
wascomparedto datagiven by a GPSsensor. It is a Real
TimeKinematicsDifferentialGPSwhoseprecisionis about
theinch in thehorizontalplane.For thecomparison,weap-
plied a rigid transformation(rotation,translationandscale
factor)to the trajectoryasdescribedin [3] to �t with GPS
referencedata. Figure8 shows trajectoryregistrationwith
GPS reference. As GPS positionsare given in a metric
framewe cancomparecameralocationsandmeasureposi-
tioning errorin meters.For camerakey pose� , 3D position
erroris:

�

�
��� � � �
�

�

_

�"!$#&%��

�

e �('
�

_

'�!$#&%��

�

e �*)
�

_

)
!&#&%��

�

and2D positionerrorin horizontalplaneis:
�

�
�+� �,� ���

�

_

��!&#&% �

�

e �*'
�

_

'�!&#$%��

�

where ��� , ' � , )�� areestimatedcoordinatesfor camerapose
� and �

!$#&% , '
!&#$% , )

!&#$% arecorrespondingGPScoordi-



Figure6.Processingtime(in ������������� ) for non-key framesandfor
key frames.

Figure 7. Top view of the reconstructedsceneand trajectory(#
4.000pointsand94 key positions).

nates. Figure9 shows 2D/3D error variationsthroughthe

 � frames. The maximummeasurederror is � � � ��	�� 	 � �

with a 3D meanerror of � �

�

	4� � ���
	�� 	 ��� anda 2D mean
errorof lessthan $��

�

	4� � � ��	�� 	 � � .

Figure 8. Registration with GPS reference,top: in horizontal
plane,bottom: on altitudeaxis. Continuousline representsGPS
trajectoryandpoints representestimatedkey positions. Coordi-
natesareexpressedin � ��� ��� � .

Figure9. Error in meters.continuousline: 2D error, dottedline:
3D error.

3.3. Parameterizing the local bundle adjustment

In our incrementalmethod,localbundleadjustmentcon-
sistsin optimizingtheendof thereconstructiononly, soas
to avoid uselesscalculationandvery long computingtime.



As mentionedbefore,optimizationis appliedto the � last
estimatedcameraposes,takingaccountof pointsreprojec-
tionsin alargernumber� of cameras.So,wetestedseveral
valuesfor � and � asreportedin table3, 4 and5. Notethat
we musthave � 	 �:e � to �x the reconstructionframe
and the scalefactor at the sequenceend. First, we com-
paredresultsto GPStrajectoryasexplainedpreviously, and
to a trajectorycomputedwith a global bundleadjustment.
We also measuredmeantime processingfor local bundle
adjustmentin function of � . In practice,it doesnot vary
muchwith � .

Comparisonwith GPS

�

�

�

�

�n
N

n n+1 n+2 n+3 n+5 n+7

n=2 failed failed 0.55 0.49 0.85 1.99
n=3 failed 3.28 0.45 0.41 0.41 0.41
n=4 6.53 1.77 0.42 0.40 0.41 0.27

global 0.33

Table3.Mean3D positionerror(in � ��� ��� � ) comparedto GPSfor
the incrementalmethodwith different � and ^ , andfor a global
bundleadjustment.

Comparisonwith global bundle adjustment

�

�

�

�

�n
N

n n+1 n+2 n+3 n+5 n+7

n=2 failed failed 3.17 0.43 1.56 1.80
n=3 failed 3.61 1.60 0.43 0.30 0.47
n=4 7.67 1.44 1.03 0.24 0.25 0.36

Table4. Mean3D positionerror (in � ��� ���
� ) comparedto global
bundleadjustmentfor different � and ^ .

n 2 3 4 5 6
MeanTime 0.24 0.31 0.33 0.37 0.44

Table5. Meanlocalbundleadjustmentcomputationtimesin func-
tion of � for many ^ (in ������������� ).

For � �D� or � e � , it happenedthatthereconstruction
wasnotcompletedbecauseof theprocessfailurebeforethe
endof thesequence.Thatprovesthatthefactof introducing
anumber� 	 � e � is veryimportantin arealenvironment
andbring robustnessandaccuracy to theestimation.More-
over, with Figure10, onecannote that very many points
aretrackedover morethan3 views. If � 	 $ and � quite
larger, we have very accurateresults;the problemis then
time consumption.In our experiments,we oftenuse� ��$

or � and � �>� �"��� (valuesin bold-facedin tables3 and
4).

Figure10.Pointsdistributionwith tracklength.

3.4. Visualcomparisonwith avery longurban scene

Experimentshavebeencarriedout in a town-center(see
Figure12) with a camera�x ed on a car. The vehicle ran
aboutone kilometer and the video is about $�� ��� long.
With Figure11, onecanvisually ensurethatreconstruction
is notmuchdeformedanddrift is very low comparedto the
covereddistance.That shows that our algorithm,very ap-
propriateto longscenereconstructionin termof computing
time is alsoquite preciseandrobust. The estimatedmean
3D positionerrorcomparedto globalbundleadjustmentis

� � ��
!� .

3.5. Conclusion

We presenteda nice applicationof SFM techniquesto
localizationand mapping,for a moving car. The method
is very fastandaccurate,thanksto theproposedlocal bun-
dle adjustmenttechnique.The model is built in real-time
with 3D pointsreconstructedfrom interestpointsextracted
in imagesand matchedthroughthe monocularvideo se-
quence. We can envisageto extend the methodto more
complex 3D primitivessuchasplanes,lines,or curves.We
think thattheapproachcanbeadaptedto many applications
in roboticsto guidemobile robots,or in augmentedreality
applications.
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