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Abstract

We present a general method for real-time, vision-
onlysingle-camera simultaneouslocalisationandmapping
(SLAM)— an algorithm which is applicableto the locali-
sationof anycamera moving througha scene— andstudy
its applicationto the localisationof a wearable robotwith
activevision.Startingfromverysparseinitial sceneknowl-
edge, a mapof natural point featuresspanninga sectionof
a roomisgeneratedon-the-�yasthemotionof thecamera is
simultaneouslyestimatedin full 3D. Naturally this permits
theannotationof thescenewith rigidly-registeredgraphics,
but further it permitsautomaticcontrol of therobot'sactive
camera: for instance, �xation ona particular objectcanbe
maintainedduring extendedperiodsof arbitrary usermo-
tion, thenshiftedat will to anotherobjectwhich haspoten-
tially beenout of the �eld of view. Thiskind of functional-
ity is the key to the understandingor “management” of a
workspacewhich therobotneedsto havein order to assist
its wearer usefullyin tasks.We believethat the techniques
andtechnologydevelopedareof particular immediatevalue
in scenariosof remotecollaboration,wherea remoteexpert
is able to annotate, throughthe robot, theenvironmentthe
wearer is workingin.

1 Intr oduction

A body-mountedvisualsensorprovidesawearablecom-
puterwith the opportunityto sensethe world from a �rst-
personperspective. The sensormoveswith andobserves
theplacesattendedby thewearer— notonly enhancingthe
chancesof recovering the wearer's statefrom a privileged
positionbut providingnon-invasivesensingof thesurround-
ingswhich reducestheburdeningof theenvironmentwith
technologicalcreepers.When the wearablesensoris un-
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for softwarecollaboration.

der its own control, suchthat its viewpoint canbe moved
andthusa certainamountof independencegainedfrom the
wearer, thesystemis betterdescribedby theterm“wearable
visualrobot”.

A wearablevisualrobotis in apositionto detectboththe
actionsof its wearer(e.g. graspingmotions)andthe state
of the environment(e.g. the pot is boiling), andtherefore
hasthepotentialto actasanassistantto a wearerworking
in variousdomains.It could act asan aid to memoryin a
constructionscenario,helpingthewearerkeeptrackof tools
andmaterials;it couldprovidewarningsof dangeroussitu-
ationsor objects,or draw attentionto thoseof interest;with
possessionof speci�c domainknowledgeit could provide
thewearerwith a work-plan— perhapsguiding themedi-
cal treatmentadministeredby a non-expertparamedicin a
remotelocation.

A more immediatemode of operationthan fully au-
tonomousassistantwouldbeto envisagethewearablerobot
asthefacilitatorof helpfrom aremotehumanexpert,asde-
pictedin Figure1. In suchremotecollaboration,augment-
ing andmediatingthe environmentwith informationis at-
tractive if informationcanbepositionedrelative to speci�c
objectsor places,achieving a true context-speci�c �o w of
information. This augmentationcanbe bene�cial to both
the wearerand to the remoteexpert. The remoteexpert
could for exampledrop virtual noteson top of the objects
presentin the spacebrowsedby the wearer. Thesenotes
could be navigation clues,warnings,things to do or any
othersortof informationthatcouldbeof useto thecurrent
expert/wearerpartnershipor to otherfutureusers.

1.1 WearableVision and Localisation

If a wearablerobot equippedwith a vision systemis to
assistits user, either autonomouslyor via remoteannota-
tion, therobotmustknow whereit is with respectto objects
of interestin the surroundings,whethertheseobjectsare
known in advanceor detectedautonomously. While various
othersensortypes(often requiringadditionalsceneinfras-
tructure,suchasmagneticor ultrasonicsensors)canpro-
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Figure 1. A remote exper t annotates the envi­
ronment he interacts with via a wearab le vi­
sual robot.

vide localisationinformation,achieving localisationusing
only the imagedataacquiredfrom the robot's own cam-
erain naturalscenesis very appealing:therobotis making
useof the samedatatype asits humanwearerandpoten-
tial remotecollaborator, andis abledirectly to make useof
measurementsof theobjectsof interestthemselves. Visual
annotationfor augmentedrealitybecomesnaturalandaccu-
rate,andrestrictionsonusermovementareremoved.

Ego-motionestimationfor an agilesinglecameramov-
ing throughgeneral,unknown scenesis a very challenging
problemwhenreal-time performanceis required— most
successfulstructurefrom motion work hasbeenachieved
underthe off-line processingconditions. This task of es-
timating cameramotion from measurementsof a continu-
ously expandingsetof self-mappedvisual featuresis one
of a classof problemsknown asSimultaneousLocalisation
andMapping(SLAM) in theroboticscommunity.

Large scalereal-timevisual mappingof whole rooms,
buildingsor evenoutdoorscenesis currentlyunfeasible:as
weshallsee,thecomputationalcomplexity of SLAM grows
with mapsizeandthis meansthat the hardreal-timecon-
straintsimposedby the requirementfor continuouslocal-
isation will be violated at somemap size. We are there-
fore currentlyfocusedon real-timesmall-scaleworkspace
localisation. A workspacemay be the volume of several
cubicmetresin whicha wearermustcarryouta task.

Localisationwithin a workspaceentailssolvinga series
of problemsimposedby proximity. Whenobjectsareclose,
perspectivechangesandobjects'mutualocclusionsbecome
pronouncedandfrequentevenundermoderatelysmallmo-
tions of the camera.Furthermore,objectscanchangepo-
sition and orientationor even disappear, perhapsmoved

Figure 2. Collar ­mounted wearab le robot
equipped with a miniature camera manipu­
lated by a three­axis motoriz ed active plat­
form.

by the wearerhimself. Another relevant issueis that rel-
atively small objectslike hands,can in�ict large amounts
of occlusionbecausethey inhabitthespacenearthesensor.
Our methoddealswith theseissuesby mappinga widely-
spaced,sparseset of featuresto act as localisationland-
marks. While it cannotcopewith full sceneocclusion(an
issuethat would be helpedgreatly by the useof a wide-
anglelens,at the costof someangularresolution),partial
sceneocclusionandperiodswhenonly small numbersof
featuresarevisible aredealtwith naturally.

2 A WearableRobot with ActiveVision

At the humanscale,a moving lens-camerasystemis
a good compromisebetweenhigh angularresolutionand
small volume. Both criteria are of great importancefor
living beingsand thus, not surprisingly, importantto any
wearableagentthat browsesthe world usinga visual sen-
sor. Dependingon its extent, robot motion canbe usedto
compensatefor userpostureand motion changesor even
perhapsto accessplacesoccludedin the line of sight from
anotherwise�x edsensinglocation.

We have developeda miniaturewearableactive vision
system(Figure 2) which in its most recentversionincor-
poratesanIEEE-1394camerawith a SONY W�ne* CCD,
and �eld of view (FOV) of about40� horizontaland30�

vertical. It is worn at the shoulderas a compromisebe-
tweenlarge FOV (minimising occlusionby the body) and
movementindependencefrom the wearer's viewing direc-
tion [14].



The robot hasthreerotationaldegreesof freedom(ele-
vation, panandcyclotorsion),in a con�guration that was
optimisedto minimiseworking volume[13]. It alsohasa
two-dimensionalaccelerometerbut this wasnotusedin the
currentwork. Its controllermay operatevia a wirelessor
umbilical connectionto thehostcomputer.

We think of this platform asan interfacebetweencom-
puterandwearer. Otherauthorshave usedwearableactive
visionfor facetracking[10], andto sensethespeci�c region
thattheweareris attendingwith his eyes[16].

3 SingleCameraSLAM

In thisandthefollowing sectionswepresentourgeneral
approachto single cameralocalisation,valid whetherthe
camerais wornasin theapplicationpresentedin thispaper,
wavedin thehandor evenattachedto arobot.Moregeneral
informationonthisapproachcanbefoundin [4]. In ourap-
proachto visual localisation,thegoal is not theprocessing
of imagesequencesreceived from an externalsource,but
the real-timeuseof a wearablecamerain context. Within
a room, the camerastartsapproximatelyat restwith some
known objectin view to actasa startingpoint andprovide
ametricscaleto theproceedings(thiscanbeassimpleasa
standardpieceof paper).Thecamerathenmovessmoothly
but rapidly, translatingandrotatingfreely in 3D, within the
roomor arestrictedvolumewithin it, suchthatvariousparts
of theunknown environmentcomeinto view. Theaim is to
estimateits 3D positioncontinuously, promptlyandrepeat-
ablyduringarbitrarily long periodsof movement.Thiswill
involve accuratelymapping(estimatingthe locationsof) a
sparsesetof featuresin theenvironment.

A key aspectof ourscenariois thedesirefor repeatable
localisation:by this we meanrequiringthe ability to esti-
matethelocationof thecamerawith just asmuchaccuracy
after 10 minutesof motion as was possibleafter 10 sec-
onds— a gradualdrifting over time is not acceptable.To
achieve this the featuresdetectedandmappedmust func-
tion as stable,long-termlandmarks ratherthan transient
trackingpoints,andthis impliesboththatthefeaturesmust
be stronglysalientand identi�able, and that caremustbe
taken whenpropagatingthe uncertaintyin their locations.
Early implementationsof sequentialstructurefrom motion
[1, 9, 2] usedthestandardshort-lived“corner” featuresfa-
miliar from off-line methodsandindependentestimatorsfor
the locationof eachfeature,anddisplayedsigni�cant mo-
tion drift over time: theinability eitherto re-recognisefea-
turesfrom the pastor make correctuseof measurements
meantthat the trajectoriesandmapsestimateddisplayeda
gradualdivergenceover time from the �ducial coordinate
frame.

3.1 SLAM with First­Order Uncertainty Propa­
gation

The question of motion drift in real-time simulta-
neous localisation and mapping (SLAM) is now well-
understoodin mobile roboticsresearch.ExtendedKalman
Filter (EKF)-basedalgorithms,propagating�rst-order un-
certaintyin thecoupledestimatesof robotandmapfeature
positions,combinedwith varioustechniquesfor reducing
computationalcomplexity in largemaps,have shown great
successin enablingrobotsto estimatetheir locationsaccu-
rately androbustly over large movementareas[7, 12]. In
the�rst-order uncertaintypropagationframework, theover-
all “state” of thesystemx is representedasa vectorwhich
canbepartitionedinto thestatex̂v of therobot(or camera)
andthestatesŷ i of entriesin themapof its surroundings.
Crucially, the statevector is accompaniedby a singleco-
variancematrixPwhichcanalsobepartitionedasfollows:

x̂ =

0

B
B
@

x̂v

ŷ1

ŷ2

:

1

C
C
A ; P =

2

6
6
4

Pxx Pxy 1 Pxy 2 ��
Py1 x Py1 y1 Py1 y2 ��
Py2 x Py2 y1 Py2 y2 ��

: : :

3

7
7
5 :

Therole of thecovariancematrix is to representtheuncer-
tainty, to �rst order, in all thequantitiesin thestatevector.
Featureestimateŝy i canbefreelyaddedto or deletedfrom
themapasrequired,x andP growing or shrinkingdynam-
ically. In normaloperation,x andP changein two steps:
1. during motion, a predictionstepusesa motion model
to calculatehow the robot (or camera)movesandhow its
position uncertaintyincreases;2. when featuremeasure-
mentsareobtained,a measurementmodel describeshow
mapandrobotuncertaintycanbereduced.

Thecritical importanceof maintaininga full covariance
matrix P, completewith off-diagonalelements,hasbeenir-
refutablyprovenin SLAM research.Theseelementsrepre-
sentthecorrelationbetweenestimateswhich is alwaysin-
herentin map-building. Thetypicalsituationis thatclusters
of closefeatureswill havepositionestimateswhichareun-
certainin the world referenceframebut highly correlated
with oneanother— their relativepositionsarewell known.
Holding correlationinformationmeansthat measurements
of any oneof this clustercorrectlyaffectstheestimatesof
theothers,andis thekey to beingableto re-visitandrecog-
niseknown areasafterperiodsof neglect.

SuccessfulSLAM approacheshave generallyoperated
usingnotvisionbut specialisedsensorssuchaslaserrange-
�nders, and in somewhat restrictedconditions including
2D planarrobot movementand/ormapping,known robot
control inputs and accurately-modelleddynamics. In vi-
sion,Davison andMurray [6] madeearly progressin full-
covariancemappingusing active stereoand Davison and
Kita [5], in perhapsthe�rst work onSLAM in full 3D,used



a curvaturemodelfor unknown surfaceshapein combina-
tion with active stereoto estimatethe location of a robot
moving onnon-�at surfaces.

SinglecameraSLAM with general3D motion is at the
very dif�cult extremeof thegenre.Amongpreviouswork,
thatof Chiusoetal.[3] hasmostin commonwith thepresent
paper. They presenta real-time, full-covarianceKalman
Filter-basedapproachto sequentialstructurefrom motion,
but aim towardsmodelgenerationratherthanlocalisation.
Bottom-up2D featuretrackingmeansthat only relatively
slow cameramotionsarepermissible,anddoesnot allow
featuresto bere-acquiredafterperiodsof neglect: their fea-
turestypically survive for 20–40framesthenarereplaced
in the statevectorby others.This meansthatmotion drift
wouldeventuallyenterthesystem.

Thereis muchinterestin real-timecamera-basedlocali-
sationfrom thewearablecomputingcommunity. Foxlin [8]
hasdemonstratedanimpressivesystemcombiningaccurate
inertial sensingwith visualmeasurementof automatically-
mapped�ducial targetsplacedon a ceiling to provide real-
time localisationover extendedindoor areas. Kourogi et
al. [11] alsouseinertial sensingin combinationwith visual
recognitionof key-framedwaypointsto permitlocalisation-
basedannotation.

4 Representing3D Position and Orientation

We de�ne thecoordinateframesW , �x ed in theworld,
andR, �x edwith respectto thecamera(seeFigure3). To
easeissueswith linearisationandsingularities,we choose
a non-minimalrepresentationof 3D orientation,andusea
quaternion.Thevectorof 7 parameterschosento represent
positionandorientationis therefore:

xp =
�

r W

qW R

�
=

�
x y z q0 qx qy qz

� >

We refer to xp astheposition stateof thecamera:a stan-
dard way to de�ne 3D position and orientationwhich is
commonfor any typeof moving body. We differentiatebe-
tweenxp andxv , theactualstateof thebody, which may
includeparametersadditionalto thoserepresentingpurepo-
sitionsuchasvelocity.

5 A Motion Model for a Smoothly Moving
Camera

In thecaseof a cameraattachedto a person,themotion
modelmusttake accountof theunknown intentionsof the
person,but thesecanbestatisticallymodelled.Thetypeof
modelwe chooseinitially is a “constantvelocity, constant
angularvelocity model”. This meansnot that we assume
that thecameramovesat a constantvelocity over all time,
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Figure 3. Frames and vector s in camera ge­
ometr y. S is the shoulder frame , �x ed with
respect to the wearer, and R the robot frame
is �x ed with respect to the camera.

but thatour statisticalmodelof its motion in a time stepis
thaton averagewe expectits velocity andangularvelocity
to remainthe same,while undeterminedaccelerationsoc-
cur with a Gaussianpro�le. The implicationof this model
is that we areimposinga certainsmoothnesson the cam-
eramotion: very largeaccelerationsarerelatively unlikely.
Modellingthevelocityof thecamerain thiswaymeansthat
we mustaugmentthepositionstatevectorx p with velocity
termsto form thestatevector:

xv =

0

B
B
@

r W

qW R

vW

! W

1

C
C
A :

HerevW is the linearvelocity and! W theangular ve-
locity. Angular velocity is a vectorwhoseorientationde-
notestheaxisof rotationandwhosemagnitudethe rateof
rotationin radiansper second.The total dimensionof the
camerastatevector is therefore13. (Note that the redun-
dancy in thequaternionpart of thestatevectormeansthat
we mustperforma normalisationat eachstepof the EKF
to ensurethateach�ltering stepresultsin a truequaternion
satisfyingq2

0 + q2
x + q2

y + q2
z = 1; this normalisationis

accompaniedby a correspondingJacobiancalculationaf-
fectingthecovariancematrix.)

We assumethatin eachtimestep,unknown acceleration
aW andangularacceleration� W processesof zeromean
andGaussiandistribution causeanimpulseof velocity and
angularvelocity:

n =
�

V W


 W

�
=

�
aW � t
� W � t

�

to be applied to the camera. Dependingon the circum-
stances,V W and
 W maybecoupledtogether(for exam-
ple,by assumingthatasingleforceimpulseis appliedto the



rigid shapeof the body carryingthe cameraat every time
step,producingcorrelatedchangesin its linearandangular
velocity). Currently, however, we assumethat the covari-
ancematrix of thenoisevectorn is diagonal,representing
uncorrelatednoisein all linear androtationalcomponents.
Thestateupdateproducedis:

fv =

0

B
B
@

r W
new

qW R
new

vW
new

! W
new

1

C
C
A =

0

B
B
@

r W + (vW + V W )� t
qW R � q(( ! W + 
 W )� t)
vW + V W

! W + 
 W

1

C
C
A :

Herethenotationq(( ! W + 
 W )� t) denotesthequater-
nion trivially de�ned by the angle-axisrotation vector
(! W + 
 W )� t.

In the EKF, the new stateestimatefv (xv ; u) must be
accompaniedby the increasein stateuncertainty(process
noisecovariance)Qv for the cameraafter this motion. We
�nd Qv via theJacobiancalculation:

Qv =
@fv

@n
Pn

@fv

@n

>

;

wherePn is thecovarianceof noisevectorn. ThisJacobian
calculationis complicatedbut tractable;we do not present
theresultshere.

The rateof growth of uncertaintyin this motion model
is determinedby the sizeof Pn , andsettingtheseparame-
tersto small or large valuesde�nes the smoothnessof the
motionweexpect.With smallPn , weexpectaverysmooth
motionwith smallaccelerations,andwould bewell placed
to trackmotionsof this type,but would not beableto cope
with suddenrapidmovements.High Pn meansthattheun-
certaintyin the systemincreasessigni�cantly at eachtime
step,andwhile this givestheability to copewith rapidac-
celerationsthe very large uncertaintymeansthat a lot of
goodmeasurementsmustbemadeateachtimestepto con-
strainestimates.

6 Visual FeatureMeasurements

We have followed the approachof Davison and Mur-
ray [6], who showed that relatively large (9� 9 to 15� 15
pixels) image patchesare able to serve as long-term
landmarkfeatureswith a surprisingdegreeof viewpoint-
independence(see Figure 4(a)). Each interest region
is detectedonce with the saliency operatorof Shi and
Tomasi[15], andmatchedin subsequentframesusingnor-
malisedsum-of-squareddifferencecorrelation.

In this sectionwe considerthemeasurementmodel of
the processof measuringa featurealreadyin the SLAM
map. First, the estimatesxp of camerapositionandy i (a
straightforward 3D positionvector)of featurepositional-
low the valueof this measurementto be predicted. Con-
sideringthevectorsumof Figure3, thepositionof a point

(a) (b)

Figure 4. (a) Feature image patc hes. Patches
are detected as in [15] and generall y corre­
spond to well­localised point objects, though
re�ections or depth discontin uities can thr ow
up unsuitab le candidates: in SLAM, these
can be rejected over time since they do not
behave as stationar y landmarks when ob­
served from many viewpoints. (b) Search re­
gions during a period of high acceleration:
the positions at whic h features are found
(small ellipses representing estimates after
�ltering) lie towards the boundar y of the large
search ellipses.

featurerelative to thecamerais expectedto be:

hR
L = RRW (yW

i � r W ) :

RRW is therotationmatrixtransformingbetweenfrom cam-
era frame R and world frame W . The position (u; v) at
which thefeatureis expectedto be foundin the imagecan
befoundusingthestandardpinohlecameramodel:

h i =
�

u
v

�
=

0

@
u0 � f ku

hR
Lx

hR
Lz

v0 � f kv
hR

Ly

hR
Lz

1

A :

Heref is thecamerafocal lengthandku andkv areCCD
pixel densitiesin the horizontalandvertical directionsre-
spectively. Further, however, we canalsocalculatetheun-
certaintyin this prediction,representedby the innovation
covariancematrix Si . Knowledgeof Si is whatpermitsan
active approachto imagesearch;Si representsthe shape
of a 2D Gaussianpdf over imagecoordinatesandchoos-
ing a numberof standarddeviations (gating, normally at
3� ) de�nes an elliptical searchwindow within which the
featureshouldlie with highprobability. In our system,cor-
relationsearchesalwaysoccurwithin gatedsearchregions,
maximisingef�ciency andminimising the chanceof mis-
matches.SeeFigure4(b).

Si hasa further role in active search:it is a measureof
theinformationcontentexpectedof ameasurement.Essen-
tially, featuresearcheswith high Si (wheretheresultis dif-
�cult to predict)will providemoreinformationandproduce
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Figure 6. Frame­b y­frame evolution of the
probability density over feature depth repre­
sented by a par tic le set. 100 equall y­weighted
par tic les are initiall y spread evenl y along the
rang e 0.5m to 5.0m; with each subsequent im­
age measurement the distrib ution becomes
more peaked and more closel y Gaussian.

morereductionin theuncertaintyin estimatesof thecam-
eraandfeaturepositions.Speci�cally, sinceSi dependson
theuncertaintyin the relative positionof thecameraanda
feature,choosingthefeatureswith highSi for measurement
actsto reducethe uncertaintyin the mapconsistency asa
whole (alwaysattemptingto squashthemulti-dimensional
uncertaintyin the systemalongthewidestdimensionpos-
sible). In an implementationof vision-basedSLAM for a
robot with steerablecameras[6] this led directly to active
controlof theviewingdirectiontowardspro�table measure-
ments;herewe currentlydonotdirectly controlthecamera
movementto selectvaluablefeaturemeasurementsbut in
the casethat many candidatemeasurementsare available
we selectthosewith high innovationcovariance.Choosing
measurementslike this aims to squashthe uncertaintyin
thesystemalongthelongestaxisavailableateachstep,and
helpsto ensurethatno particularcomponentof uncertainty
in theestimatedstategetsoutof hand.

7 Automatic FeatureInitialisation UsingFac-
tored Sampling

The projective natureof camerameasurementsmeans
thatwhile our measurementmodeltells us thevalueof an
imagemeasurementgiventhepositionof thecameraanda
feature,it cannotbedirectly invertedto give thepositionof

a featuregivenanimagemeasurementandcameraposition
sincethe featuredepthis unknown. This meansthat ini-
tialising featuresin singlecameraSLAM will bea dif�cult
task: initial 3D positionsfor featurescannotbe estimated
from onemeasurementalone.

An obviousway to initialise featureswould be to track
themin 2D in theimageover a numberof framesandthen
perform a mini-batch updatewhen enoughevidencehad
beengatheredabouttheir depth. However, this would vi-
olateour top-down methodolgyandwasteavailableinfor-
mation:such2D trackingis actuallyverydif�cult whenthe
camerais potentially moving fast. Additionally, we will
commonlyneedto initialise featuresveryquickly becausea
camerawith anarrow �eld of view maysoonpassthemby.

Theapproachwe thereforetake is to initialise a 3D line
into themapfrom thesinglemeasurement,alongwhich. the
featuremustlie. This is a semi-in�nite line, startingat the
estimatedcamerapositionandheadingto in�nity alongthe
featureviewing direction,andlike othermapmembershas
Gaussianuncertaintyin its parameters.Its representationin

the SLAM map is: ypi =
�

r W
i

ĥW
i

�
wherer i is the po-

sition of its �nite endand ĥW
i is a unit vectordescribing

its direction. Along this line, a set of discretedepthhy-
pothesesaremade,analogousto a 1D particledistribution:
currently, thepriorprobabilityusedisuniformwith 100par-
ticlesin therange0.5mto 5.0m,re�ecting indooroperation.
At subsequenttimesteps,thesehypothesesareall testedby
projectingtheminto the image. As Figure5 shows, each
particle translatesinto an elliptical searchregion. Feature
matchingwithin eachellipse(via an ef�cient implementa-
tion for thecaseof searchmultiple overlappingellipsesfor
thesameimagepatch)producesa likelihoodfor each,and
their probabilitiesarereweighted.During thetime that the
particledepthdistributionisbeingre�ned, theparametersof
theline arenotupdated(exceptvia theirindirectcouplingto
therobotstatein theKalmanFilter), andmeasurementsof
it arenotusedto updatethecamerapositionestimate.This
is of courseanapproximationbecausein principlemeasure-
mentsof evenapartially initialisedfeaturedoprovidesome
informationon thecameraposition.

Figure 6 shows the evolution of the depthdistribution
over time, from uniform prior to sharppeak.Whenthera-
tio of thestandarddeviationof depthandthedepthestimate
itself dropsbelow a threshold,thedistribution is safelyap-
proximatedasGaussianandthefeatureinitialisedasapoint
into themap— from thispointonwardsit behavesasanor-
mal point feature,contributing to theupdateof thecamera
position estimate. Typically a just-initialisedfeaturewill
still have a relatively large depthuncertainty(of the order
of a few tensof centimetres),but this is rapidly reduced
oncemoremeasurementsareobtained.

Theimportantfactorof this initialisationis theshapeof
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Figure 5. A close­up view of image search in successive frames during feature initialisation. In the
�r st frame a candidate feature image patc h is identi�ed within a region searched with an interest
operator . A 3D ray along whic h the feature must lie is added to the SLAM map, and this ray is
projected into subsequent images (an epipolar line). A distrib ution of depth hypotheses from 0.5m to
5m translates via the uncer tainty in the new camera position relative to the ray into a set of ellipses
whic h are all searched to produce likelihoods for Bayesian re­weighting of the depth distrib ution.
A small number of time­steps are normall y suf�cient to reduce depth uncer tainl y suf�cientl y to
appr oximate as Gaussian and enable the feature to be added for use in the SLAM map.

thesearchregionsgeneratedby theoverlappingellipses.A
simpledepthprior hasremovedtheneedto searchalongthe
entireepipolarline, andimprovedtherobustnessandspeed
of initialisation. In real-timeimplementation,thespeedof
collapseof theparticledistributionis aided(andcorrelation
searchwork saved)by deterministicpruningof theweakest
particlesateachstep.

7.1 Map Management

With the ability to add featuresto the map comesthe
needfor criteria to decidewhenthis shouldbe necessary,
andpotentiallywhensomefeaturesshouldbedeleted.Our
map-maintenancecriterionaimsto keepthenumberof re-
liable featuresvisible from any cameralocation close to
a pre-determinedvaluedeterminedby the speci�cs of the
measurementprocess,the required localisation accuracy
andthe computingpower available: currently, numbersin
the region 6–10 are usedin this work. Feature“visibil-
ity” (moreaccuratelypredictedmeasurability)is calculated
basedontherelativepositionof thecameraandfeature,and
thesavedpositionof thecamerafrom whichthefeaturewas
initialised: the featuremustbe predictedto lie within the
image(andnot too closeto theedge),but further thecam-
eramustnot have movedor rotatedtoo far from its initial-
isationviewpoint of the featureor we would expectcorre-
lation to fail. Featuresareaddedto themapif thenumber
visible in theareathecamerais passingthroughis lessthan
this threshold.This criterion wasimposedwith ef�ciency
in mind — it is notdesirableto increasethenumberof fea-
turesandaddto the computationalcomplexity of �ltering
without good reason. A featureis deletedfrom the map
if, aftera predeterminednumberof detectionandmatching
attemptswhen the featureshouldbe visible, more than a

�x edproportion(in our work 50%)arefailures.This crite-
rion prunes“bad” featureswhich arenot true3D pointsor
areoftenoccluded.

A degreeof clutter in the scenecanbe dealtwith even
if it sometimesoccludeslandmarks.As longasclutterdoes
not too closely resemblea particular landmark,and does
not occludeit too often from viewing positionswithin the
landmark's region of expectedvisibility, attemptedmea-
surementswhile the landmarkis occludedwill simply fail
andnot leadto a �lter update.Problemsonly ariseif mis-
matchesoccur due to a similarity in appearancebetween
clutterandlandmarks,andthiscanpotentiallyleadto catas-
trophic failure. The correctoperationof the systemrelies
on the fact that in mostscenesvery similar objectsdo not
commonlyappearin a closeenoughvicinity to lie within a
singleimagesearchregion(andspecialstepswouldneedto
be taken to enablethesystemto work in sceneswith a lot
of repeatedtexture).

8 Active Camera Control: Saccadeand Pur-
suit

The capability for active robotic control of the orien-
tation of the wearablecamerareally comesinto its own
whencombinedwith thedetailedreal-timelocalisationin-
formationavailable from visual SLAM. In previous work
[14], aroll/pitchaccelerometersensormountedonthewear-
ablerobotpermittedself-levelling orientationcontrolof the
camerawith respectto gravity. Full 3D localisationhow-
ever also allows control of the camerabasedon position
information— for instanceit enables:

� Extended�xation on a 3D objectduring wearermo-
tion.



� Controlledsaccadesbetweenknown objectsin arbi-
trary positions,evenwhenthe target is out of thecur-
rent�eld of view.

Thesearecapabilitieswhich werecertainlyimpossibleus-
ingonlyorientationsensing.Onceamapof variousfeatures
hasbeenbuilt up, the robot canbe directedat will to any
mappedfeatureand commandedto control its orientation
to maintain�xation duringanextendedperiodof usermo-
tion. Continuoustrackingof a singlefeatureis something
which could be achieved in simpler ways, using a visual
servoing approach.In our scheme,however, sinceglobal
localisationis continuouslyrecovered,a further command
canthensendtherobotbackto �xate any other known fea-
ture: thecamerapositionestimate,featurepositionestimate
andknowledgeof thecurrentrobotanglespermit immedi-
atecalculationof thecontroldemandnecessaryfor �xation.

8.1 Control Scheme

A singlesimplecontrolruleisusedto calculaterobotori-
entationdemandsduringfeature�xation trackingandinter-
featuresaccades.First, aswhenmakingfeaturemeasure-
ments,the vectorfrom thecameracentreto the featureon
which �xation is desiredis calculatedandtransformedinto
thecameraframeof referenceR.

hR
L = RRW (yW

i � r W ) :

Knowledgevia odometryof thecurrentwearablerobotmo-
tor anglespermitscalculationof the rotation matrix RSR

transformingbetweenthe cameraframeR and the shoul-
der frame S; using this (and assumingthat the offsets
in the robot geometryare small suchthat the cameraro-
tatesapproximatelyaboutits opticcentre),wecalculatethe
camera-featurevectorin theshoulderframe:

hS
L = RSR hR

L :

This vectorcanthenbedecomposedto determinetheideal
robot angles(elevation andpan) for direct �xation on the
feature.Thesearenot demandedstraightaway however—
this would leadto very fastcameramotionsduring which
trackingwould likely be lost. Rather, a maximumangular
velocitylimit is �x edfor eachaxis(currentlyat30� s� 1) and
this de�nes themaximumdemandincrementissuedat any
time. Simultaneouslythe cyclotorsiondegreeof freedom
is controlledsuchthat thecameraremainsmaximally hor-
izontal (with respectto theworld coordinateframede�ned
by theinitially known featuresin themap).Thismeansthat
the camerawill stay fairly horizontalduring the wearer's
twistsandturns,aidingfeaturematchingandtracking.

Terminal"
"RemoteWearable

Visual
Robot

Workspace

Figure 7. Experimental envir onment.

9 Results

The visual SLAM algorithm was implementedat full
30Hz operation. In the current implementationall vi-
sion andmapprocessingwasachievedon a lap-topwith a
1.6GHzCentrinoprocessor. In fact,processingat a rateof
lessthan30Hzwould no doubtbe dif�cult sincethe inter-
frame motionsinducedmay be very greatand the uncer-
tainty requiredof the motion model such that all search
regions would be very large — there is indeeda power-
ful argumentfor proceedingto processingrateshigherthan
30Hz,wheretheactive approachusedmeansthat lesspro-
cessingwould berequiredon eachimagessincesearchre-
gions would be smaller re�ecting reducedmotion uncer-
tainty.

The experimentalenvironmentis depictedin Figure7.
Thewearerbrowsesadesk-topscene,manipulatingobjects
andmoving smoothlybut freely. Meanwhilearemoteoper-
ator (in this casesitting nearby)manipulatesthePCwhere
outputfrom therobotis displayedinteractively.

Thesystemis ableroutinelyto keeptrackof localisation
during long periodsof several minutesof wearermotion,
includingoftentrackingthroughtimeswhenonly very few
featuresarevisible thanksto the stability provided by the
motion model — thereis no minimum to the numberof
featuresthat mustbe successfullymeasuredat eachframe
althoughof coursemoreis alwayspreferable.After anex-
tendedperiodof movement,a typical mapgeneratedmay
havearound50or 60featuresandspanaworkingvolumeof
severalcubicmetres.Largermapsthanthis areunfeasible
with thecurrentimplementationdueto real-timeprocessing
constraints.

The positionsof six featurescorrespondingto corners



of a papertargetweregiven to the systemasprior knowl-
edge(imagepatcheswereselectedandsavedby hand,and
their3D positionsrelativeto ade�ned coordinateframeac-
curatelymeasured— thesefeaturesare insertedinto the
SLAM map with zero uncertainty, and thereforeall rows
andcolumnsof thecovariancematrix relatingto themwill
alwayshavezerovalues).Theinitial positionx v of thecam-
erawithin thiscoordinateframewasalsomeasured,though
this estimateis insertedinto the statevectoraccompanied
by a covariancePxx which correspondingto anuncertainty
of a few centimetresand this enablestracking to start as
long as the initial cameraposition is reasonablyclose to
that de�ned. It would of coursebe desirableto be able
to start tracking without the needfor a known target, but
currentlythis seemsunfeasible:thetargetde�nes a known
lengthscalefor the systemwithout which progresswould
bedif�cult sinceour schememakesuseof metricpriors in
themotionmodelandinitialisationprocess.

Linearaccelerationnoisecomponentsin Pn weresetto a
standarddeviationof 1ms� 2, andangularcomponentswith
a standarddeviation of 6rads� 2. Therelatively largeangu-
lar term was necessaryto copewith the rapid changesin
orientationof a worncamera.

9.1 Interface for Collaboration with aRemoteEx­
pert

Two real-timegraphicaldisplaysarepresentedto there-
moteexpert: a three-dimensionalreconstructionof theesti-
matedlocationsof thecameraandfeatures,andthe image
view from the cameraaugmentedwith featureestimates,
a world coordinateframeandothergraphics. The remote
expert's role in collaborationis to click on the displaysto
highlight objectsfor the wearer's attention. It is actually
very dif�cult for the remotecollaboratorto click reliably
onobjectsin therapidly-moving cameraview — thestable
3D view in theworld coordinateframeprovesvaluablefor
this, thoughmoredetailedgraphicsthan the setof points
currentlydrawn for renderingspeedwould bedesirable.

9.2 Video

A video accompanying this paperis availablefrom our
website(see�gure 8). This presentsthe resultsachieved
in the bestmannerandshows differentviews of real-time
SLAM, wearablerobot control andannotation.In graphi-
cal views, thefeaturecoloursusedindicatetheir status:red
featureshave beenmeasuredat the currenttime-step,blue
indicatesthatanattemptedmeasurementhasfailed,andyel-
low thatameasurementwasnotattempted(thefeaturehav-
ing beenevaluatedasnot measurablefrom this positionor
becauseenoughbetterfeatureshavealreadybeenselected).
A featurecurrentlybeingusedasthe target for �xation is

drawn in green,andshouldconsistentlyappearcloseto the
imagecentre. Simpleview augmentationwith wire-frame
cubescentredat thelocationof aselectedfeaturehighlights
certainpositions.Thecubes'orientationsare�x edrelative
to the world coordinateframe and they have constant3D
size.

10 Conclusions

We have presenteda fully-automaticreal-timevisuallo-
calisationandmappingsystemwhich is a very important
steptowardsusefulwearablevisionandrelevantto all types
of cameramotionestimation.Currentlimitationsof theal-
gorithm include that it can only handlea certainnumber
of features(perhaps60 with full graphicaloutput,or 100
without) within real-timeprocessingconstraints. This is
enoughto spana workspace,but not a whole room. Ef�-
cientSLAM implementationsandimprovedfeaturematch-
ing arerequiredto improvethis.

The feature matching would bene�t from more
viewpoint-independentcharacteristics;in particularit can-
notcopewith toomuchcamerarotationabouttheopticaxis
althoughwith thewearablerobotcyclotorsioncontrolmiti-
gatesthis. Wearecurrentlyinvestigating3Dsurfacepatches
asareplacementfor thecurrent2D features.

The narrow �eld of view of the wearableis a problem
for the SLAM algorithm, in which it is desirableto seea
wide spreadof featuresat all times. A more wide-angle
lensshouldbe bene�cial sincefewer featureswill needto
beaddedto themap.

We do not currently make useof any inertial sensing,
althoughincorporatingthiswouldbeanaturalstep.Thein-
evitableincreasein performancewouldneedto beweighed
againstthesmallincreasein systemcomplexity involved,as
well asthe lossof algorithmicgenerality:a purely vision-
basedmethodis morereadilyappliedto differenthardware
platforms.

Current plans are to move the systemaway from the
desktopto moregenerallarge-scalescenes.
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