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Abstract

We presenta geneml methodfor real-time vision-
only single-camea simultaneousocalisationand mapping
(SLAM)— an algorithm which is applicableto the locali-
sationof any camen moving througha scene— and study
its applicationto the localisationof a weaiable robotwith
activevision. Startingfromveryspaiseinitial sceneknowl-
edcee, a mapof natural point featuesspanninga sectionof
aroomis genetedon-the- yasthemotionofthecamenis
simultaneouslhestimatedn full 3D. Naturally this permits
theannotationof the scenewith rigidly-registeredgraphics,
but furtherit permitsautomaticcontrol of therobot's active
cameas: for instance xation on a 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 undesstandingor “management” of a
workspacewhich the robotneedso havein order to assist
its weaer usefullyin tasks.We believe that the techniques
andtechnolagydevelopedare of particularimmediatevalue
in scenarioof remotecollaboration,where a remotesxpert
is able to annotate throughthe robot, the environmentthe
wealer is workingin.

1 Intr oduction

A body-mountedisualsensoprovidesawearablecom-
puterwith the opportunityto sensethe world from a rst-
personperspectie. The sensormoveswith and obsenes
theplacesattendedy thewearer— notonly enhancinghe
chancesf recovering the wearers statefrom a privileged
positionbut providing non-invasive sensingf thesurround-
ings which reduceghe burdeningof the environmentwith
technologicalcreepers. When the wearablesensoris un-
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der its own control, suchthatits viewpoint canbe moved
andthusa certainamountof independencgainedfrom the
wearerthesystenmnis betterdescribedy theterm“wearable
visualrobot”.

A wearablevisualrobotis in apositionto detecthoththe
actionsof its wearer(e.g. graspingmotions)andthe state
of the ervironment(e.g. the pot is boiling), andtherefore
hasthe potentialto actasan assistanto a wearerworking
in variousdomains. It could actasan aid to memoryin a
constructiorscenariohelpingthewearerkeeptrackof tools
andmaterials;it could provide warningsof dangerousitu-
ationsor objects,or draw attentionto thoseof interestwith
possessiomf speci ¢ domainknowledgeit could provide
the wearerwith a work-plan— perhapgyuiding the medi-
cal treatmentadministeredy a non-epertparamedidn a
remotelocation.

A more immediatemode of operationthan fully au-
tonomousassistantvould beto ervisagethewearablaobot
asthefacilitatorof helpfrom aremotehumanexpert,asde-
pictedin Figurel. In suchremotecollaborationaugment-
ing and mediatingthe ervironmentwith informationis at-
tractive if informationcanbe positionedrelative to speci ¢
objectsor places,achieving a true context-speci ¢ o w of
information. This augmentatiorcanbe 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, thingsto do or ary
othersortof informationthatcould be of useto the current
expert/wearepartnershipor to otherfutureusers.

1.1 WearableVision and Localisation

If awearablerobotequippedwith a vision systemis to
assistits user eitherautonomoushor via remoteannota-
tion, therobotmustknow whereit is with respecto objects
of interestin the surroundingswhethertheseobjectsare
known in advanceor detectecautonomouslyWhile various
othersensottypes(often requiringadditionalscenenfras-
tructure,suchas magneticor ultrasonicsensors)an pro-
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Figure 1. A remote expert annotates the envi-
ronment he interacts with via a wearable vi-
sual robot.

vide localisationinformation, achiezing localisationusing
only the image dataacquiredfrom the robot's own cam-
erain naturalsceness very appealingtherobotis making
useof the samedatatype asits humanwearerand poten-
tial remotecollaboratorandis abledirectly to make useof
measurementsf the objectsof interestthemseles. Visual
annotatiorfor augmentedeality becomesaturalandaccu-
rate,andrestrictionson usermovementareremoved.

Ego-motionestimationfor an agile single cameramov-
ing throughgeneral,unknovn sceness a very challenging
problemwhenreal-time performancds required— most
successfuktructurefrom motion work hasbeenachieved
underthe off-line processingconditions. This task of es-
timating cameramotion from measurementsf a continu-
ously expandingset of self-mappedvisual featuresis one
of a classof problemsknown asSimultaneous ocalisation
andMapping(SLAM) in theroboticscommunity

Large scalereal-timevisual mappingof whole rooms,
buildingsor evenoutdoorsceness currentlyunfeasible:as
we shallsee thecomputationatomplexity of SLAM grows
with mapsize andthis meansthat the hardreal-timecon-
straintsimposedby the requirementfor continuouslocal-
isationwill be violated at somemap size. We are there-
fore currentlyfocusedon real-timesmall-scalenvorkspace
localisation. A workspacemay be the volume of several
cubicmetresn whichawearemustcarryoutatask.

Localisationwithin a workspacesntailssolving a series
of problemsamposedby proximity. Whenobjectsareclose,
perspectie changesndobjects'mutualocclusionsbecome
pronounceandfrequentevenundermoderatelysmallmo-
tions of the camera. Furthermore pbjectscanchangepo-
sition and orientationor even disappear perhapsmoved

robot

Figure 2. Collar-mounted wearable
equipped with a miniature camera manipu-
lated by a three-axis motoriz ed active plat-
form.

by the wearerhimself. Anotherrelevantissueis that rel-

atively small objectslike hands,caninict large amounts
of occlusionbecausehey inhabitthe spacenearthe sensor
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 use of a wide-

anglelens, at the costof someangularresolution),partial

sceneocclusionand periodswhen only small numbersof

featuresarevisible aredealtwith naturally

2 A WearableRobot with Active Vision

At the humanscale,a moving lens-cameraystemis
a good compromisebetweenhigh angularresolutionand
small volume. Both criteria are of greatimportancefor
living beingsand thus, not surprisingly importantto ary
wearableagentthat browsesthe world usinga visual sen-
sor. Dependingon its extent, robot motion canbe usedto
compensatdor userpostureand motion changesor even
perhapdo accesglacesoccludedin theline of sightfrom
anotherwisex edsensindocation.

We have developeda miniature wearableactive vision
system(Figure 2) which in its mostrecentversionincor-
poratesan IEEE-1394camerawith a SONY W ne* CCD,
and eld of view (FOV) of about40 horizontaland 30
vertical. It is worn at the shoulderas a compromisebe-
tweenlarge FOV (minimising occlusionby the body) and
movementindependencérom the wearers viewing direc-
tion [14].



The robot hasthreerotationaldegreesof freedom(ele-
vation, pan and cyclotorsion),in a con guration that was
optimisedto minimiseworking volume[13]. It alsohasa
two-dimensionahccelerometebut this wasnot usedin the
currentwork. Its controller may operatevia a wirelessor
umbilical connectiorto the hostcomputer

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

3 SingleCameraSLAM

In this andthefollowing sectionsve presenbur general
approachto single cameralocalisation,valid whetherthe
camerds wornasin theapplicationpresentedh this paper
wavedin thehandor evenattachedo arobot. More general
informationonthis approacttanbefoundin [4]. In ourap-
proachto visuallocalisation,the goalis not the processing
of imagesequenceseceved from an external source,but
the real-timeuseof a wearablecamerain context. Within
aroom, the camerastartsapproximatelyat restwith some
known objectin view to actasa startingpoint andprovide
ametricscaleto the proceedinggthis canbe assimpleasa
standargieceof paper).Thecamerahenmovessmoothly
but rapidly, translatingandrotatingfreely in 3D, within the
roomor arestrictedvolumewithin it, suchthatvariousparts
of theunknavn ervironmentcomeinto view. Theaimis to
estimatdts 3D positioncontinuouslypromptlyandrepeat-
ably duringarbitrarily long periodsof movement.This will
involve accuratelymapping(estimatingthe locationsof) a
sparsesetof featuresn theervironment.

A key aspecbf our scenarids thedesirefor repeatable
localisation: by this we meanrequiringthe ability to esti-
matethe locationof the camerawith justasmuchaccuray
after 10 minutesof motion as was possibleafter 10 sec-
onds— a gradualdrifting over time is not acceptable.To
achieve this the featuresdetectedand mappedmustfunc-
tion as stable,long-termlandmarks ratherthan transient
trackingpoints,andthis implies boththatthe featuresmust
be strongly salientandidenti able, andthat caremustbe
taken when propagatinghe uncertaintyin their locations.
Early implementation®f sequentiaktructurefrom motion
[1, 9, 2] usedthe standardshort-lived“corner” featuresfa-
miliar from off-line methodsandindependengstimatorgor
thelocationof eachfeature,anddisplayedsigni cant mo-
tion drift overtime: theinability eitherto re-recognisdea-
turesfrom the pastor make correctuse of measurements
meantthat the trajectoriesand mapsestimateddisplayeda
gradualdivergenceover time from the ducial coordinate
frame.

3.1 SLAM with First-Order Uncertainty Propa-
gation

The question of motion drift in real-time simulta-
neous localisation and mapping (SLAM) is now well-
understoodn mobile roboticsresearch ExtendedKalman
Filter (EKF)-basedalgorithms,propagatingrst-order un-
certaintyin the coupledestimate®f robotandmapfeature
positions,combinedwith varioustechniquedor reducing
computationatomplexity in large maps,have shovn great
successn enablingrobotsto estimatetheir locationsaccu-
rately androbustly over large movementaread[7, 12]. In
the rst-order uncertaintypropagatiorframeawork, theover-
all “state” of the systemx is representedsa vectorwhich
canbe partitionedinto the state®, of therobot(or camera)
andthe statesf; of entriesin the mapof its surroundings.
Crucially, the statevectoris accompaniedy a single co-
variancematrix P which canalsobe partitionedasfollows:

1 2 3
Pux Py, Py,

0
Ry
R = %91 § - p=8 Pux Ruy Py, é :
g2 A

Pyzx PY2y1 Pyz)’2

Therole of the covariancematrix is to representhe uncer
tainty, to rst order in all the quantitiesin the statevectotr
Featureestimateg); canbefreely addedto or deletedfrom
the mapasrequired,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-
mentsare obtained,a measurement model describehow
mapandrobotuncertaintycanbereduced.

The critical importanceof maintaininga full covariance
matrix P, completewith off-diagonalelementshasbeenir-
refutablyprovenin SLAM researchTheseelementsepre-
sentthe correlationbetweenestimatesvhich is alwaysin-
herentin map-huilding. Thetypical situationis thatclusters
of closefeatureswill have positionestimatesvhich areun-
certainin the world referenceframe but highly correlated
with oneanother— their relative positionsarewell known.
Holding correlationinformationmeansthat measurements
of arny oneof this clustercorrectly affectsthe estimateof
theothersandis thekey to beingableto re-visitandrecog-
niseknown areasafter periodsof neglect.

SuccessfulSLAM approachesiave generallyoperated
usingnotvision but specialisedensorsuchaslaserrange-

nders, and in somevhat restrictedconditionsincluding
2D planarrobot movementand/ormapping,known robot
control inputs and accurately-modelledlynamics. In vi-
sion, Davison and Murray [6] madeearly progressn full-
covariancemappingusing active stereoand Davison and
Kita [5], in perhapghe rst work onSLAM in full 3D, used



a cunvaturemodelfor unknavn surfaceshapein combina-
tion with active stereoto estimatethe location of a robot
moving on non- at surfaces.

SinglecameraSLAM with general3D motionis at the
very dif cult extremeof the genre.Among previouswork,
thatof Chiusoetal.[3] hasmostin commonwith thepresent
paper They presenta real-time, full-covarianceKalman
Filter-basedapproacho sequentiaktructurefrom motion,
but aim towardsmodelgeneratiorratherthanlocalisation.
Bottom-up 2D featuretracking meansthat only relatively
slow cameramotionsare permissible,and doesnot allow
featureso bere-acquiredafterperiodsof negglect: theirfea-
turestypically survive for 20—-40framesthenarereplaced
in the statevectorby others. This meansthat motion drift
would eventuallyenterthe system.

Thereis muchinterestin real-timecamera-baselbcali-
sationfrom thewearablecomputingcommunity Foxlin [8]
hasdemonstratednimpressive systemcombiningaccurate
inertial sensingwith visual measuremenif automatically-
mappedducial targetsplacedon a ceiling to provide real-
time localisationover extendedindoor areas. Kourogi et
al. [11] alsouseinertial sensingn combinatiorwith visual
recognitionof key-framedwaypointsto permitlocalisation-
basecannotation.

4 Representing3D Position and Orientation

We de ne the coordinateframesW, x edin theworld,
andR, x edwith respecto the camera(seeFigure3). To
easeissueswith linearisationandsingularities,we choose
a non-minimalrepresentatioof 3D orientation,andusea
guaternion.Thevectorof 7 parametershoserto represent
positionandorientationis therefore:
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We referto x, asthe position state of the camera:a stan-
dard way to de ne 3D position and orientationwhich is
commonfor ary type of moving body. We differentiatebe-
tweenxp andxy, the actualstate of the body, which may
includeparameteradditionalto thoserepresentingurepo-
sition suchasvelocity.

5 A Motion Model for a Smoothly Moving
Camera

In the caseof a cameraattachedo a personthe motion
modelmusttake accountof the unknown intentionsof the
personput thesecanbe statisticallymodelled. The type of
modelwe chooseinitially is a “constantvelocity, constant
angularvelocity model”. This meansnot that we assume
thatthe cameramovesat a constantvelocity over all time,

Feature

Figure 3. Frames and vector s in camera ge-
ometry. 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 that our statisticalmodelof its motionin atime stepis
thaton averagewe expectits velocity andangularvelocity
to remainthe same,while undeterminedacceleration®c-
cur with a Gaussiarpro le. Theimplication of this model
is that we areimposinga certainsmoothnes®n the cam-
eramotion: very large accelerationarerelatively unlikely.
Modellingthevelocity of thecameran thisway meanghat
we mustaugmenthe positionstatevectorx, with velocity
termsto form the statevector:

0
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Herev" is thelinearvelocityand! W theangular ve-
locity. Angular velocity is a vectorwhoseorientationde-
notesthe axis of rotationandwhosemagnitudethe rate of
rotationin radiansper second. The total dimensionof the
camerastatevectoris thereforel3. (Note thatthe redun-
dang in the quaterniorpart of the statevectormeansthat
we mustperforma normalisationat eachstepof the EKF
to ensurghateach Itering stepresultsin atruequaternion
satisfyinggg + of + f + ¢¢ = 1; this normalisationis
accompaniedy a correspondinglacobiancalculationaf-
fectingthe covariancematrix.)

We assumehatin eachtime step,unknovn acceleration
a"V andangularacceleration W processe®f zero mean
andGaussiardistribution causeanimpulseof velocity and
angularvelocity:

n= w = Wt

to be appliedto the camera. Dependingon the circum-
stancesY W and W maybe coupledtogether(for exam-
ple, by assumindhatasingleforceimpulseis appliedto the



rigid shapeof the body carryingthe cameraat every time

step,producingcorrelatecchangesn its linearandangular
velocity). Currently however, we assumehat the covari-

ancematrix of the noisevectorn is diagonal representing
uncorrelatechoisein all linear androtationalcomponents.
Thestateupdateproduceds

0 rX‘gw rW+(vW+VW) t
Y FRTIATERERTS
Vr\ﬁw vW + V
* new | +
Herethenotationg((! W + W) t) denoteshequater
nion trivially de ned by the angle-axisrotation vector
W+ Wy,
In the EKF, the new stateestimatef, (xy;u) mustbe
accompaniedy the increasein stateuncertainty(process

noisecovariance)Q, for the cameraafterthis motion. We
nd Q viatheJacobiarcalculation:

_ @, @
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whereP, is the covarianceof noisevectorn. This Jacobian
calculationis complicatedbut tractable;we do not present
theresultshere.

The rate of growth of uncertaintyin this motion model
is determinecby the sizeof P,, andsettingtheseparame-
tersto small or large valuesde nes the smoothnessf the
motionwe expect. With smallP, , we expecta very smooth
motionwith smallaccelerationsandwould be well placed
to trackmotionsof this type, but would not be ableto cope
with sudderrapidmovements High P, meanghatthe un-
certaintyin the systemincreasesigni cantly at eachtime
step,andwhile this givesthe ability to copewith rapid ac-
celerationsthe very large uncertaintymeansthat a lot of
goodmeasurementmustbe madeat eachtime stepto con-
strainestimates.

6 Visual Feature Measurements

We have followed the approachof Davison and Mur-
ray [6], who shaved that relatively large (9 9to 15 15
pixels) image patchesare able to sene as long-term
landmarkfeatureswith a surprisingdegree of viewpoint-
independencgsee Figure 4(a)). Each interest region
is detectedonce with the salieny operatorof Shi and
Tomasi[15], andmatchedn subsequenframesusingnor-
malisedsum-of-squaredifferencecorrelation.

In this sectionwe considerthe measuementmodel of
the processof measuringa featurealreadyin the SLAM
map. First, the estimates<, of camerapositionandy; (a
straightforward 3D position vector) of featureposition al-
low the value of this measuremertb be predicted Con-
sideringthe vectorsumof Figure3, the positionof a point

Figure 4. (a) Feature image patches. Patches
are detected as in [15] and generally corre-
spond to well-localised point objects, though
re ections or depth discontin uities can throw

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 which features are found
(small ellipses representing estimates after
Itering) lie towards the boundar y of the large
search ellipses.

featurerelative to thecameras expectedo be:
=RVl )

RW is therotationmatrixtransformingoetweerfrom cam-
eraframeR andworld frameW. The position (u;v) at
which the featureis expectedto be foundin theimagecan
befound usingthestandarqainohlecameranodel:
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Heref is the camerafocal lengthandk, andk, are CCD

pixel densitiesin the horizontalandvertical directionsre-

spectvely. Further however, we canalsocalculatethe un-

certaintyin this prediction, representedby the innovation
covariancematrix S. Knowledgeof § is whatpermitsan

active approachto imagesearch;S representshe shape
of a 2D Gaussiarpdf over image coordinatesand choos-
ing a numberof standarddeviations (gating, normally at
3 ) de nes an elliptical searchwindow within which the
featureshouldlie with high probability. In our systemcor-

relationsearcheslwaysoccurwithin gatedsearchregions,
maximisingef ciency and minimising the chanceof mis-

matchesSeeFigure4(b).

S hasafurtherrole in active search:it is a measureof
theinformationcontentexpectedof ameasuremengEssen-
tially, featuresearchesvith high S (wheretheresultis dif-

cult to predict)will provide moreinformationandproduce
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Figure 6. Frame-by-frame evolution of the
probability density over feature depth repre-
sented by aparticle set. 100 equall y-weighted
particles are initiall y spread evenly along the
rang e 0.5m to 5.0m; with each subsequent im-
age measurement the distrib ution becomes
more peaked and more closely Gaussian.

morereductionin the uncertaintyin estimatesf the cam-
eraandfeaturepositions.Speci cally, sinceS depend®n
the uncertaintyin the relative positionof the cameraanda
featurechoosinghefeatureswith high S for measurement
actsto reducethe uncertaintyin the map consisteng asa
whole (alwaysattemptingto squastthe multi-dimensional
uncertaintyin the systemalongthe widestdimensionpos-
sible). In animplementatiorof vision-basedsLAM for a
robotwith steerablecameragd6] this led directly to active
controlof theviewing directiontowardspro table measure-
ments;herewe currentlydo notdirectly controlthe camera
movementto selectvaluablefeaturemeasurementbut in
the casethat mary candidatemeasurementare available
we selectthosewith high innovationcovariance.Choosing
measurementbk e this aims to squashthe uncertaintyin
thesystemalongthelongestaxisavailableat eachstep,and
helpsto ensurethatno particularcomponenof uncertainty
in the estimatedstategetsout of hand.

7 Automatic Featurelnitialisation UsingFac-
tored Sampling

The projective natureof camerameasurementmeans
thatwhile our measuremenmnodeltells us the value of an
imagemeasuremergiventhe positionof the cameraanda
feature,it cannotbedirectly invertedto give the positionof

afeaturegivenanimagemeasuremerandcamergosition
sincethe featuredepthis unknovn. This meansthat ini-
tialising featuredn singlecameraSLAM will beadif cult
task: initial 3D positionsfor featurescannotbe estimated
from onemeasuremerglone.

An olviousway 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-
olate our top-dovn methodolgyand wasteavailable infor-
mation:; such2D trackingis actuallyvery dif cult whenthe
camerais potentially moving fast. Additionally, we will
commonlyneedto initialise featuresvery quickly becausea
camerawith anarronv eld of view maysoonpasshemby.

The approachwe thereforetake is to initialise a 3D line
into themapfrom thesinglemeasuremenglongwhich. the
featuremustlie. Thisis a semi-in nite line, startingat the
estimateccamergpositionandheadingto in nity alongthe
featureviewing direction,andlike othermapmembersas
Gaussianuncertaintyin its pararUvetersI.ts representatiom

the SLAM mapis: yp = IE}IW

I

sition of its nite endand A is a unit vectordescribing
its direction. Along this line, a set of discretedepthhy-
pothesesre made,analogougo a 1D particledistribution:
currently theprior probabilityuseds uniformwith 100par
ticlesin therange0.5mto 5.0m,re ecting indooroperation.
At subsequertime stepsthesehypotheseareall testedby
projectingtheminto the image. As Figure 5 shaws, each
particletranslatesnto an elliptical searchregion. Feature
matchingwithin eachellipse (via an ef cient implementa-
tion for the caseof searchmultiple overlappingellipsesfor
the sameimagepatch)produces likelihoodfor each,and
their probabilitiesarereweighted. During the time thatthe
particledepthdistributionis beingre ned, theparametersf
theline arenotupdatedexceptvia theirindirectcouplingto
therobotstatein the KalmanFilter), andmeasurementsf
it arenotusedto updatethe camergpositionestimate.This
is of courseanapproximatiorbecausén principlemeasure-
mentsof evenapartially initialisedfeaturedo provide some
informationon the camergosition.

Figure 6 shows the evolution of the depthdistribution
over time, from uniform prior to sharppeak. Whenthera-
tio of thestandardleviation of depthandthedepthestimate
itself dropsbelow athreshold the distribution is safelyap-
proximatedasGaussiarmndthefeatureinitialisedasapoint
into themap— from this pointonwardsit beharesasanor-
mal point feature contrituting to the updateof the camera
position estimate. Typically a just-initialised featurewill
still have a relatively large depthuncertainty(of the order
of a few tensof centimetres)but this is rapidly reduced
oncemoremeasurementreobtained.

Theimportantfactorof thisinitialisationis the shapeof

wherer; is the po-
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Figure 5. A close-up view of image search in successive frames during feature initialisation.
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In the

r st frame a candidate feature image patch is identied within a region searched with an interest
operator. A 3D ray along which 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 re-weighting of the depth distrib ution.

A small number of time-steps are normall y suf cient

to reduce depth uncertainly sufcientl y to

approximate as Gaussian and enable the feature to be added for use in the SLAM map.

the searclregionsgeneratedby the overlappingellipses.A
simpledepthprior hasremovedtheneedto searchalongthe
entireepipolarline, andimprovedtherobustnesandspeed
of initialisation. In real-timeimplementationthe speedof
collapseof theparticledistributionis aided(andcorrelation
searchwork saved) by deterministigoruningof thewealest
particlesateachstep.

7.1 Map Management

With the ability to add featuresto the map comesthe
needfor criteriato decidewhenthis shouldbe necessary
andpotentiallywhensomefeaturesshouldbe deleted.Our
map-maintenanceriterion aimsto keepthe numberof re-
liable featuresvisible from arny cameralocation closeto
a pre-determined/alue determinedby the speci cs of the
measuremenprocess,the requiredlocalisation accuray
andthe computingpower available: currently numbersin
the region 6-10 are usedin this work. Feature“visibil-
ity” (moreaccuratelypredictedmeasurability)s calculated
basedntherelative positionof thecameraandfeature and
thesavedpositionof thecamerdrom whichthefeaturewas
initialised: the featuremustbe predictedto lie within the
image(andnot too closeto the edge),but furtherthe cam-
eramustnot have moved or rotatedtoo far from its initial-
isationviewpoint of the featureor we would expectcorre-
lation to fail. Featuresareaddedto the mapif the number
visible in theareathecameras passinghroughis lessthan
this threshold. This criterion wasimposedwith ef ciency
in mind— it is not desirableto increasehe numberof fea-
turesandaddto the computationatompleity of Itering
without good reason. A featureis deletedfrom the map
if, aftera predeterminediumberof detectionandmatching
attemptswhen the featureshouldbe visible, morethana

x edproportion(in our work 50%) arefailures. This crite-
rion prunes‘bad” featureswhich arenot true 3D pointsor
areoftenoccluded.

A degreeof clutterin the scenecanbe dealtwith even
if it sometimeoccludedandmarksAs long asclutterdoes
not too closely resemblea particularlandmark,and does
not occludeit too often from viewing positionswithin the
landmarks region of expecteduvisibility, attemptedmea-
surementsvhile the landmarkis occludedwill simply fail
andnotleadto a Iter update.Problemsonly ariseif mis-
matchesoccur dueto a similarity in appearancéetween
clutterandlandmarksandthis canpotentiallyleadto catas-
trophic failure. The correctoperationof the systemrelies
on the factthatin mostscenesvery similar objectsdo not
commonlyappeaiin a closeenoughvicinity to lie within a
singleimagesearctregion (andspecialstepswvould needto
be takento enablethe systemto work in sceneswith a lot
of repeatedexture).

8 Active CameraControl: Saccadeand Pur-
Suit

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

Extended xation on a 3D objectduring wearermo-
tion.



Controlled saccadedetweenknown objectsin arbi-
trary positions,evenwhenthe targetis out of the cur-
rent eld of view.

Theseare capabilitieswhich were certainlyimpossibleus-
ing only orientationsensing Oncea mapof variousfeatures
hasbeenbuilt up, the robot canbe directedat will to ary
mappedfeatureand commandedo control its orientation
to maintain xation duringanextendedperiodof usermo-
tion. Continuoustrackingof a singlefeatureis something
which could be achieved in simplerways, using a visual
senoing approach. In our scheme however, sinceglobal
localisationis continuouslyrecovered,a further command
canthensendtherobotbackto xate ary other known fea-
ture: thecamergpositionestimatefeaturepositionestimate
andknowledgeof the currentrobotanglespermitimmedi-
atecalculationof thecontroldemanchecessarfor xation.

8.1 Control Scheme

A singlesimplecontrolruleis usedto calculaterobotori-
entationdemandsluringfeature xation trackingandinter-
featuresaccadesFirst, aswhen making featuremeasure-
ments,the vectorfrom the cameracentreto the featureon
which xation is desireds calculatecandtransformednto
thecamerdrameof referencer.

= R Y )

Knowledgevia odometryof thecurrentwearablaobotmo-
tor anglespermits calculationof the rotation matrix RSR
transformingbetweenthe cameraframe R and the shoul-
der frame S; using this (and assumingthat the offsets
in the robot geometryare small suchthat the cameraro-
tatesapproximatelyaboutits optic centre) we calculatethe
camera-featureectorin the shouldeiframe:

hS = RERKE :

This vectorcanthenbe decomposetb determinetheideal
robot angles(elevation and pan) for direct xation on the
feature.Thesearenot demandedtraightaway however —

this would leadto very fastcameramotionsduring which

trackingwould likely be lost. Rather a maximumangular
velocitylimit is x edfor eachaxis(currentlyat30 s )and
this de nesthe maximumdemandncrementissuedat ary

time. Simultaneouslythe cyclotorsiondegreeof freedom
is controlledsuchthatthe cameraremainsmaximally hor-

izontal (with respecto theworld coordinateframede ned

by theinitially known featuresn themap). This meanghat
the camerawill stayfairly horizontalduring the wearers
twistsandturns,aidingfeaturematchingandtracking.

Wearable™
Visual ~

"Remote
Terminal"

Figure 7. Experimental environment.

9 Results

The visual SLAM algorithm was implementedat full
30Hz operation. In the current implementationall vi-
sionandmap processingvasachiezed on a lap-topwith a
1.6GHzCentrinoprocessarln fact, processingt a rate of
lessthan30Hz would no doubtbe dif cult sincethe inter-
frame motionsinducedmay be very greatandthe uncer
tainty requiredof the motion model suchthat all search
regions would be very large — thereis indeeda power-
ful agumentfor proceedingo processingateshigherthan
30Hz,wherethe active approachusedmeanghatlesspro-
cessingwould be requiredon eachimagessincesearctre-
gions would be smallerre ecting reducedmotion uncer
tainty.

The experimentalervironmentis depictedin Figure 7.
Thewearerbrowsesa desk-topscenemanipulatingobjects
andmoving smoothlybut freely. Meanwhilearemoteoper
ator (in this casesitting nearby)manipulategshe PC where
outputfrom therobotis displayednteractiely.

Thesystemis ableroutinelyto keeptrackof localisation
during long periodsof several minutesof wearermotion,
including oftentrackingthroughtimeswhenonly very few
featuresare visible thanksto the stability provided by the
motion model— thereis no minimum to the numberof
featuresthat mustbe successfullymeasuredt eachframe
althoughof coursemoreis alwayspreferable. After anex-
tendedperiod of movement,a typical map generatednay
havearounds0 or 60featuresandspanaworking volumeof
several cubic metres. Larger mapsthanthis areunfeasible
with thecurrentimplementatiordueto real-timeprocessing
constraints.

The positionsof six featurescorrespondingo corners



of a papertargetweregivento the systemas prior knowl-
edge(imagepatchesvereselectecandsaved by hand,and
their 3D positionsrelative to a de ned coordinatdrameac-
curately measured— thesefeaturesare insertedinto the
SLAM mapwith zero uncertainty and thereforeall rows
andcolumnsof the covariancematrix relatingto themwill
alwayshavezerovalues).Theinitial positionx, of thecam-
erawithin this coordinatdramewasalsomeasuredthough
this estimateis insertedinto the statevectoraccompanied
by a covariancePy, which correspondingo anuncertainty
of a few centimetresand this enablestrackingto startas
long as the initial camerapositionis reasonablycloseto
that de ned. It would of coursebe desirableto be able
to starttracking without the needfor a known target, but
currentlythis seemsaunfeasible:the targetde nes a known
length scalefor the systemwithout which progresswould
be dif cult sinceour schememalkesuseof metric priorsin
themotionmodelandinitialisation process.

Linearacceleratiomoisecomponentin P, weresetto a
standardleviation of 1ms 2, andangularcomponentsvith
astandardieviation of 6rads 2. Therelatively large angu-
lar term was necessaryo copewith the rapid changesn
orientationof aworn camera.

9.1 Interface for Collaboration with aRemoteEx-
pert

Two real-timegraphicaldisplaysarepresentedo there-
moteexpert: athree-dimensionakconstructiorof the esti-
matedlocationsof the cameraandfeaturesandthe image
view from the cameraaugmentedvith featureestimates,
aworld coordinateframe and othergraphics. The remote
expert'srole in collaborationis to click on the displaysto
highlight objectsfor the wearers attention. It is actually
very dif cult for the remotecollaboratorto click reliably
on objectsin therapidly-moving cameraview — the stable
3D view in theworld coordinateframe provesvaluablefor
this, thoughmore detailedgraphicsthan the setof points
currentlydrawn for renderingspeedvould be desirable.

9.2 Video

A video accompaying this paperis available from our
website(see gure 8). This presentghe resultsachiered
in the bestmannerand shows differentviews of real-time
SLAM, wearablerobot control and annotation.In graphi-
cal views, thefeaturecoloursusedindicatetheir status:red
featureshave beenmeasuredat the currenttime-step blue
indicateghatanattemptedneasuremertasfailed,andyel-
low thata measuremenwasnotattemptedthefeaturehav-
ing beenevaluatedasnot measurablérom this positionor
becausenoughbetterfeatureshave alreadybeenselected).
A featurecurrentlybeingusedasthe targetfor xation is

drawn in green,andshouldconsistentlyappearcloseto the
imagecentre. Simpleview augmentatiorwith wire-frame
cubescentredatthelocationof a selectedeaturehighlights
certainpositions. The cubes'orientationsare x edrelative
to the world coordinateframe and they have constant3D
size.

10 Conclusions

We have presented fully-automaticreal-timevisuallo-
calisationand mappingsystemwhich is a very important
steptowardsusefulwearablerision andrelevantto all types
of cameramotion estimation.Currentlimitations of the al-
gorithm include that it canonly handlea certainnumber
of features(perhaps50 with full graphicaloutput, or 100
without) within real-time processingconstraints. This is
enoughto spana workspacebut not a wholeroom. Ef -
cientSLAM implementationaindimprovedfeaturematch-
ing arerequiredto improvethis.

The feature matching would benet from more
viewpoint-independentharacteristicsin particularit can-
notcopewith too muchcameraotationabouttheoptic axis
althoughwith thewearablerobotcyclotorsioncontrol miti-
gateghis. We arecurrentlyinvestigating8D surfacepatches
asareplacementor the current2D features.

The narrov 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
beaddedo themap.

We do not currently make useof ary inertial sensing,
althoughincorporatingthis would be a naturalstep.Thein-
evitableincreasan performanceavould needto beweighed
againsthesmallincreasen systencomplexity involved,as
well asthe lossof algorithmicgenerality:a purely vision-
basedmethodis morereadily appliedto differenthardware
platforms.

Currentplans are to move the systemaway from the
desktopto moregeneralarge-scalescenes.
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