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Abstract

In this paperwe describea methodthat estimateghe
motion of a calibrated camen (settledon an experimen-
tal vehicle)andthetridimensionalgeometryof the erviron-
ment. Theonly data usedis a videoinput. In fact, inter-
estpointsare trackedand matdedbetweerframesat video
rate Rolustestimateof the camern motionare computed
in real-time key-framesare selectecdindpermitthefeatures
3D reconstruction.Thealgorithmis particularly appropri-
ate to the reconstructiorof long images sequenceshanks
to the introductionof a fast and local bundle adjustment
methodthat ensues both good accuracy and consistency
of the estimatedccamen posesalong the sequencelt also
largely reducescomputationalcompleity compaed to a
global bundle adjustment.Experimentson real data were
carried out to evaluatespeedandrobustnes®f the method
for a sequencefaboutonekilometerlong. Resultsare also
compaedto the groundtruth measued with a differential
GPS.

1. Intr oduction

During last years,mary works [8, 4] were carriedout
on the robust and automaticestimateof the movementof
a perspectie camera(calibratedor not) and points of the
obsered scenefrom a sequencef images. It is still to-
day a very active eld of researchand several successful
systemscurrently exist [13, 1, 12, 9, 15]. Interestpoints
areinitially detectedand matchedbetweensuccessie im-
ages.Then,robustmethodsproceedingy randomsamples
of thesepointsmake possibleto calculatethe geometryof
subsequenceas 2 and3 images.Lastly, these‘partial” ge-
ometriesaremeigedandthereprojectionerrors(dueto the
differencebetweenpoints detectedin the imagesand the
reprojectionsof 3D pointsthroughthe camerasyre mini-
mized.

This paperdealswith the problemof scenereconstruc-
tion from imagesobtainedby a moving calibratedcamera.
Thereconstructiorconsistan nding the 3D modelof the
ervironment, by using only the recordeddata. Many ap-

plications(architecture navigation of robots,etc.) require
the useof sucha model. The problemoftentakesthe SFM
denominationfor StructureFrom Motion, which was the
subjectof mary worksin vision.

Onecannoteseveraltypesof approachefor SFM algo-
rithms. Firstof all, themethodswithoutglobaloptimization
of the full geometryarefastbut their accurag is question-
ablesinceerrorsaccumulatén time. Amongthoseworksof
Vision-BasedSLAM (SimultaneousocalizationandMap-
ping), Nistér [11] presentsa methodcalled “visual odom-
etry”. This methodestimatesthe movementof a stereo
heador a simple camerain real time from the only visual
data:theaimis to guiderobots.Davison[2] proposesreal
time camergosecalculationbut heassumethatnumberof
landmarksis small (underabout100 landmarks).This ap-
proachbestsuiteto indoor ervironmentsandis not appro-
priatefor long displacementbecausef algorithmiccom-
plexity andgrowing uncertainty

With a really differentapproachwe can nd off-line
methodscarrying out a bundle adjustmenbptimizationof
theglobalgeometryin orderto obtainaveryaccuratanodel
(see[19] for a very completesuney of bundleadjustment
algorithms). Suchan optimizationis very computingtime
expensve andcannotbeimplementedn arealtime appli-
cation. Bundleadjustments a processhich adjuststera-
tively theposeof camerasswell aspointspositionin order
to obtainthe optimalleastsquaresolution.

Most articles refer to Levenbeg-Marquadt (LM) to
solvethenonlinearcriterioninvolvedin bundleadjustment,
amethodwhich combineghe Gauss-Neton algorithmand
thedescenbf gradient.Themainproblemin bundleadjust-
mentis thatit is very slow, especiallyfor long sequences
becausét requiresnversionof linearsystemsvhosesizeis
proportionalto thenumberof estimategarametergevenif
onebene tsfrom the sparsestructureof the systems).

It is alsoimportantto have aninitial estimaterelatively
closeto therealsolution. So,applyinga bundleadjustment
in ahierarchicalvayis aninterestingdea[8, 16] butit does
notsolve thecomputingtime problem.Thus,it is necessary
to take an alternatve methodwhosepurposes to decrease
the numberof parameterso be optimized. Shum[16] ex-



ploits informationredundang in imagesby usingtwo vir-
tual key framesto represena sequence.

In this paperwe proposean accurateandfastincremen-
tal reconstructiorand localizationalgorithm. The idea of
an incrementalmethodfor a 3D reconstructionand mo-
tion estimationhasalreadybeendevelopedin mary ways.
Steedly[17] proposesan incrementalreconstructionwith
bundle adjustmentvherehe readjustsonly the parameters
which have changed.Evenif this methodis fasterthana
global optimization,it is not sufciently efcient andvery
datadependentTherearealsoKalman lters or extended
Kalman lters [2], but they areknown to provide lessac-
curateresultsthan bundle adjustment.Our ideais to take
bene t from both of ine methodswith bundle adjustment
andfrom speedof incrementaimethods.In our algorithm,
alocal bundleadjustments carriedout at eachtime a new
camergoses addedo thesystem.Thenearesapproachs
proposedy Zhang[19], butin thiswork, local optimization
is doneon atriplet of imagesonly, andstructureparameters
areeliminatedfrom the proposededucedocal bundlead-
justment. Taking into accountof 2D reprojectionsof 3D
estimatedpointsin morethanthreeimageswithout elimi-
natingthe 3D pointsparametergreatlyimprovestheaccu-
ragy of thereconstruction.

The paperis organizedasfollows. First, we presenour
completemethodto estimatecameramotionand3D struc-
turefrom avideo o w. We explain ourincrementamethod
with local bundleadjustmentwe proposeto only optimize
the end of the 3D structurewith a set of parameterse-
strictedto thelastcameragnd3D pointsobsenedby these
camerasln a secondpart, we presenexperimentsandre-
sultsonrealdata,andwe compardo a GPSlocalization.

2. Description of the incrementalalgorithm

Let us considera video sequencacquiredwith a cam-
erasettledonavehiclemovingin anunknown ervironment.
The goal of thiswork isto nd the positionandthe orien-
tationin a global referencerame of the cameraat several
times aswell asthe3D positionof a setof points(viewed
alongthe scene) We usea monocularcameravhoseintrin-
sic parametersre known (including radial distortion) and
assumedo be unchangedhroughouthe sequence.
Thealgorithmbeginswith determininga rst triplet of im-
agesthat will be usedto setup the global frame and the
systemgeometry After that, a robust posecalculationis
carriedout for eachframeof thevideo o w usingfeatures
detectionand matching. Someof the framesare selected
and becomekey-framesthat are usedto 3D points trian-
gulation. The systemoperatesn anincrementaway, and
whena new key-frame and 3D pointsare added,we pro-
ceedto alocal bundleadjustmentTheresult(seeFigure3)
is a setof cameraposescorrespondingo key-framesand
3D coordinate®f pointsseenn images.

2.1 Inter estpoints detectionand matching

Thewhole methodis basedon the detectionandmatch-
ing of featuregoints. In eachframe,Harriscornerg7] are
detectedMatchinga pair of framesis doneasfollows:

For eachinterestpointin , Wweselectsomecan-
didatecorrespondingpointsin aregion of interestde-
ned in

Then a Zero Normalized Cross Correlationscoreis
computedbetweerinterestpointsneighborhoods.

The pairswith the high-scoresareselectedo provide
alist of correspondingoint pairsbhetweerthetwo im-
ages.

In orderto suiteto a real time application,the step“de-
tectionand matching”hasbeenimplementedusing SIMD
extensionsof modernprocessorsThatprovidesaveryef -
cientsolutionandnot muchtime consumption.

Figurel. An exampleof imagefrom thevideodata.Smallsquares
representetectednterestpoints, and white lines representdis-
tancecoveredby matchedooints.

2.2 Sequencanitialization

We have in mind thatthe motion betweentwo consecu-
tive framesmustbe sufciently largeto computetheepipo-
lar geometry Sowe selectframesrelatively far from each
otherbut that have enoughcommonpoints. For that, the

rst imagenoted is alwaysselectedasa key frame. The
secondmage is selectecasfaraspossiblefrom  in the
video but with atleast matchednterestpointswith
Thenfor , we choosethe frame mostdistantfrom  so
thatthereareatleast matchednterestpointsbetween
and andatleast matchedpointsbetween and
(in our experimentswe choose and ).
Actually, this processensuredo have a sufcient numbe



of pointsin correspondendeetweerframesto calculatethe
movemenif thecameraThecameraoordinatesystemas-
sociatedo is setastheglobalcoordinatesystemandthe
relative posesbetweenthe rst threekey framesis calcu-
latedusingthe 5-pointsalgorithm[10] anda RANSAC [5]

approachMore detailson theinitialization processarede-
velopedin [15]. Then,obseredpointsaretriangulatednto
3D pointsusingthe rst andthethird obsenation. Finally
an optimizationof estimatedposesand 3D points coordi-
natess donewith aLevenbeg-Marquard algorithm(LM).

2.3 Real-time robust poseestimation

Let us supposehat poseof cameras  to corre-
spondingo selectekey-frames to have previously
beencalculatedn the referencereconstructiorframe. We
have alsofounda setof pointswhoseprojectionsarein the
correspondingmages.Thegoalis to calculatecamergpose

correspondindo the lastacquiredframe . For that,we
match (lastacquiredframe)and (last selecteckey
frame)to determinea setof points whoseprojectionson
the cameras areknown andwhose3D co-
ordinateshave beencomputedbefore. From 3D pointsre-
constructedrom and , we use Grunerts pose
estimationalgorithmasdescribedn [6] to computethelo-
cationof camera . A RANSAC procesggivesaninitial
estimateof camera posewhich is thenre ned usinga
fastLM optimizationstagewith only 6 parameterg¢3 for
optical centerpositionand3 for orientation).At this stage,
thecovariancematrix of camera poseis calculatecby the
hessiarinverseandwe areableto draw anellipsoid of con-
dence at90% (seeFigure?). If is the covariancema-
trix of camera pose theellipsoideof con denceis given
by since obeys a

distribution with 3 dof.

2.4. Keyframesselectionand 3D points reconstruc-
tion

As mentionedbefore,not all the framesof theinputare
takeninto accounfor the3D reconstructionbut only asub-
sampleof thevideo. For eachframe,the normalway is to
computethe correspondindocalizationusingthe last two
key frames. We setup a criterion that indicatesif a new
frame mustbe addedas a key frame or not. First, if the
numberof matchedointswith thelastkey frame isnot
sufcient (typically inferiorto a x edlevel
in experiments)we have to introducea new key-frame.We
have alsoto take a new key frameif the the uncertaintyof
thecalculatedbositionis too high (for example,superiorto
the meaninter-distancebetweernwo consecutie key posi-
tions). Olviously, it is not the framefor which criterionis
refusedhatbecomes key framebut the onewhichimme-
diatelyprecedesAfter that,new points(ie. thosewhichare
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Figure2. Top view of a processingeconstructionWe canseethe
trajectory 3D reconstructegointsandtheellipsoid of con®dence
for themostrecentlycalculateccamera.

only obsenedin , and ) arereconstructedising
astandardriangulationmethod.

Figure 3. Top view of a completereconstructiorin a urbanervi-
ronment.Thedistancecoveredis about200meterdongincluding
a half-turn. More than8.0003D points have 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 Levenbeg-Marquard minimization
of thecostfunction where and arerespec-
tively thecameraparametergextrinsic parametersand3D
pointschoserfor thisstage . Theideais to reducghenum-
berof calculatecharameter optimizingonly theextrinsic
parametersf the lastcamerasndtakingaccountof the
2D reprojectionsn the  (with ) lastframes(see
Figure4). Thus, and containsall
the 3D pointsprojectedon cameras . Costfunction is
thesumof points  reprojectionerrorsin the lastframes
to :

where is the squareof Euclidean
distancebetween , estimatedprojection of point
throughthecamera andthemeasuredorrespondingb-
senation. is the projectionmatrix of camera
composedf  extrinsic parametersnd known intrinsic
parameters.

Thus, (numberof optimized camerasat eachstage)
and (numberof imagestakeninto accountin the repro-
jectionfunction) arethe 2 main parameternvolvedin the
optimizationprocess. Their given value canin uence the
resultquality andexecutionspeed.Experimentpermitted
to determinewhat arevaluesfor and thatprovide an
accuratgeconstruction.

It is importantto specify that when the reconstruction
processstarts, we re ne not only the last parametersof
the sequencebut the very whole 3D structure. Thus, for

, we choseto take is themaximum
numberof cameraso thatoptimizationat stage is global
(in our experimentswe choose ). Thatmalkesit
possibleto have reliable initial data, which is signi cant
giventhe recursve aspectof the algorithm, andthat does
not poseary problembecausehe parameterqiumberis
still relatively restrictedat thistime.

Comparisonwith global bundle adjustment:

Becausef 3D pointsindependenceaye cantake advan-
tage[8, 19| of the sparsestructureof the Jacobiammatrix

of the errormeasuresector . So,we have implemented
the sparseminimizationalgorithmasdescribedn [8]. The
systento besolvedfor eachLevenbeg-Marquarditeration
is:

where , , aresub-matrixcomposingHessianma-
trix , , areincrementso be calcu-
latedand , areobtainecby theproductma-
trix . Theresolutionis carriedoutwith 2 stages:
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Figure4.Localbundleadjustmentvhencamera is added.Only
surroundecdpoints and camerasare optimized. Neverthelesswe
take accountof 3D pointsreprojectionsn the lastimages.

1. Calculationof the increment to be applied
to camerady resolutionof thefollowing system:

2. Direct calculationof the increment
pliedto 3D points:

to be ap-

Let and be the numberof camerasand points
optimized in bundle adjustment. Let be the number
(consideredhs constant)of projectingpointsthrougheach
camera.

Once is calculatedtime compleity is proportional
to the number of 2D reprojectiongtaken into
account) the two time computingexpensve stagesof this
resolutionare:

Thematrix product

Theresolutionof cameradinear system(1).

For matrix product , the numberof necessary

operationsanbe givenby rst consideringhe numberof

not-null blocks of It is the samenumberas

i.e. (), numberof reprojectionsn images,because
is block diagonal.Then,in the product

eachnot-null block of is usedoncein the
calculationof eachblock columnof . Thusthe
time compleity of the product is

The time compleity of the traditional resolution of the
linearsystem(1), is [14].

So, thetime compleity of onebundleadjustmenttera-
tionis:



Thus, we canseethatis very interestingto reducethe
numberof parameter¢ and ) involvedin the optimiza-
tion process.For example,the compleity reductioncom-
paredto globalbundleadjustmenbbtainedwith asequence
of  key framesand 2D reprojectionsper imageis
givenin thefollowing table:

[Type [ | | [gain]
global 150 | 20 | 20 1
reducedl | 150 5 | 20| 10
reduced? | 150 3 | 10| 25

Tablel. Compleity gainobtainedwith areducedocal bundlead-
justmentcomparedo globalbundleadjustmentor oneiteration.

In practice,we notethatthe numberof necessarytera-
tionsis quite low; it is dueto the fact that, exceptingthe
lastaddedcameraall the cameraposeshave alreadybeen
optimizedat stage , -

2.6. Method summary

The proposednethodis summarizedsfollow:

1. Selecta triplet of imagesthat becomerst threekey
frames. Setup the global frame, estimatethe relative
poseandtriangulate3D points.

2. For eachnew frame, matchwith last key frame and
estimatethe camergposeanduncertainty Detectif a
new key framehasto beselected!f not, repeat?.

3. If anew key frameis selected add precedenframe
asnew key frame, triangulatenew pointsandmake a
local bundleadjustmentRepeatrom 2.

3. Experimentson real data

We appliedourincrementalocalizationandmappingal-
gorithmto a semi-urbarscene.The goalis to evaluatero-
bustnesdo perturbationsn a complex environmentandac-
curag comparedo groundtruth provided by a Real Time
KinematicsDifferential GPS.Thecameravassettledonan
experimentalehiclewhosevelocity is about . The
covereddistanceas about andthevideosequence
is long (Imagesizeis at ).
More than 3D pointshave beenreconstructea@nd
imagesselectedaskey framesfrom a seriesof . This
sequencés particularlyinterestingbecaus®f imagescon-
tain (peoplewalkingin front of thecamerasunshineetc...)
thatdoesnot favors the reconstructiorprocess.Moreover,
the ernvironmentis moreappropriateo a GPSlocalization
becausehe satellitesin the sky are not occultedby high
buildings. It is alsointerestingbecausef thetrajectory:a
turnontheright, two turnsontheleft andastraightline.

Figure5. 2 framesfrom real dataexperiments.We canseesome
pedestrians

3.1 Processingrime

In our experimentswe useda standard.inux PC (Pen-
tium 4 at 2.8 GHz, 1Go of RAM memoryat 800 MHZ).
Imageprocessingime throughthe sequencés reportedin
Figure6. Time measuredhcludesfeaturedetection
Harrispointsperframe),matching,andposecalculationfor
all frames. For key frames,treatmenttime is longer (see
Figure 6) becauseof points 3D reconstructionand local
bundle adjustment.In this case,we took (number
of optimizedcameragposesynd (numberof cam-
erasusedfor reprojectioncriterion minimization). We can
notethatspeedesultsarevery interestingwith anaverage
of for normalframesand for key frames(letus
noticethattime betweertwo framesis at ).
Resultsarereportedn table?2.

| Frames | Max Time | MeanTime | Total ]
Non-key frames 0.14 0.09 30.69
Key frames 0.43 0.28 26.29

Table2. Results.Computatiortimesaregivenin

3.2 Ground truth comparison

The calculatedtrajectory obtainedwith our algorithm
was comparedo datagivenby a GPSsensor It is a Real
Time KinematicsDifferentialGPSwhoseprecisionis about
theinchin thehorizontalplane.For thecomparisonye ap-
plied arigid transformation(rotation,translationandscale
factor)to the trajectoryasdescribedn [3] to t with GPS
referencedata. Figure 8 shaws trajectoryregistrationwith
GPSreference. As GPS positionsare given in a metric
framewe cancomparecamerdocationsandmeasureosi-
tioning errorin meters.For camerakey pose , 3D position
erroris:

and2D positionerrorin horizontalplaneis:

where , , areestimatedcoordinatesor camerapose
and , , are correspondingsPScoordi-
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Figure 7. Top view of the reconstructedsceneand trajectory (#

4.000pointsand94 key positions).

nates. Figure 9 shows 2D/3D error variationsthroughthe
frames. The maximummeasurecerror is

with a 3D meanerror of
errorof lessthan
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3.3 Parameterizing the local bundle adjustment

In ourincrementamethod)ocal bundleadjustmenton-
sistsin optimizingthe endof thereconstructioronly, soas
to avoid uselessalculationandvery long computingtime.

100



As mentionedbefore,optimizationis appliedto the last
estimateccamergposestaking accountof pointsreprojec-
tionsin alargernumber of camerasSo,wetestedseveral
valuesfor and asreportedn table3, 4 and5. Notethat
we musthave to x thereconstructiorframe
and the scalefactor at the sequenceend. First, we com-
paredresultsto GPStrajectoryasexplainedpreviously, and
to a trajectorycomputedwith a global bundle adjustment.
We also measuredneantime processingor local bundle
adjustmentn functionof . In practice,it doesnot vary
muchwith

Comparisonwith GPS

n N n n+l 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 ) comparedo GPSfor
the incrementaimethodwith 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 ) comparedo global

bundleadjustmenfor different and

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

Table5. Meanlocal bundleadjustmentomputatiortimesin func-
tionof formary (in ).

For or , it happenedhatthereconstruction
wasnhotcompletedbecaus®f theprocesdailurebeforethe
endof thesequenceThatprovesthatthefactof introducing
anumber is veryimportantin arealervironment
andbring robustnesandaccurag to the estimation.More-
over, with Figure 10, one cannote that very mary points
aretracked over morethan3 views. If and quite
larger, we have very accurateresults;the problemis then
time consumptionIn our experimentswe oftenuse
or and (valuesin bold-facedin tables3 and
4).

Figure10. Pointsdistribution with tracklength.

3.4.Visualcomparisonwith averylongurban scene

Experimentdave beencarriedoutin atown-center(see
Figure 12) with a camerax edon a car  The vehicleran
aboutone kilometer and the video is about long.
With Figurel1, onecanvisually ensurethatreconstruction
is notmuchdeformedanddrift is very low comparedo the
covereddistance. That shavs that our algorithm, very ap-
propriateto long scenereconstructiorin termof computing
time is alsoquite preciseandrobust. The estimatedmean
3D positionerrorcomparedo global bundleadjustments

3.5. Conclusion

We presentedh nice applicationof SFM techniquedo
localizationand mapping,for a moving car  The method
is very fastandaccuratethanksto the proposedocal bun-
dle adjustmentechnique. The modelis built in real-time
with 3D pointsreconstructedrom interestpointsextracted
in imagesand matchedthroughthe monocularvideo se-
guence. We can ervisageto extend the methodto more
complex 3D primitivessuchasplaneslines,or curves.We
think thattheapproacttanbeadaptedo mary applications
in roboticsto guide mobile robots,or in augmentedeality
applications.
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