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Abstract

We proposeanef�cient real-timesolutionfor trackingrigid objectsin 3D usinga singlecamerathatcanhandle
large cameradisplacements,drasticaspectchanges,andpartial occlusions.While commercialproductsarealready
available for of�ine cameraregistration, robust online tracking remainsan open issuebecausemany real-time
algorithmsdescribedin the literaturestill lack robustnessandareproneto drift and jitter.

To addresstheseproblems,we have formulatedthe trackingproblemin termsof local bundleadjustmentand
have developeda methodfor establishingimage correspondencesthat can equally well handleshort and wide-
baselinematching.We thencanmergethe informationfrom precedingframeswith thatprovidedby a very limited
numberof keyframescreatedduringa trainingstage,which resultsin a real-timetracker thatdoesnot jitter or drift
andcandealwith signi�cant aspectchanges.

Index Terms

Computervision, Real-timesystems,Tracking.

I . INTRODUCTION

In this paperwe proposean ef®cient real-timesolution to single-camera3D tracking that can handle
large cameradisplacements,extremeaspectchangesand partial occlusions.While commercialproducts
arealreadyavailablefor of�ine cameraregistration,robustonlinetrackingremainsanopenissuebecauseit
mustbe fastandreliable.Many of thereal-timealgorithmsdescribedin the literaturestill lack robustness,
tendto drift, canlosea partially occludedtargetobject,andareproneto jitter thatmakesthemunsuitable
for applicationssuchasAugmentedReality.

To overcometheseproblems,we have developed an algorithm that merges the information from
precedingframesin traditionalrecursive fashionwith thatprovidedby a very limited numberof reference
images,or keyframes. This combinationresultsin a systemthat doesnot suffer from any of the above
dif®culties and can deal with aspectchangesand occlusions.In essence,we combinethe strengthsof
methodsthatrely onabsoluteinformation,suchaskeyframes,with thosebasedonchainedtransformations.
The formerdo not drift but cannotprovide enoughprecisionfor every framewithout a very large amount
of absoluteinformation, which resultsin jitter. The latter do not jitter but tend to drift or even to lose
track altogether.

To this end,we have formulatedthe trackingproblemasoneof local bundleadjustmentin sucha way
that it can be solved very quickly. For a particularframe, the input dataare correspondencescomputed
usinga fast techniquethat canhandleboth shortandwide-baselinematchingand,thus,candealequally
well with precedingframes,seenfrom relatively similar viewpoints,andkeyframeswhoseviewpoint may
bequitedifferent.Our tracker startswith a smalluser-suppliedsetof keyframes.Thesystemthenchooses
the most appropriateone using an aspect-basedmethodand, if necessary, can automaticallyintroduce
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Fig. 1. First row: Video sequencewith overlaid 3D modelwhoseposehasbeencomputedonline usingeight keyframes.Secondrow: We
track a faceusing a genericmodel that hasnot beentailored for this speci®cman using one keyframe. Third row: The samemethodis
usedto track a 1000 framesvideo sequenceof a corridor. We usedfour keyframes.The correspondingvideo sequencesare submittedas
supplementarymaterial.

new onesas it runs. It requiresa 3D model of the target object or objects,which, in practice,is not an
issuesincesuchmodelsare alsonecessaryfor many of the actualapplicationsthat require3D tracking.
Furthermore,suchmodelscan be createdusing either automatedtechniquesor commerciallyavailable
products.Unlike previous techniquesthat limit the rangeof objectshapesthatcanbehandled,we impose
no suchconstraintand considerany object that can be representedby a 3D mesh,suchas thoseshown
in Fig. 1.

I I . RELATED WORK

Of�ine cameraregistrationfrom an imagesequence[1], [2] hasprogressedto the point wherecom-
mercial solutionshave becomeavailable. By matchingnatural featuressuchas interestpoints between
imagesthesealgorithmsachieve high accuracy even without a priori knowledge.Speedandcausalitynot
being critical issues,thesealgorithmstake advantageof time-consumingbut effective batch techniques
suchasglobal bundleadjustment.

By contrast,real-time registrationmethodstend to be less reliable since they can not rely on batch
computations.Thosethatwork without a priori knowledgeimposeconstraintsthatarenot alwayspractical
in complex environments:For example,[3] assumesthat thereareno correspondenceserrors,and[4] that
thecameracenteris moving in sucha way thatonecancheckif the correspondencesrespecttheepipolar
constraint.The methodpresentedin [5] usesrobust posedetectionto track featureswhen there is a
planein the sceneusing chainedhomographictransformations,which may result in drift. Similarly, [6]
tracksnatural featuresand treatsas outliers all the regions and points that do not have the sameplanar
rigid motion. More recently, a methodthat relieson the ®ve-pointalgorithm [7] combinedwith bundle-
adjustmentover the last few frameshasbeenshown to yeld good resultsif one is willing to toleratea
short delay in processing[8]. However, most of the methodsof this naturederive the cameraposition
by concatenatingtransformationsbetweenadjacentframes.Over short sequences,the tracking may be
accurateand jitter-free but, over long ones,thesemethodsoften suffer from error accumulation,which
producesdrift, andcannotdealwith severeaspectchanges.
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(a) (b) (c)

Fig. 2. Modelsandkeyframes.(a) Referenceviews areacquired,registeredandusedto build the models.(b,c) Modelsusedto track the
projectorand the corridor of Fig. 1.

Model-basedapproaches,suchasthoseproposedin [9], [10], [11], avoid drift by ®nding cameraposes
that correctlyre-projectssome®xed featuresof a given 3D model into the 2D image.Thesefeaturescan
be edges,line segments,or points.The best®t is found throughleast-squaresminimization of an error
function, which may lead to spuriousresultswhen the procedurebecomestrappedin erroneouslocal
minima. As a result, suchapproacheswill track objectswith acceptableaccuracy for a while, but their
behavior can becomeerratic when aspectchangesoccur, or simply when target object featuresbecome
very closeto eachotherin projection.Using optical �o w in additionto edge-informationhasbeenshown
to help [12] but is sensitive to illumination effects.Similarly, texture-basedapproaches[13], [14], [15],
which rely on global featuressuchasthewholepatternof a face,do not drift but aretypically lessreliable
than feature-basedmethods.They caneasily fail wheneven a small part of the object movesout of the
sceneor when therea strongillumination changeoccurs.

Usingsomeform of absoluteinformationis oneway to eliminatethefailuremodesdescribedabove.For
example,in [16], a very limited numberof pointsareusedfor templatematchingagainstkeyframesand
the systemkeepstrack of disappearingandappearingpoints.Similarly, in [17], two referenceframesare
usedfor tracking the whole sequence.Both approachesrequiresmoothingby meansof Kalman®ltering
for jitter correctionandexploit only two of�ine keyframes,without providing obvious waysto usemore
if they areavailable.

The approachpresentedin [18] solvessomeof the problemsby combiningabsoluteinformation from
3D edgeswith featurepoint trackingby enforcingtheepipolarconstraintover pairsof successive frames.
Drawbacksof this methodare that the cameracentermust translateand that the fundamentalmatrix
computationfor pairs of closeframescan be unstable.This paperdescribesa methodthat hasno such
limitations andextendsan earlierpublication[19].

I I I . TRACKING AS MODEL BASED BUNDLE ADJUSTMENT

As discussedabove,both therecursive andabsoluteinformationbased-approachesto real-timetracking
have advantagesanddrawbacks.Our contribution is to combinetheir strengthsto eliminatebothdrift and
jitter. To this end,we formulatetracking in termsof a bundle-adjustmentproblemandshow how it can
be madeto run in real-timewithout giving up accuracy.

In this section,we ®rst show how we exploit 2D correspondencesbetweenincoming imagesand
keyframesto computea roughregistration.We thenre®neour approachby also taking into accountthe
information provided by neighboringframes.The strategy we useto establishthe correspondenceswill
be discussedin the following section.In the remainderof this section,we will assumethat the internal
cameraparametersare known and ®xed. In SectionV, we will show that, in practice,rough estimates
suf®ce becausethe algorithmis relatively insensitive to changesin focal length.

A. Matching Againsta Key Frame

Let us assumethat during a training phase,someimagesof the target object have beencapturedand
registeredusing convential techniquesbasedon 2D-3D correspondences,as will be discussedin more
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detail in SectionIII-D. We usea standardcornerdetector[20] to extract 2D featurepointsandcompute
their 3D positionsby back-projectingthem onto the object model. We will refer to theseimagesand
associatedposeparametersaskeyframes.

Thesekeyframescould serve to registeran incomingimageat time t usinga simpleapproach:Let the
mi

t be the2D featurepointsthecornerdetectorextractsfrom it. By matchingthemagainstthosefound in
keyframer andwhose3D positionis known, we establish2D-3D correspondences,that is we associateto
mi

t the 3D point M v(i )
r , wherev(i ) is an index in the setof keyframepoints.The matchingis performed

using the correlation-basedtechniquedescribedin SectionIV. The simplestway to estimatethe camera
positionwould thenbe to minimize the reprojectionerror

r t =
kX

i =1

� T UK

� 




 mi

t � �
�
Pt ; M v(i )

r

� 
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�

; (1)

with respectto the orientationandtranslationparametersthat de®nePt , the poseat time t, where
� � (P; M ) denotesthe projectionof 3D point M given the poseP;
� � T UK is the Tukey M-estimatorusedfor reducingthe in�uence of wrong matches[21].

However, in practice,thiswould resultin jitter becausethesuccessivecamerapositionswouldberecovered
independentlyfor eachframe. As discussedbelow, we avoid this by also consideringcorrespondences
with neighboringframes.

B. Taking NeighboringFramesInto Account

We canalsoestablishcorrespondencesbetweenfeaturepointsfoundin thecurrentframeandin theones
precedingit. We usethe techniqueof SectionIV to extract andmatchthesepointsat eachiteration.Let
theni

t be2D coordinatesof point i in framet andlet N i be thecorresponding,unknown, 3D coordinates.
We could incorporatethis additionalinformationby minimizing

tX
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wherer j is de®nedin Eq. 1, with respectto P1 : : : Pt thecameraposesup to time t, andto the 3D points
N i , where� i is thesetof frameswherethe i -th featureappears.In practice,to limit the requiredamount
of computation,we restrict ourselves to the current and previous frames.The problem then becomes
minimizing

min
Pt ;Pt � 1 ;N i
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wherethe interestpoint ni
t detectedin the currentframe is matchedwith the point nw(i )

t � 1 detectedin the
previous frame.

C. TransferFunction

Theformulationoutlinedabove would still resultin a computationallyintensive algorithmif we treated
the 3D coordinatesof the N i as optimizationvariable.However, as shown in [22], we can exploit the
fact that the N i areon the surfaceof the 3–D model to eliminatethosecoordinatesfrom the si

t termsof
Eq. 4 and, thereby, drasticallyreducethe numberof unknowns by possiblyseveral hundreds,threeper
point. Only 12 unknowns,six for the poseat time t � 1, six for the poseat time t, needto be optimized.
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Fig. 3. The transferfunction 	 backprojectsn i
t in frame t to the model's surfaceat N i andreprojectsN i into framet � 1 .

First, note that the optimizationof Eq. 3 canbe rewritten as

min
Pt ; Pt � 1

 

r t + r t � 1 + min
N i

X

i

si
t

!

(5)

sincer t andr t � 1 areindependentof the tracked pointsN i . Insteadof estimatingthe N i , the si
t termscan

be approximatedusing a transferfunction that involves only the point projections.As shown in Fig. 3,
given a point n in the ®rst frame and the posesP and P0 of the two frames,sucha transferfunction
	( n; P; P0) returnsthe point n0 such that there is a 3D point N belongingto the model surface that
satis®esn = � (P; N ) andn0 = � (P0; N ). si

t canthenbe approximatedas
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This formulation,however, is not symmetricbecausethecurrentandprevious framesplay differentroles.
To make it symmetric,we take si

t to be
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This is a simpli®ed version of the formulation presentedin [22], which results in a straightforward
implementationthat is well adaptedto our real-timeconstraints.

In theory, computingthe transferfunction 	 can be expensive. In practice,at the start of eachopti-
mization,we usethe poseestimatedfor the previous frameto quickly estimateto which faceta 2D point
backprojectsand take 	 to be the homographyinducedby that facet.To further speedup this process,
we usea “Facet-ID” imagecreatedby encodingthe index i of eachfacetof the target object's modelas
a uniquecolor andusingOpenGLto renderthe model into the imageplane.Given a 2D point which is
the projectionof a 3D point of the model, the mentionedmethodallows us to ef®ciently ®nd the facet
this point belongsto.

D. Keyframes

At eachtime stept, thesystemselectsa keyframeto evaluatether t � 1 andr t termsof Eq. 5. Keyframes
are thereforecentralto our approachsincethey provide the absoluteinformation that makesour system
robust.Here,we ®rst brie�y explain how they arebuilt during training.We thendescribehow we switch
from oneto anotherat runtimeandcreatenew onesasneeded.

During training, the user is asked to choosea set of imagesrepresentingthe target object from one
viewpoint, as in the caseof the faceof Fig. 1, or more,as in the caseof the projectoror the corridor of
Fig. 1. Given this set,we usesoftware packagessuchas thosesold by RealViztm or 2D3tm to compute
the P poseparametersof SectionIII-A for eachkeyframe.Becausethey canrely on batchcomputation,
their resultscan be expectedto be reliable. For example, ImageModelerfrom Realviz can be usedto
estimatethe poseparameterswhile interactively build the 3D model. In practice, this task takes few
hours,dependingof the object complexity. If the 3D model is known, calibrating few keyframesis a
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Fig. 4. Pixels aroundinterestpoints are transferredfrom the keyframe (left) to the re-renderedimage(right) usinga homography, which
canbe locally approximatedby an af®ne transformation.

matterof minutes.As discussedabove, our systemthen detectsinterestpoints,back-projectsthosethat
lie on the objectsurface,andstoresthe resultsin a database,thuscompletingits training.

Choosingthe right keyframe to usewhen minimizing the criterion of Eq. 5 is an important task on
which the quality of the matchingdepends.The keyframe's aspectmust be as closeas possibleto that
of the current frame.Sincethe cameraposition for the current frame is not yet known, we choosethe
keyframeclosestto the camerapositionandorientationestimatedfor the previous frame,accordingto a
Mahalanobisdistancethat takes into accountboth the positionandorientationof the camera.

When the current cameraposition gets too far from any known keyframe, the numberof matches
may get too low to provide a satisfactory registration.To avoid restrictingthe rangeof possiblecamera
motions,new online keyframesareautomaticallycreatedat runtimewhenthe posebecomestoo different
from thosestoredin the database.Whenthe numberof inlier matchesdropsbelow a threshold,an online
keyframeis generatedfrom a previous framefor which theestimatedviewpoint is morereliable.For such
online keyframes,the viewpoint accuracy can not be expectedto be as accurateas the onesfor of�ine
keyframes,and thereforecan result in a slight lossof trackingaccuracy. Nevertheless,this problemwill
disappearwhenthe cameracomescloseagainto an of�ine keyframe.

IV. SHORT AND WIDE BASELINE REAL-TIME MATCHING

Our algorithm relies on matching2D featurepoints acrosspairs of imagesthat may or may not be
consecutive.Whenmatchingpointsbetweenconsecutive frames,the two viewpointsarefairly similar and
we usea simple matchingstrategy: Eachpoint in the ®rst imageis matchedto the point in the second
imagethat maximizesa normalizedcross-correlationscoreamongthosein its imageneighborhood.This
processis repeatedby reversingtherolesof thetwo imagesandwe keepthepoint pairswhich arematched
to eachother. Normalizedcross-correlationis only invariantto illumination changeswhenthe materialis
Lambertian.We can neverthelesshandleobjectswith specularitiesas long as they are local andwe can
correctlymatchenoughfeaturepointselsewhere.This is for examplethe casefor the humanfaceof Fig.
1.

When matchingan input imageagainstthe keyframe one, the viewpoints the two pictureshave been
taken may be considerablydifferent. In order to perform wide baselinematchingin real time we must
extend our matchingstrategy. Therefore,we synthesizean intermediateimage as depictedby Fig. 4 by
skewing the pixel patchesaroundeachinterestpoint from the keyframeviewpoint to the previous frame
viewpoint, having an aspectthat is always close to the current image. By locally approximatingthe
object surface aroundthe interestpoints by a plane,eachpatch in the keyframe can be relatedto the
correspondingimagepoints in the re-renderedimageby a homography. Given the plane� associatedto
a patcharoundinterestpoint m0 and representedby its normal �!n and its distanceto the origin d, the
homographyH it inducescanbe expressedsimply [23].

Let P = A[R j T] be the projectionmatrix of the input viewpoint, whereA representsthe intrinsic
parameters,R the rotationandT the translation.Similarly, let PK = AK [RK j TK ] the projectionmatrix
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Interestpoint extraction 8 ms
Matching (KF+previous Frame) 15 ms

Robust viewpoint estimation 7 ms
Local Adjustment 10 ms

Fig. 5. Computationtimeson a PentiumIV, 2.6GHzfor our tracker, for 500 extractedinterestpoints,on 320� 240 images.

for the keyframe.H canthenbe written as

H = AK

�
� R � � Tn0T =d0

�
A � 1 ; (8)

with
� R = RRT

K ; � T = � RRT
K TK + T ; �!n 0 = RK

�!n ; d0 = d � TT
K (RK

�!n ): (9)

Thematrix H transfersthepixelsm aroundm0 to thepixelsm0 in there-renderedimagesothatm0 = H m.
To save computationtime, this transformationcanbeapproximatedaroundm0 by anaf®netransformation,
obtainedby the ®rst orderapproximation

m0 = H m0 + JH (m0) � (m � m0) (10)

whereJH is the Jacobianof the function inducedby H .

V. RESULTS

In this section,we presentseveral examplesthat highlight our tracker's ability to handlea wide range
of situationsandobjects,suchas the onesshown in Fig. 1.

Fig. 5 shows the computationtimes requiredto perform key operationson a 2.6 GHz PIV. They are
small enoughfor our tracker to run at 25 frames/secondon 320 x 240 images.The frame-ratefalls to
15 frames/secondon 640 x 480 imagesbecausethe interestpoints extraction is heavier. The tracker is
initialized by manuallyputting the target object in a positionthat is closeto the oneof the keyframes.It
doesnot needto be very accurate,becausethe tracker startsassoonasthereareenoughmatchedpoints
betweenkeyframeand incoming image.

The tracker is robust to:
Aspectchanges:In theexampleof Fig. 1, eightkeyframesallow our tracker to handlethedrasticaspect

changesof the projector. Similarly, only four keyframeswere requiredto track the cameratrajectoryin
the corridor.

Model inaccuracies: The facemodel usedto track the faceof Fig. 1 was a genericfacemodel that
was not tailored for a particularperson,which doesnot affect the tracking quality. Similarly, thereis a
small error in the 3D projectormodelof Fig. 2(b): The positionof oneof the two cylinderson the front
faceis inaccurate,which doesnot result in any obvious ill effects.

Occlusions:In thevideoof Fig. 6(a)theobjectgoesout of thesceneuntil only a smallpartof it remains
visible. Thenit comesbackbut a handhidesa large portion of it. Becausethe algorithmconsiderslocal
features,thetrackingis not disruptedby partialocclusionsaslong asenoughfeaturepointsremainvisible.

Focal length changes:Fig. 6(b) shows a sequencein which the focal length increasesfrom 12 to 36
mm. The tracker usesa ®xed valuefor the focal lengthandcompensatesby adjustingits estimateof the
object's distance.

Scalechanges:Fig. 6(c) shows someframesfrom a sequencewherethe tracked object is undergoing
large scalechangeswith no tracking failure. As discussedin SectionIII-D, the tracker automatically
createsnew online keyframeswhenthe scalechangestoo much.

Illumination changes:Fig. 6(d) showsasequencein which thelighting decreases.Thetrackingremains
stableeven thoughthe objectendsup beingbarelyvisible.
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(a)

(b)

(c)

(d)

Fig. 6. Handlingdif®cult situations.(a) Occlusionsandobject moving out of the picture.(b) Changesin focal length. (c) Large changes
in scale.(d) Changesin illumination.

The algorithm hasbeensuccessfullydemonstratedat the CVPR 2003 and ISMAR 2003 conferences
in Madison,WI andTokyo whereit wasusedto track the facesof many peopleandaddvirtual glasses
andmustaches.The correspondingvideosareavailableat

http://cvlab.ep�.ch/research/augm/augmented.html.
As many trackingalgorithms,our tracker canbreakdown in someconditions,suchaswhenthe image

getsblurred or the quality is not suf®cient for the featuredetection.A more speci®cproblemappears
whenonlinekeyframesprovide erroneousinformation,which canhappenwhenthetargetobjectis mostly
occluded.In suchcases,the systemmay createa keyframe that also capturesthe occludingobject and
corruptsthe result.

VI. QUANTITATIVE EVALUATION

To evaluatethe accuracy of our tracker, we performedthe testsdepictedby Fig. 7: The top andbottom
rows depict the recoveredevolution of the threecoordinatesof the cameracenterin the ®rst 400 frames
of the projector sequenceof Fig. 1 and of the tea box sequenceof Fig. 8. For comparisonpurposes,
we also tracked the objectsin thosesequencesusing the RealViztm MatchMover package.It usesbatch
techniquesthat yield very accurateresultsandallows manualintervention,which we have usedto ensure
correctness.We cantreatits outputasthe groundtruth. Furthermore,the commercialpackagewasrun on
full size images,whereasour tracker usedreduced-sizeimagesto satisfy the real-timerequirements.As
shown in Fig. 7, the trajectoryestimatedby the batchtechniquesand the one estimatedby our method
remaincloseto eachother. Themediandistancedifferenceis about1.5 cm for theteabox sequencewhile
the cameradistanceto the object is about50 cm. For the projectorsequence,the mediandifferenceis
approximately4 cm.
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Fig. 7. Comparingagainstgroundtruth. In eachplot, the thick line representsthe true valuesof oneof the threecoordinatesof the camera
centerwhile the dottedline depictsthoserecoveredby our algorithmfor the ®rst 400 framesof the sequences.Top row: Projectorsequence
of Fig. 1. Bottom row: Teabox sequenceof Fig. 8.

0 50 100 150 200 250 300 350 400

Fig. 8. A 400-framesequenceobtainedby trackinga teaboxandusedfor the quantitative evaluationof SectionVI.

To demonstratethat this good performanceis indeedthe result of combiningof�ine andonline infor-
mation, and not of either approachalone,we usedour genericfeaturematchingapproachto track the
projectorin the sequenceof Fig. 1 in threedifferentways:

� Matchingonly againstthe previous frame.
� Matchingonly againstthe keyframe.
� Matchingagainstboth.

As before,the plots of Fig. 9 show the evolution of oneof the cameracentercoordinateswith respectto
the frameindex. The ®rst plot demonstratesthat the “of�ine keyframesonly” methodsuffers from jitter.
The secondplot depictsthe recursive method,whereerror accumulationcorruptsthe tracking.The third
plot representsthe resultof merging the two approaches,asproposedin this paper.

VII . CONCLUSION AND FUTURE WORK

In this paperwe presenteda robust and jitter-free tracker that combinesnaturalfeaturematchingand
the useof keyframesto handleany kind of cameradisplacementusing real-timetechniques.We usethe
model information to track every aspectof the target object, and to keep following it even when it is
occludedor only partially visible, or when the cameraturns aroundit. A set of referencekeyframesis
createdoff-line and, if there are too few of them, new framescan be automaticallyaddedonline. We
exploit of�ine and online information to prevent the typical jittering and drift problems.The matching
algorithm is designedto matchframeshaving very different aspectsand in the presenceof rotationsof
up to 60 degrees.We select,at eachtime step,the most appropriatekeyframe and we exploit hardware
acceleratedfunctionsto implementmany critical parts.We can useour tracker for textured objectsfor
which a modelexists. This could be further improved by integratingthe contourinformation in order to
increasethe precisionand to handlea larger classof objects.
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Fig. 9. Comparingthreedifferentapproaches.In eachgraph,we plot oneof the cameracenter's coordinatesrecoveredusingthe different
methodsagainstthe groundtruth depictedby the individual dots. (a) Keyframe-basedtracking.(b) Recursive tracking.(c) Our methodthat
eliminatesboth the jitter visible in (a) and the drift visible in (b).

Futurework will focus on estimatingthe cameraposition from a single image in order to initialize
the tracker and to recover when it fails. Recentadvancesin textured 3D object recognition[24] should
make this possiblewith goodaccuracy andreasonablespeed.In [25], we investigateda preliminary, but
promising,approachto automatedinitialization. During a training phase,we constructfor eachkeyframe
a databaseof appearancesof thekeypointsasthey would beseenundermany differentviews. At runtime,
given a new imageof the target object,the cameracanthenbe registeredonline by matchingthe feature
points presentin the image againstthe database.This initialization method,as the tracking approach
presentedhere,relies on natural featurepoints matchingand hasthe samedesirablepropertiessuchas
accuracy androbustnessto partial occlusions,lighting changesandclutteredbackground.Neverthelessit
is still slow for interactive applications.Our goal will thereforebe to shift someof the computational
burdenfrom runtimematchingto precomputedtraining.
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