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Tracking a camera,accuratelyrecovering its 3D trajectoryasiit
movesthrougha scenepermitsaugmentatiomf theobtainedvideo
with rigidly-registeredgraphics.Computervision solutionswhich
achieve thisdirectly by processinghecameras outputaloneareap-
pealingbecausehey requireno additionalinfrastructureand also
capturerelevant geometricalinformation aboutthe ervironment,
but successfublgorithmspublishedto datehave all relied on off-
line processingWe presenthe rst resultsdemonstratingeal-time
vision-only single cameratrackingin previously unknavn scenes
with quality suitablefor stableon-linesceneaugmentationCamera
motionandsceneeco/ery areimmediateandon-the- y with 30Hz
processingnastandardPentiumPC.Ourmethodusesasequential
Simultaneoud. ocalisationand Mappingapproactto the propaga-
tion of motion and structureestimationuncertainty togetherwith
ef cient actve measuremerdf sceneeaturesWe believe thatthis
technologywill openupawide varietyof interactve applicationsn
graphicswearablelevices,robotics,inspectiorandentertainment.

CR Categories: 1.4.8 [SceneAnalysis]: ImageProcessingand
ComputerVision—Tracking

Keywords: Real-timevision, cameratracking, Simultaneous.o-
calisationandMapping(SLAM)

Recentadwancesin computervision have led to its increasingly
widespreadisefor off-line processinguchaspost-productionbut
therehasbeenconspicuouslhglower progressn thereal-timealgo-
rithms necessaryor the adoptionof vision in interactve applica-
tions. The mostapparentreasonfor this, that current CPU per
formanceis insufcient for frame-rateimplementationof vision
algorithms,would lead oneto believe that real-timeversionswill
straightforvardly appeamsstandargrocessingpeedsontinueto
increase However this oversimpli es the situation;in factconsid-
erationof the constraintgpresentedy real-time operationandin
particularthe situationsin which real-timealgorithmswill be use-
ful revealsthatspecialisedechniquesrerequired.

In this paperwe areconcernedvith cameraself-tracking,or lo-
calisation—thegoalis to calculateacameras ego-motionusingas
inputonly thesequencef imagesbtainedy thecameratself asit
movesthroughanernvironmentwhichis notknown in advance.Un-
derthebannerStructurefrom Motion” (SFM), previoussuccessful
camerarackingalgorithms,(e.g. [FitzgibbonandZissermarl998;
Pollefeys et al. 1998]) andcommercialproducts(e.g. [2d3 2004])
have beenfundamentallyoff-line in nature,analysinga complete
imagesequencéo produceareconstructiof thecamerarajectory
andscenestructureobsered. Thesealgorithmswork by extracting
hundredsof salientfeaturesfrom eachimage, matchingthembe-
tweentemporallycloseframeson the assumptiorthat eachcorre-

sponddo a staticsceneentity, andthensolving for frame-to-frame
motion and structureestimatesvhich arere ned in a global opti-
misationover the whole sequence.Strengthsare auto-calibration
of thecameras optical propertiesandthat zeroprior knowledgeof
scenegeometryis required. As suchthesemethodsare perfectly
suitedto the automaticanalysisof shortimagesequencesbtained
from arbitrary sources— movie shots,consumervideo or even
decades-ol@rchive footage.

Thesituationsn whichreal-timecamerarackingwould be use-
ful are quite different. Real-timealgorithmsare necessarpnly if
they areto be usedaspart of a loop involving othercomponents
in the dynamicworld — a robot that must calculateits next mo-
tion step,a humanthatneedsvisualfeedbackon his actionsor an-
othercomputationaprocesswhich is waiting for input. The cam-
erain questionwill beathand,andpre-calibratioris aminorissue.
Further real-timecamerarackingscenariowill ofteninvolve ex-
tendedandrepetitive motionswithin arestrictedervironment.Re-
peatablelocalisationjn whichgradualdrift from groundtruthdoes
not occur will be essential.Ratherthanthe SFM methodologyof
bottom-upmatchingof consectutie imageswe needto constructa
persistentmapof scendandmarkso bereferencednde nitely.

Thecomputationatonstraint®n areal-timealgorithmarestrict:
in the normal casein which a cameraproducesmagesata x ed
rate, whatever type of CPU is available thereis a constantupper
boundontheprocessingperationsvailableto analyseeachframe.
Speci cally, the processingequirement®f thealgorithmmustnot
dependn thelengthof time the camerahasalreadyspentmoving,
andthisdemands state-basedsnap-shotepresentationf the sta-
tusof the systemto be propagatedhroughtime [Davison2003a].

Informed by theseconsiderationsin this paperwe develop a
real-timealgorithmfor repeatabléocalisationand mappingwhich
takesa differentapproactfrom recentstructurefrom motionwork
andis inspiredmoreby early researchin computervision whenit
wasoriginally conceved asatool in autonomousobotics,aswell
asongoingresearchin mobile roboticsusing non-visualsensors.
We take in particularideasfrom active vision andsettheminto a
modernBayesiarninferencesetting.

We presentan algorithmfor real-timecameratrackingand scene
mappingwhich runsat 30Hz on standardPC hardware. We build
on theframework of Davison et al.[Davison2003b;Davisonetal.
2003] who presentedh preliminary real-time cameratracking al-
gorithmandits applicationto wearablecameraocalisationwithin
a desk-topworkspace. We improve signi cantly on their results
in termsof rangeand durationof operation,accurag of tracking
andremoval of jitter to the point wherearbitratily long periodsof
rendering-qualityaugmentedeality can be achieved with largely
unrestricteccameramovementwithin asmallroom. The strengths
of ourapproachareasfollows:



1. Immediate operation with no set-up phase Thetracleris
initialised by pointing the cameraat a known tamget (as sim-
ple asa sheetof paper),andsubsequentperationis fully au-
tomaticaslandmarksin partsof the scenewhich comeinto
view are mappedand cameramotion estimated. Graphical
augmentationsanbe addedmmediatelyandinteractively to
thelive videoobtainedasthe cameracontinueso move.

2. 30Hz tracking with commodity hardware. The system
comprisesa standardPentiumPC and IEEE1394“Firewire”
webcamwith no externalinfrastructureandthe only calibra-
tion requiredis of the cameras optical characteristics Ef -
cientactiveimageprocessingneanghatsufcient processing
resourcesare available for graphicalrenderingon the same
PC.

3. 3D visual scenereconstruction A 3D “map” of visualland-
marksis acquiredwhich generallycorrespondo the objects
of interestandimportantgeometryof the scene. Thesepro-
vide naturalanchorpointsfor graphicalaugmentation.

4. Drift-fr eetracking. Repeatableperationis possibleover
long periodsof motionthanksto the persistentandmarkmap
created.

5. Robust operation. High cameraaccelerationgndarbitrary
rotationscan be tracked via probabilistic motion modelling
and featurematching,and temporarycameraocclusionsare
routinely survived.

6. Camera options. The core of the algorithm doesnot put
ary constraintson the characteristicof the cameraas long
asit canbe metrically calibrated,andin the currentwork we
have useda wide-anglelens which exhibits signi cant non-
perspectie distortion.

Our algorithmturns a computefconnecteccamerainto a e xible
real-timepositionsensorvith awide rangeof potentialapplications
in thefollowing categories:

Assistive wearable devices Personalpositioningwill be an

important capability for wearablecomputersassistingtheir

usersin rescue,maintenanceor other tasks. Vision based
localisationusing wearablecamerasjmmediatelyappealing
dueto low costandwide potential, providesthe bene ts of

accessinghe samedataasthe wearers own eyesandallows

thecomputeror aremotecollaboratotto annotate¢heerviron-

menttheweareris working in.

Robotics Rohust real-time localisationand mappingusing
commodityhardwareopenshedooratlastto consumegrade
domesticrobotsto performtasksmore advancedthanwall-

bouncingvacuumcleaningor lawnmowing.

User Interface Head or pointing-deice tracking can be
achieved by processinghe outputfrom an outward-looking
cameraobservingthe surroundings.

Inspection Real-time augmentedreality can be performed
in the video from hand-heldcamerasn industrialinspection
tours,or visiting salesmarcanaugmentoomswith furniture
or kitchenvare.

Entertainment Using this technologythe camerasow ap-
pearingfor gamesconsolesanbetaken off theirmountsand
waved aroundthe living room to mapandaugmentt. Live
augmentedeality for television or asa movie-directors aid
cannow berealisedoutsideof the studio.

Ourapproachdrawvs heavily onwork in SLAM in mobile robotics,
and sharesthe ExtendedKalman Filter (EKF) approachof most
methodsin that eld. In state-of-the-artmplementationdNew-
manetal. 2002; Thrunetal. 2000;Castellano®t al. 1998],robots
droppedinto previously unknavn domainsare able to explore,
map and self-localisein real-time over increasinglylarge move-
mentranges.Thesesystemsave primarily usednon-visuakensors
suchassonaror morecommonlylaserrange- nderswhich directly
returnthe rangeand bearingof nearbyobjects. As in our visual
work, the raw sensormeasurementare processedo extract fea-
tureswhichcanberecognisedepeatedlyrom differentviewpoints.
Thescenearoundtherobotis summarisedby the parametersle n-
ing thesefeaturesandthesearewhatform therobot's map.

As well asusingsensor®therthancamerasthemostsuccessful
demonstrationkave taken placein circumstances which various
simplifying assumptionsanbemade.They have generallybeenin
regularindoorenvironmentssuchascorridorswheresmooth oors
andstraightwalls allow straightforvardfeatureextraction;theplat-
form is normally a smoothlymaoving wheeledrobotwith odometry
andothersensorsandalmostwithout exceptionthey have consid-
eredrobotmaovementandmappingwithin a 2D groundplaneonly.

Themaincontrikution of ourwork is to shav thatafterstripping
away thesesimplifying assumptionghe probabilistic SLAM ap-
proachfrom mobile roboticscanbe appliedto the muchlesscon-
strainedcaseof an uncontrolledagile single camera. Therehave
beenrelatively few successfuSLAM implementationsusing vi-
sion, even togetherwith a robot platform. Davison and Murray
[DavisonandMurray 1998]madeearly progressvith aSLAM sys-
temusingactive stereowhich wasableto build a sparsemapof a
room while localisingin real-time,thoughagainrobot movement
was limited to the ground plane,and Davison and Kita [Davison
andKita 2001] extendedthis methodto the caseof a robot able
to localisewhile traversingnon-planarampsby combiningstereo
visionwith aninclinometersensaor

Jungand Lacroix [Jung and Lacroix 2003] recently presented
anotherstereovision SLAM system this time usinga dovnward-
looking stereorig to localisea robotic airshipandperformterrain
mapping. Theirimplementationwas sequentiabut did not runin
real-timeandreliedonacumbersomevide baselinex edstereaig
to obtaindepthmeasuremenirectly.

Several authorshave recentlypresentedeal-timesinglecamera
tracking systemswith goalssimilar to our own. The approachof
Chiusoetal.[Chiusoetal. 2000] sharedseveral of the ideasof our
work, includingthepropagatiorof mapandlocalisationuncertainty
usinga single ExtendedKalmanFilter, but only limited resultsof
tracking small groupsof objectswith small cameramotionswere
presentedTheir methodusedbottom-upfeaturetrackingandwas
thereforeunableto matchfeaturesduring high acceleratioror af-
ter periodsof neglect. Nister [Nistér 2003] presentedh real-time
systembasedvery much on the standardstructurefrom motion
methodologyof frame-to-framamatchingof largenumbersof point
featureswhich wasableto recover instantaneoumotionsimpres-
sively but againhadno ability to re-recognisdeaturesafterperiods
of neglectandthereforewould leadinevitably to rapiddrift in aug-
mentedreality or localisation.Foxlin [Foxlin 2002]hastakena dif-
ferentapproachn asinglecamerasystemby using ducial markers
attachedo theceilingin combinationwith high-performancéner
tial sensing.This systemachiezed very impressie andrepeatable
localisationresultsbut with the requirementfor substantialextra
infrastructureandcost.



Figurel: A snapshobf the probabilistic3D map,shaving camera
positionestimateandfeaturepositionuncertaintyellipsoids(thered
featureshave mostrecentlybeenmeasured).

Thekey conceptof our approacthis a probabilisticmap,represent-
ing at ary instanta snapshobf the currentestimatesof the state
of the cameraand all featuresof interest,and crucially also the
uncertainty in theseestimates. The mapis initialised at system
start-upandpersistauntil operationends but evolvescontinuously
anddynamically The probabilistic stateestimatesof the camera
andfeaturesare updatedduring cameramotion andfeatureobser
vation. Whennew featuresare obsered the mapis enlagedwith
new statesandif necessarfeaturesanalsobedeleted.

The probabilisticcharacterof the map lies in the propagation
over time not only of the mean“best” estimatesof the statesof
thecameraandfeaturesut a rst orderuncertaintydistributionde-
scribingthe size of possibledeviationsfrom thesevalues. Mathe-
matically, themapis representetly a statevectork andcovariance
matrix . StatevectorX is composedf the stacled stateestimates
of thecameraandfeaturesand is asquarematrix of equaldimen-
sionwhich canbe partitionedinto sub-matrixelementsasfollows:
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In doingthistheprobabilitydistribution overall themapparameters
is approximatedas a single multi-variate Gaussiardistribution in
the spacewith dimensionequalto thetotal statevectorsize.

Explicitly, the cameras statevector x, comprisesa metric 3D
positionvectorr'W, orientationquaterniorg®V, velocity vectorv\V
andangularvelocity vectorw*V relative to a x edworld frame (13
parameters):
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Figure2: Visually salientfeaturepatchesletectedo sere asvisual
landmarksandthe 3D planarregionsdeducedy back-projectioro
their estimatedvorld locations.Theseplanarregionsareprojected
into future estimateccamerapositionsto predictpatchappearance
from new viewpoints.

In this work featurestatesy; arethe 3D positionvectorsof thelo-

cationsof pointfeatures Cameraandfeaturegeometryandcoordi-
nateframesarede ned in Figure4. Therole of themapis primar

ily to permitreal-timelocalisationratherthansene asa complete
scenedescription,andwe thereforeaim to capturea sparsesetof

high-qualitylandmarks. We assumehatthesceneasrigid andthat
eachlandmarkis a stationaryworld feature. Speci cally in this

work eachlandmarkis assumedo correspondo a well-localised
pointfeaturein 3D space.The cameras modelledasarigid body
needingranslationrandrotationparameterso describets position,
andwe alsomaintainestimatef its linear and angularvelocity:

thisis importantin our algorithmsincewe will make useof motion
dynamicsaswill beexplainedin Section3.3.

Themapcanbe picturedasin Figurel: all geometricestimates
canbeconsideredssurroundedy ellipsoidalregionsrepresenting
uncertaintybounds(herecorrespondingo 3 standarddeviations).
WhatFigurel cannotshaw is thatthe variousellipsoidsarepoten-
tially correlatedto variousdegrees:in sequentiamapping,a situ-
ationwhich commonlyoccursis thatspatiallyclosefeatureswvhich
areoftenobsered simultaneoushpy thecamerawill have position
estimatesvhosedifference(relative position)is very well known
while the positionof the groupasawholerelative to the global co-
ordinateframemaynotbe. This situationis representet themap
covariancematrix by non-zeroentriesin the off-diagonalmatrix
blocks,andcomesaboutnaturallythroughthe operationof the al-
gorithm.

Thetotal sizeof themaprepresentatiois orderO(N2) whereN
is the numberof features,andthe completeSLAM algorithmwe
usehasO(N2) compleity. This meanshatthe numberof features
whichcanbemaintainedvith real-timeprocessings bounded— in
our systenmto around100in currentimplementationywhichis suf-
cientwith carefulmapmanagemertb spanasmallroom. A current
majorthemeof SLAM researchn roboticsis in makingSLAM al-
gorithmsmore ef cient via the approximationor reschedulingof
calculations.

Now we turn speci cally to the featureswhich male up the map.
We have followed the approachof Davison and Murray [Davison
and Murray 1998; Davison 2003b], who shaved that relatively
large (11 11 pixels)imagepatchesareableto sene aslong-term
landmarkfeatures the large templateshaving more uniquesigna-
turesthanstandarccornerfeatures.n the presenpaperwe extend
the power of suchfeaturessigni cantly by using the cameralo-
calisationinformationwe have availableto improve matchingover
largecameradisplacementandrotations.

Salientimageregions are originally detectedautomatically(at
timesandin locationsguidedby thestratgiesof Section3.6) using



Figure3: Visualisationof the modelfor “smooth” motion: ateach
camergositionwe predicta mostlikely pathtogethemwith alterna-
tiveswith smalldeviations.

the detectionoperatorof Shi and Tomasi[Shi and Tomasi1994]
from the monochromémagesobtainedfrom the cameranotethat
in the currentwork we usemonochromemagesprimarily for rea-
sonsof efciency). The goalis to be ableto identify thesesame
visuallandmarkgepeatedlyuringpotentiallyextremecameramo-
tions, and thereforestraightforvard 2D templatematching(asin
[Davison 2003b]is very limiting, as after only small degreesof
camerarotationandtranslationthe appearancef a landmarkcan
changegreatly To improve on this, we make the approximation
thateachlandmarklies on a locally planarsurface— an approxi-
mationthatwill bevery goodin mary casesandbadin others puta
greatdealbetterthanassuminghattheappearancef the patchwill
notchangeatall. Further sincewe do not know the orientationof
this surface(it couldin principlebe estimatedaftermatchingafea-
tureover mary imagesthoughfor smallpatcheghis informationis
weak)we male the assigmenthatthe surfacenormalis parallelto
the vectorfrom the featureto the cameraatinitialisation. Oncethe
3D location,includingdepth,of afeaturehasbeenfully initialised
usingthe methodof Section3.5, eachfeatureis storedasan ori-
entedplanartexture (Figure2). Whenmakingmeasurementsf a
featurefrom new camergpositions,jts patchcanbe projectedfrom
3D to theimageplaneto producea templatefor matchingwith the
realimagewhichis transformedppropriately(in particularrotated
andscaled).

The mapis updatedn two ways: 1) the predictionstep,whenthe
cameranovesin the“blind” intenval betweerimagecaptureand?2)
theupdatestep,aftermeasurementsave beenachieved of features.
In this sectionwe considerprediction.

Constructinga motionmodelfor anagile cameravhich mayfor
instancebecarriedby apersorat rst glancemightseento befun-
damentallydifferentto modelling the motion of a wheeledrobot
moving on a plane:thekey differenceis thatin therobotcaseone
is in possessiof the control inputs driving the motion, suchas
“move forward 1m with steeringangle5 ”, wheraswe do not have
suchprior informationabouta persons movements However, it is
importantto remembeithat both casesarejust pointson the con-
tinuum of typesof modelfor representinghysicalsystems Since
(classical)physicsis deterministic,in theory an enclosedsystem
couldbe modelleddown to in nitessimal precisionby a collection
of parameterandequationsndthenits futurebehaiour predicted
for all time. In reality, however, the precisionof a modelalways
stopsat somelevel of detailanda probabilisticassumptions made
aboutthe discrepang betweerthis modelandreality: this is what
is referredto asprocessoise. In the caseof a wheeledrobot, this
noisetermtakesaccounbf factorssuchaspotentiaiwheelslippage,
surfaceirregularitiesandotherpredominantlyunsystematieffects
which have not beenexplicitly modelled. In the caseof a camera

attachedo a person|t takesaccountof the unknavn intentionsof
the personput thesetoo canbe statisticallymodelled.

We choosanitially a“constantvelocity, constantangularveloc-
ity model”. This meansnotthatwe assumehatthe cameramoves
ataconstantselocity over all time, but thatour statisticalmodelof
its motionin atime stepis thaton averagewe expectundetermined
accelerationsoccurwith aGaussiampro le. Theimplicationof this
modelis thatwe areimposinga certainsmoothnessn the camera
motion expected: very large accelerationsre relatively unlikely.
This modelis subtley effective andgivesthe whole systemimpor-
tantrobustnesgvenwhenvisualmeasurement@resparse.

We assumehatin eachtime step,unknavn acceleratioa”’ and
angularacceleratiora®V processesf zeromeanandGaussiardis-
tribution causeanimpulseof velocity andangularvelocity:
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Dependingon the circumstancesy andWV maybe coupledto-
gether(for example,by assuminghata singleforceimpulseis ap-
plied to therigid shapeof the body carryingthe cameraat every
time step producingcorrelatecchangesn its linearandangularve-
locity). Currently howvever, we assumehatthe covariancematrix
of thenoisevectorn is diagonal representingincorrelatedhoisein
all linearandrotationalcomponentsThe stateupdateproduceds:
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Herethenotationg wW WY Dt denoteghequaterniortriv-
ially de ned by theangle-axigotationvector wW WV Dx.
In the EKF, the new stateestimatefy, x, u mustbe accompa-
niedby theincreasen stateuncertainty(processhoisecovariance)
v for the cameraafter this motion. We nd  via the Jacobian
calculation:
T Tt
\% n n n
where , is the covarianceof noisevectorn. EKF implementation
alsorequirescalculationof theJacobian#—fg. TheseJacobiarcal-

culationsare complicatedbut atractablemfatterof differentiation;
we do not presentheresultshere.

Therateof growth of uncertaintyin this motion modelis deter
minedby the sizeof ,, andsettingtheseparameterso small or
largevaluesde nesthesmoothnessf the motionwe expect. With
small j, we expectavery smoothmotionwith smallaccelerations,
andwould be well placedto track motionsof this type but unable
to copewith sudderrapidmovements High , meanghattheun-
certaintyin thesystemincreasesigni cantly ateachtime step,and
while this givestheability to copewith rapidaccelerationshevery
large uncertaintymeansthata lot of good measurementsiustbe
madeat eachtime stepto constrainestimates.

In this sectionwe considerthe processof measuringa featureal-
readyin the SLAM map (we will discussnitialisationin the next
section).

Our cameraobtainsimagesat 320 240 pixels resolution. A
key partof our approactis to predict the imagepositionof each
featurebeforedecidingwhich to measure Featurematchingitself
is carriedout usinga straightforvard normalisedcross-correlation
searchfor the templatepatchprojectedinto the currentcameraes-
timate usingthe methodof Section3.2 andthe imagedata— the
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Figure4: Framesandvectorsin cameraandfeaturegeometry

Figure 5. Active searchfor featuresin the raw imagesfrom the
wide-anglecamera. Ellipsesshav the featuresearchregions de-
rived from the uncertaintyin the relative positionsof cameraand
featuresandonly theseregionsaresearched.

templateis scannedver the imageandtestedfor a matchat each
locationuntil a peakis found. This searchingor a matchis com-
putationallyexpensve; predictionis anactive approachnarraving
searchto maximiseef ciency.

First, usingthe estimatesve have x, of cameragpositionandyj;
of featureposition, the position of a point featurerelative to the
camerads expectedo be:

R R W

With a perspectie camerathe position u v atwhich the fea-

turewould be expectedo be foundin theimageis foundusingthe
standarcpinholemodel:

e
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where fky, fky, Up andvg arethe standardcameracalibrationpa-
rameterdamiliarin computervision.

In the currentwork, however, we areusinga wide-anglecamera
with eld of view of nearly100 , andits imaging characteristics
arenot well approximatedasperspectie — asFigure5 shaws, its
imagesshaw signi cant non-perspectk distortion(straightlinesin

the 3D world do not projectto straightlinesin theimage). Never-
thelesswe perform featurematchingon theseraw imagesrather
than undistortingthem rst (note that the imageslater must be
transformedo a perspectie projectionfor displayin orderto use
themfor augmentedeality, sinceOpenGLonly supportsperspec-
tive cameramodels).
We thereforewarp the perspectie-projectedcoordinatesu

u v with aradial distortion to obtainthe nal predictedimage
positionug Ug Vq : Thefollowing radial distortionmodelwas
chosenbecausdo a good approximationit is invertible [Swami-
nathanandNayar2000]:

u U
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where
r U u?2 v v?2 (5)

Our camerawas calibratedusing standardsoftware and a cali-
brationgrid, obtainingvaluesfk, fk, 195 pixels, ugp Vg

162125,K; 6 10 8 forcaptureat320 240resolution.

The Jacobian®f this two-stepprojectionfunction with respect

to cameraandfeaturepositionsarealsocomputedthisis a straigh-
forward matterof differentiationeasily performedon paperor in
software). Theseallow calculationof the uncertaintyin the pre-
diction of thefeatureimagelocation,representedy the symmetric
2 2innovationcovariancematrix j:
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The constantnoise covariance of measurementss taken to be
diagonalwith magnitudedeterminedy imageresolution.

Knowledgeof ; is whatpermitsafully active approactto im-
agesearch; j representtheshapeof a2D Gaussiampdf overimage
coordinatesindchoosinga numberof standarddeviations(gating,
normally at 3s) de nes an elliptical searchwindow within which
thefeatureshouldlie with high probability In our systemcorrela-
tion searchesalwaysoccurwithin gatedsearchregions,maximising
ef ciency andminimisingthe chanceof mismatchesSeeFigure5.

i hasafurtherrole in active searchijt is ameasuref theinfor-

mationcontentexpectedof a measurement-eaturesearchesvith
high ; (wherethe resultis dif cult to predict)will provide more
information aboutestimatesof cameraand featurepositions. In
an implementatiorof vision-basedSLAM for a robot with steer
ablecameragDavisonandMurray 1998]this led directly to active
control of the viewing directiontowardspro table measurements;
herewe cannotcontrol the cameramovement,but in the casethat
mary candidatemeasurementare available we selectthosewith
highinnovation covariance.Choosingmeasurementsk e this aims
to squasitheuncertaintyin the systemalongthelongestaxisavail-
able,andhelpsensureshatno particularcomponenbf uncertainty
in the estimatedstategetsout of hand.

While a measuremertells us the value of animagemeasurement
giventhe positionof the cameraandafeature it cannotbe directly
invertedto give the positionof a featuregivenimagemeasurement
andcameragpositionsincethe featuredepthis unknavn. Estimat-
ing the depthof a featurewill requirecameramotion andseveral
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Figure6: Frame-by-framevolution of the probabilitydensityover
featuredepthrepresentedby a particle set. 100 equally-weighted
particlesareinitially spreadevenly alongthe range0.5mto 5.0m;
with eachsubsequerimagemeasuremerthedistribution becomes
morecloselyGaussian.

measuremenftsom differentviewpoints(in the sameway asa per
soncanstill infer the 3D shapeof anobjectwith oneeye closedby
moving andobservingparallax).

The approachwe take thereforeaftertheidenti cation and rst
measuremertdf a new featureis to initialise a 3D line into themap
along which the featuremustlie asin [Davison 2003b]. This is
a semi-in nite line, startingat the estimatedccamerapositionand
headingto in nity along the featureviewing direction, and like
othermapmemberdasGaussiaruncertaintyin its parameterslts

w
representatiom the SLAM mapis: yp %\N wherer; isthe
I

positionof its oneendand F\}’V is a unit vectordescribingits direc-
tion. We distributeasetof discretedepthhypothesesiniformly line
which canbe thoughtof asa 1D particledistribution or histogram.
At eachsubsequerttme step thesehypotheseareall testedby pro-
jectingtheminto theimage,whereeachtranslatesnto anelliptical
searchregion. Featurenatchingwithin eachellipse(via anef cient
implementatiorfor the caseof searchmultiple overlappingellipses
for thesameimagepatch)produceslikelihoodfor each,andtheir
probabilitiesarereweighted.Figure6 shavs a typical evolution of
thedistribution over time, from uniform prior to sharppeak.When
theratio of the standarddeviation of depthto depthestimatedrops
belav athreshold(currently0.3), the distribution is safelyapprox-
imated as Gaussiarand the featureinitialised as a point into the
map. Featuresvhich have just crossedhis thresholdtypically re-
tain large depthuncertainty(seeFigure 1 which shaws several un-
certaintyellipsoidselongatedhlongthe approximatecameraview-
ing direction), but this shrinks quickly asthe cameramoves and
furtherstandardneasurement@reobtained.

The important factor of this initialisation is the shapeof the
searchregionsgeneratedby the overlappingellipses.A depthprior
hasremoved the needto searchalongthe entire epipolarline, and
improved the robustnessand speedof initialisation. In real-time
implementationthe speedf collapseof the particledistribution is
aided(andcorrelationsearchwork saved) by deterministigpruning
of thewealesthypotheseateachstep.

An importantpartof the overall algorithmis sensiblenanagement
of thenumberof featuresn themap,andon-the- y decisionseed
to be madeaboutwhennew featuresshouldbe identi ed andini-
tialised,aswell aswhenit might be necessaryo deletea feature.

Ourmap-maintenanceriterionaimsto keepthenumberof reliable
featuresvisible from ary camerdocationcloseto a pre-determined
valuedeterminedby the speci cs of the measuremerpirocessthe
requiredlocalisationaccurag andthe computingpower available:
we have foundthatwith a wide-anglecameraa numbersn there-
gionof 12is givesaccuratdocalisationwithout over-burdeningthe
processor

Featuré'visibility” (moreaccuratelypredictedmeasurability)s
calculatechasedon therelative positionof the cameraandfeature,
andthe saved position of the camerafrom which the featurewas
initialised: the featuremustbe predictedto lie within the image,
but furtherthe cameramustnot have translatedoo far from its ini-
tialisationviewpoint of the featureor we would expectcorrelation
to fail (notethatwe cancopewith a full rangeof rotation). Fea-
turesare addedto the maponly if the numbervisible in the area
the camerais passingthroughis lessthanthis threshold— it is
undesirabléo increasehe numberof featuresandaddto the com-
putationaktompleity of Itering withoutgoodreasonFeaturesire
detectedby runningtheimageinterestoperatorof Shiand Tomasi
to locatethe bestcandidatewithin a box of limited size (around80

60 pixels) placedwithin the image. The position of the search
box is currentlychoserrandomly with the constraintnly thatit
shouldnot overlapwith ary existing featuresandthatbasedn the
currentestimatesof cameravelocity andangularvelocity ary de-
tectedfeaturesarenot expectedto disappeafrom the eld of view
immediately

A featureis deletedfrom the mapif, afterapredeterminedcium-
berof detectionandmatchingattemptsvhenthefeatureshouldbe
visible,morethana x edproportion(in ourwork 50%)arefailures.
Thiscriterionprunes‘bad” featuresvhicharenottrue3D pointsor
areoftenoccluded.

Clutterin the scenecanbe dealtwith evenif it sometimesoc-
cludeslandmarks sinceattemptedmeasurementsf the occluded
landmarkssimply fail, anddo notleadto a Iter update.Problems
only ariseif mismatchesccurdueto asimilarity in appearancbe-
tweenclutterandlandmarksandthis canpotentiallyleadto catas-
trophicfailure.

We presentesultscorrespondingo thevideoelectronicallysubmit-
tedwith this paper(MPEG4AVI format). This videodemonstrates
two applicationof thealgorithm:

1. Objectinsertioninto live video (real-timeaugmentedeality)
in a kitchen- tting scenario. This is a very appealingappli-
cation: the factthatobjectscanbe insertedinteractiely into
live video meanghatthe usercanaskquestiondike “would
this cupboardblock the view of thewindow?”, andmave the
camerao nd out,or move realandvirtual objectsaroundat
thesametime.

2. Real-time personallocalisation using a wearable camera.
Suchin a workspacecould be particularly useful in cases
whereaworker in in anunfamiliar sceneandis receving in-
structionsfrom a remotecollaboratorwho canseethe video
from theworker's cameraandhis 3D trajectory;potentiallyin
combinationwith a head-mounted-displaye worker's view
couldalsobe annotatedvith labelsor warnings.

Figure7 givesstoryboarddor thesescenarios.

In generalterms, the algorithm gives robust real-time perfor
mancewithin a small room with relatively few constraintson the
movementof the cameraandarbitrarily long time periodsof local-
isationareroutinelyachievable. Clearly, situationswhereno useful
featuresarefoundthe the eld of view (whenthe camerafacesa
blankwall or ceiling) cannotbe copedwith, althoughthe tracking



will regularly survive periodswhenasfew astwo or threefeatures
arevisible, thelocalisationuncertaintygrowving biggerduringthese
timesbut goodtrackingre-capturedncemorefeaturescomeback
into view.

In implementatiorthe linear acceleratiomoisecomponentsn

n Weresetto a standarddeviation of 10ms 2 (1 acceleratiordue
to gravity), and angularcomponentsith a standarddeviation of
6rads 2. Theseare the magnitudesof acceleratiorthe systemis
designedo copewith andexperiencewith thesystemindicateghat
onceproblemswith imagemotion blur are removed (by reducing
the cameraexposuretime in software)closeto this performanceas
achieved.

On a 3GHz Pentium processar a typical breakden of the
processingtime required at each frame at 30Hz (such that
33ms is available for processingeach image) is as follows:

Imageloadingandadministration| 2ms
Imagecorrelationsearches 3ms
KalmanFilter update 5ms
Featurdnitialisationsearch 4ms
Graphicalrendering 5ms
Total 19ms

Thisindicateghat30Hzperformancés easilyachiered,andin fact
thatdoublingthe frequeng of operationto 60Hz would be possi-
ble immediatelyif the graphicalrenderingweresimpli ed or per
hapsperformedat a lower updaterate. In fact, increasingthe the
tracking frequeng would certainly increaseperformancesigni -
cantly becausehe shortertime-stepwould meanthat lessuncer
tainty would enterthe systemduring eachinter-framemotion, and
this changewould naturallybe capturedn themotionmodel— the
resultwould be smallersearchregionsfor all features,andthere-
fore fasterandmorereliablematching.TherearecurrentlyCMOS
IEEE1394camerasvhich offer 100Hzcaptureatfull resolutiorand
even higherratesin programmablesub-windevs — a technology
our active imagesearchwould be well suitedto bene t from. We
arekeento work with suchcamerasn thenearfuture.

Computer vision was originally conceved as providing au-
tonomougobotswith theeyesandinstinctive visual sensingvhich
comesnaturally to humansand animals. Our real-time work is
bringing computervision back towards this goal by at last pro-
viding robust frame-ratelocalisationin unknavn scenesand with
fast,generakkameranovement— all on standarchardware,with a
singlelow-costwebcamandwith no additionalsensing.The chief
tenetsof ourapproactareprobabilisticmappingmotionmodelling
andsparsemappingof high-qualityfeatures Ef ciency is provided
by active featuresearchensuringhatnoimageprocessingffort is
wasted— thisis truly a Bayesian;top-down” approach.

We have little doubt that this technologywill sooncomeinto
widespreaduse in applicationareasincluding wearabledevices,
augmentedeality for indutry andentertainmentyserinterfaceand
robotics.

In future work we hopeto extendthe systemto larger domains
of operationand continueto focuson more challengingscenarios
with fastmovementandocclusions A long-termgoalis to usethe
sparsenapsgeneratedo reasormorecompletelyaboutthegeome-
try of the ervironmentandstartto detecthigherorderentitiessuch
asplanesn real-time.
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Figure 7: Framesfrom the video submittedwith this paper all acquireddirectly from the systemrunningin real-time. The framesshav

two scenarios:rst alive virtual objectinsertionexampleusinga hand-heldcameraasthe camera-holdingpersonindicatesto the computer
operatorthe desiredocationof shel\esandatable. The computeroperatorclicks on pointsdetectedy the algorithmandattacheobjects
which thenstayrigidly attachedasthe cameracontinuesto move. The secondscenariois one of personallocalisationusinga wearable

cameraThewearers locationis estimatectontinuouslyashe movesnaturallyaroundhis workspace.




