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Abstract. Active cameragrovide a mobile robot with the capabilityto xate
andtrack featuresover awide eld of view. However, their useemphasisese-
rial attentionfocussingon a successionf scendeaturesraisingthe questionof
how this shouldbe bestachievzed to provide localisationinformation. This paper
describesa fully automaticsystem ableto detect,storeandtrack suitableland-
mark featuresduring goal-directedchavigation. The robot choosesvhich of the
available setof landmarksto track at a certaintime to bestimprove its position
knowledge, and decideswhenit is time to searchfor new features.Localisa-
tion performancemproves on that achiezed using odometryalone and shavs
signi cant adwvantagesver passve structure-from-motioriechniquesRigorous
consideratioris given to the propagatiorof uncertaintyin the estimationof the
positionsof the robot and scenefeaturesasthe robot moves, xates and shifts
xation. The papershavs how the estimatesof thesequantitiesare inherently
coupledin ary map-huilding system,andhow featurescanreliably be re-found
afterperiodsof neglect, mitigatingthe “motion drift” problemoftenencountered
in structure-from-motioralgorithms.

1 Intr oduction

Active cameragotentially provide a navigating vehiclewith the ability to xate and
track featuresover extendedperiodsof time, andwide elds of view. While it is rel-
atively straightforvardto apply xating vision to tactical,short-termnavigation tasks
suchas senwing aroundobstacleswherethe xation point doesnot change[6], the
problemof usingserial xation on a successiomf featureso provide globallocalisa-
tion informationfor strateic navigationis moreinvolved.

In this paper we demonstratea systemwhich is able to detect,store and track
suitablelandmarkfeaturesduring goal-directedchavigation. The featuresusedare ar-
bitrary points of high contrastwhich are abundantin ary typical ervironment. The
robotchoosesvhich of the availablesetof landmarkso track at a certaintime to best
improve its positionknowledge,anddecideswvhento changexation pointandwhen
to searchfor new featureswith theaim of maintaininga useful3D map.Whensuitable
landmarkshave beendetectedtherobotis ableto referto thematary time to calculate
its position, or to track one of themduring a movementto provide continuousinfor-
mation.The methodhassigni cant advantage®ver the passve structure-from-motion
techniquesisedin a numberof navigation systemgq1-4]. Partsof our approackcould



be considerechs an transferto the visual domainof methodologyusedin directable
sonarwork [5].

Navigatingin unknowvn surroundingsnherentlycouplesthe processesf building
a map of the areaand calculatingthe robot's location relative to that map. With this
in mind, asingle Iter is usedto maintainestimate®f all the quantitiesof interestand
thecovariancedetweerthem.Thisapproachdiffersfrom mary previousapproacheto
robotnavigationandstructure-from-motiorge.g.[3, 4]) whereseparatelters areused
for therobotpositionandthatof eachof thefeaturesin thework in this paperthegoal
is to provide therobotwith a sparsemapof featureswvhich canbe usedfor localisation
over extendedperiodsduring which the sameareasmay be traversedmary timesand
the samefeatureswill be obsened.Only full uncertaintypropagatiorwill leadto the
localisationperformanceve shouldexpectin thesecircumstancesaswill be shavn
in the experimentsdescribedater Our approactallows featurego bere-foundandre-
registeredeliably afterperiodsof neglect. This alleviatesthe problemof “motion drift”
oftenencountereih structure-from-motionwhere for instancethestartandendpoints
of aclosedpatharenotrecognisedissuch[3].

When decidingupon the exact form of the Iter, the issueof coordinateframes
andtheir signi cancewasconsideredn detail. Considemavigationaroundarestricted
areasuchasaroom: certainlythereis no needto know aboutpositionor orientation
relativetheworld asawhole,but justabouttherelative locationof certainfeaturef the
room(walls, doors,etc.). Thisinitially suggeste@ completelyrobot-centrecapproach
to navigation, attractive asis minimisesthe problemof representatiortHowever, such
an approactcannotexplicitly answerguestionssuchas“how far hasthe robotmoved
betweerpointsA andB onits trajectory?” importantin goal-directegerformanceQur
approactexplicitly estimateshevehicleandfeaturepositionsrelative to aworld frame
while maintainingcovariancedetweerall theestimatesThis providesawayto answer
thesequestionswhile retainingall the functionality of the robot-centrednethod,since
it is possibleat ary stageto re-zerothe coordinateframeto the robot,aswe will shav
in Section3.6. Theextrainformationheldin the explicit robotstateandits covariances
with thefeatureestimatesodesheregistrationinformationbetweeranarbitraryworld
coordinatéframeor mapandthe structureof the featuremaptherobothasbuilt itself.

2 Vehicleand Head Geometry
2.1 VehicleGeometry and Kinematics

Therobotusedin thiswork (Figurel) hasthreewheelstwo runfreelyona x edtrans-
verseaxisatthefront, while thethird, locatedcentrallyat therear; is both steerablend
driven.A high performancdour-axisactive sterechead[7] is mountedwith its vertical
panaxisdirectly abovethepointhalfway betweerthefrontwheels The duciary “head
centre”is de nedto lie wherethepanaxisintersectshe horizontalplanecontainingthe
elevation axis. This point, x edrelative to the vehicleregardlesof headmovements,
is usedto de ne the vehicle's locationrelative to a world coordinateframe. The robot
vehicleis assumedo move at all timesonthehorizontal  ground-planelts position
and orientationare speci ed by the coordinates . is therobot's orientation
relativeto theworld -axis.Therobot-centredrame  is de nedto haveits origin on
the groundplanedirectly underthe headcentre with its -axispointingto the front of
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Fig. 1. HeadandvehiclegeometryIn (c) the vehicle’s locationin the world coordinateframeis
speci edwith thecoordinates .The  coordinatdrameis carriedwith thevehicle.

therobot, -axistotheleft, and -axisupwards.In normaloperationatthe startof its
motionthevehicle'slocationin theworld frameis de ned as , , ,and
theworld andvehicleframescoincide.

The controlinputsdeterminingthe vehiclemotion arethe steeringangle andve-
locity of thereardriving wheel.With no slippage settinga steeringangleof atthe
rearwheelmeanghatpointson thevehiclewill travel in circular pathscentredon the
centreof rotationat theintersectiorof thewheelaxes,asshavn in Figure1(d). In par
ticular, the headcentreandreardriving wheelmove in pathsof radius

and respectiely. During a period  in which both and areheld
constanttheanglein radianghroughwhich thevehiclemovesalongits circulartrajec-
tory is , afterwhichthe new locationof theheadcentrebecomes

Theseareexactexpressionsanddo notrequire  to be small. (Note thatfor straight
line motion ( , and in nite) a limiting form is used.)The robot will of
coursenot move preciselyin theway predictedby the equationgiueto factorsinclud-
ing slipping of the wheelsandthe non-zeratime taken to respondo commandsThis



uncertaintyis modelledasa Gaussiarvariationin and from the demandedalues.
Thesteeringangle , wasgivena constanstandarddeviation  of around , andthe
velocity input  a standarddeviation which was proportionalto the velocity demand
itself: , with

Namingthe estimatedpositionvector andthe controlvector , the covariance
matrix of canbecalculatedas

— — (1)

where is thediagonalcovariancematrix of

2.2 Head Geometry

Fixatingafeaturewith the active headprovidesa 3D measuremertf its locationfrom
sterecandknowledgeof theheadodometry(Figurel(b)).Locatingafeatureat position

in theleft camerasimageand in therightone,its 3D position  relative
thetheheadcentrecanbecalculatedn the  vehicle-centredrame.Usingknowledge
of the heads joint anglesthe vectors , and , areformedand

summedo obtainthe vectorlocationsof the two optic centreswith respecto the head
centre. canthenbeexpressedseither:

Vectors and canbefoundupto scalein thevehicle-centred¢oordinaterame:

where and arethe (known) rotationmatricestransformingfrom the left and
right camera-centredoordinatesystemsnto the vehicle coordinatesystem,and
arethe (known) camerecalibrationmatrices.

Thefeaturepositionrelative to theheadcentre, |, is foundby back-projectinghe
two raysde ned by and and nding their intersectionin 3D space— in the
presencef noise,the midpointof their mutually perpediculabisectoris used.

3 The Map-Building and Localisation Algorithm

3.1 The State Vector and its Covariance

Currentestimate®f thelocationsof thevehicleandthe scendeaturesvhichareknown
aboutarestoredin the systemstatevector , andthe uncertaintyof the estimatesn the
covariancematrix . Thesearepartitionedasfollows:

(2)



has elementswheren is thenumberof known features. is symmetricwith
size . isthevehiclepositionestimateand theestimatedD
locationof the th feature:

3.2 Moving and Making Predictions

Therobot's motionis discretisednto stepsof time interval , with anincrementing
label afx edtoeach. is setto bethe smallestinterval at which changesaremade
to the vehiclecontrolinputs and , allowing the motion modelof Section2.1to be
used After astepof movementa new stateestimateandcovarianceareproduced:

(3)

(4)

where and areasde ned in Equationl. This new covariancematrix is formu-

latedfrom the usualEKF predictionrule — — , Where
— isthefull statetransitionJacobian:

3.3 Updating the State Vector After a Measurement

Whenthe location of a featureis measuredasdescribedn Section2.2 we obtaina
measuremenin the vehicle frame of the vector from the headcentreto the
feature.The function giving the predictedcartesiancomponent®of this measurement
is:

5)
Beforeprocessingneasurementsiowever, they aretransformednto anangularform:

- - — ®



where is the lengthof vector and is its projection
ontothe  plane. is the inter-ocular separationof the active head.Theseangles
representhe pan, elevation and vergenceanglesrespectiely of anideal active head
positionedat theheadcentreand xating thefeature,‘ideal” heremeaninga headthat
doesnothave theoffsetsthattherealheadhas(in termsof Figure1(b) thiswould mean
thatvectors and would bezero,with purelyalongthe elevationaxis). Now
and will bevery closeto theactualpan,elevationandvergenceanglesof thereal

active headat xation, but accuray is gainedby takingaccountof all the headoffsets
in thisway.

Thereasorfor usinganangularmeasuremenepresentatioat all is thatit allows
measurementoiseto berepresentedsaconstantdiagonalmatrix. Thelargesterrorin
measurements in theaccurag with which featurescanbelocatedin theimagecentre
— therule usedis thata successfulxation lock-onhasbeenachivedwhenthefeature
is locatedwithin a radiusof two pixels from the principal point in bothimages.This
representan angularuncertaintyof around  , andGaussiarerrorsof this standard
deviation areassignedo , and . Theangularerrorsin measurementsom the
headaxis encoderaremuchsmallerthanthis andcanbe neglected. The measurement
noisecovariancematrix is therefore:

(7)

With adiagonal , measurements , and areindependentThis hastwo adwan-
tages: rst, potentialproblemswith biasareremovedfrom the Iter updateby repre-
sentingmeasurementis a form wherethe noisecancloselybe modelledas Gaussian.
Secondthe measurementector canbe decoupledandscalarmeasurementalues
usedto updatethe Iter in sequenceThisis computationallybene cial sinceit is now

not necessaryo invert any matricesin the updatecalculation.For eachscalarpart of

themeasurement (where isoneof for thecurrentfeatureof interest) the

Jacobian

is formed. This row matrix hasnon-zeroelementsonly at locationscorrespondingo
the stateof the vehicleandthe featurein questionsince . Thescalar
innovationvariance is calculatedas:

(8

where and are blocksof thecurrentstatecovariancematrix , and
is the scalarmeasurememntoisevariance( , or ) of the measurement.

TheKalmangain canthenbe calculatedandthe Iter updateperformedin the usual



way:

— o —  ©

(10)
(11

istheactualmeasuremertf thequantityobtainedromtheheadand isthepredic-
tion. Thisupdatds carriedoutsequentiallyfor eachscalarelemenif themeasurement.

3.4 Initialising a New Feature

Whenan unknown featureis obsenedfor the rst time, a vectormeasurement is
obtainedof its positionrelative to the headcentre andits stateis initialisedto

(12)

Jacobians— and — are calculatedand usedto updatethe total statevectorand
covariance(assumingor examples sale thattwo featuresareknown andthe new one
becomeghethird):

(13)

o (14)

where isthemeasuremenioise transformednto cartesiarmeasuremergpace.

3.5 DeletingaFeature

A similar Jacobiarcalculationshaws that that deletinga featurefrom the statevector
andcovarianceamatrixis asimplecaseof removing therows andcolumnswhich contain
it. An examplein a systemwherethe secondf threeknown featureds deleted:

(15)



3.6 Zeroingthe Coordinate Frame

As mentionedn theintroduction,it is possibleto re-zeratheworld coordinatdrameat
thecurrentvehicleposition. The new statebecomes:

(16)

where isthecurrentvectorfrom theheadcentreto feature asgivenin Equation5,
and s theconstantectordescribingthe vertical offsetfrom the groundplaneto the
headcentre.To calculatethe new statecovariancewe form the sparselacobiammatrix:

— 17

andcalculate —_ —_—

4 Implementation

All visualprocessingindthelocalisation Iter areimplementedn C++ona100MHz
PentiumPC operatingunderLinux. The PC hostsa Matrox Meteorfor sterecsimage
capturea Delta-TauPMAC controllerto directthe head,anda proprietaryTransputer
controllerto drive thevehicle.

As the robot drives at speedf up to 20cms , a featuremay be tracked at x-
ation at a frequeng of 5Hz: the systempredicts,movesthe active headto xation,
obtainsa measuremendindincorporatest into the Iter in atime lessthan0.2s.Al-
ternatiely, the robotmay stopandmake sequentiameasurementsf seseralfeatures.
Themainfactorlimiting speedof operationis thetime requiredto carry out expensve
correlationsearchegseeSection5.2) on this generalpurposehardware.If therobot's
positionis very uncertain(possiblyafterfailed measurementsearchregionsbecome
large,searchtimeslong, andtherobotvelocity andthe frequeny of measurementare
automaticallyreducedaccordingly

Maintaining the large statevectorand covariancebecomesomparablycomputa-
tionally costly only with a large number( ) of features.We have developeda
method(notdescribedere)wherebyexecutionspeeds notcompromisedby this, even
with very large numbersof featuresby postponingthe full, but exact, updateof the
whole stateuntil the robot has stoppedmoving and hassomeunutilised processing
time.

5 Features
5.1 Detectingand Initialising Features

Visual landmarksshouldbe stationary point featureswhich areeasilydistinguishable
from their surroundingslin this work we usethe operatorof Shi and Tomasi[8] to



selectsregions of high interest,and representhe featuresas pixel patches.
Typical featuredoundin this way areshowvn in Figures2(a)andFigure5.

To initialise a new feature the patchoperatoris appliedin the left cameramage.
For the bestpatchfound,anepipolarline is generatedn theright image(usingknowl-
edgeof the headgeometry) andthe nearbyregion searchedlf a goodstereomatchis
found,thetwo pairsof imagecoordinates and allow thefeatures 3D
locationin the vehicle-centredcoordinateframeto be calculated.The headis driven
to xate the feature,(with symmetricleft andright headvergenceanglesenforcedto
remove redundang), andre-measuredyeing easilyfound now nearthe centreof the
imagesMaking all measurementat xation reduceshe needfor accurateknowledge
of the camerafocal lengths.The featureis theninitialised in the map as detailedin
Section3.4.

Typicalindoorernvironmentgprovide mary featureswvhich aresuitablefor tracking,
aswell as somewhich, becauseof partial occlusionor re ection, are not. While no
attemptis madeto discernthesebad featuresat the initialisation stage,they can be
rejectedlater becausehey will not be tracked underthe constraintsof the lter (see
Section5.3).

5.2 Measuring and Tracking Features

TheKalmanFilter approacimeanghata predictionis availableof ary measuremerib
bemadeanda predictioncovarianceWhenmeasuringknown featurewith the active
head,useof the predictionis essentiako drive the camerado the expected xation
anglesto make the featurevisible. The predictioncovarianceis thenusedto produce
searchareasn thetwo imageswithin whichthefeaturemustlie with a high probability.

Having calculated , the predictedvectorfrom the headcentreto the feature,
asin Equation5, alongwith its covariance the systemdrivesthe headto xation and
calculatesn cameracentredcoordinateshevectors and  from the cameraoptic
centredo thefeatureandtheircovariances and . Bothofthesevectorswill have
zero and componentsinceat xation the -axis-de ningoptic axespassthrough
the feature.Consideringthe left camerajmageprojectionis de ned by the the usual
equations:

(18)

Thecovariancematrixof theimagevector is givenby _ —
Thevalueof the Jacobiarat is

Specifyinganumberof standardleviations(typically 3),  de nesanellipsein theleft

imagewhich is searchedor the featurepatchusingnormalizedcross-correlatiomhe
sameproceduras followedin therightimage Limiting oursearcHor featurepatcheso

theseareasot only maximisescomputationakf ciency but alsominimisesthechance
of obtainingmismatcheskigure2(b,c)shavs examplesof theelliptical searchregions,
and(d-g) shavs afeaturetracked by the headover alargerobotmotion.
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Fig. 2. (a) TypicalfeaturesletectedisingShiandTomasi(b,c) Examplef imagesearclellipses
with largeandsmalluncertainty(d-g) Continuousxation of afeatureby thehead.

5.3 SelectingBetweenFeaturesand Maintaining the Map

As discussedn theintroduction,whenmoving throughan unfamiliar world the visual
systemneedso performthe joint rolesof building a usefulmapandtelling the robot
whereit is on that map. A stratgy is neededo direct attentionto whereit is most
neededsinceduring its motion the robotis ableto track just one featureat a time.
Threeissuesmeedto beconsideredyiz:

1. Which of the currentsetof known featureshouldbe tracked?

2.Isit timeto labelary featuresasnot usefulandabandorthem?

3.Isit timeto look for new features?

Sincethe featuresare simpleimagepatchesthey arenot expectedto be recognis-
ablefrom all viewpoints. The expectedvisibility of a featureis de ned basedon the
differencein angleand distancebetweenthe robot's currentestimatedviewpoint and
the viewpoint from whichiit rst identi ed the feature(angledifferencesof up to
anddistanceratiosof up to 1.4 beingtolerated).Using differenttypesof feature,dif-
ferentvisibility criteriawould be appropriatgwe arecurrentlyinvestigatingusing3D
planarpatchessfeatures).

In answerto Question3 then,the robotusesthe heuristicthat new featuresshould
be foundif lessthantwo arecurrentlyvisible. The systemattemptsto initialise three
widely-spacedew featuresby examiningregionsto theleft, right andstraightahead.
More purposveapproache® nding new featuresn optimalpositionshave beencon-
sidered,but in mostervironmentsthe critical factoris nding reliablefeaturesat all.
Theremay not be arything to seein an “optimal” position. Oncefeatureshave been
found, an intelligent choicecan be madeaboutwhich is bestto obsene from anin-
formationpoint-of-view. To answerQuestion2, afeatureis abandonedf, afteratleast
10 attemptedmeasurementiom viewpoints from which it shouldbe visible, more
than half have failed. Featuremot correspondingo true point featureshaving very



low viewpoint-invariance or which are frequentlyoccluded,are quickly rejectedand
deletedirom themap.

To tackle Questionl, the principle of makinga measuremenwherethe ability to
predictis least,asdiscussedn recentwork by WhaiteandFerrie[9], is used.Givena
choiceof measurement®s a systemwherethe uncertaintyin estimateof the parame-
tersof interestis known, it makessenseo make the onewherewe areleastcertainof
theresult,sincethis will in a sensé'squash”the total uncertainty viewed asa multi-
dimensionakllipsoid,alongthelongestaxisavailable.

Whenevertherobotis to make ameasuremertf afeature a predictedneasurement

is formedandtheinnovationcovariancematrix is calculatedThis matrix describes
how muchthe actualmeasuremeris expectedo vary from the prediction.To produce
scalarnumbersto useasthe basisfor decisionsaboutwhich featureto obsene, the
volume in spaceof the ellipsoid representedty atthe level canbe
calculatedfor eachvisible feature.Thathaving the highest  is choserfor tracking.
The highestpossibleintegrity in the whole map/ robot estimationis retainedin this
way.

The most striking result of this criterion seenin experimentsis that it demands
frequentchangeof tracked feature.Onceoneor two measurementave beenmade
of afeature thecriteriontells usthatthereis not muchmoreinformationto begleaned
fromit atthecurrenttime, andit is bestto switchattentionto anotherThisis aresultof
theway thattrackingonepoint feature evenwith perfectmeasurementsloesnot fully
constraintherobot's motion— uncertaintyis alwaysgrowing in somedirection.

6 Experiments
6.1 Comparisonwith Ground Truth

To evaluatethe localisationand map-huilding accurag of the system,a corridorlike
areaof alargelaboratorywaslaid with a grid anda setof featuresn known positions
wassetup in aregularly-spacedine (seeFigure 3). Startingfrom the grid origin, the
robotwasdrivenforwardin a nominally straightline. Every secondeaturein theline

wasinitialisedandtrackedfor ashortwhile onthis outwardjourney, therobotstopping
at frequentintervals so that ground-truthmeasurementsould be madeof its position
relative to the grid, and orientationusing an on-boardlaser pointer The robot then
reversedbackdown the corridor, trackingthe featurest hadnot previously seenOnce
it had returnedto nearits startingposition, it drove forward again,now attempting
to re-measurdeaturesfound early on, thus completingthe loop on the motion and
establishinghatareliablemaphadbeenformed.It will be shavn how muchbetterthe
single Iter approactperformsthanthe multiple- Iters methodsseenin theliterature.

Resultsdirectly generatedy the full systemareshawn in Figure4 superimposed

on the measuredyroundtruth. The robot's positionwas tracked well by the Iter as
it moved forward andback,but it canbe seenthatdrift startedto occur;in particular
by the 4th picture, when the robot was closeagainto its startingposition, the Iter

estimatedhe robot's positionas m, m, radwhenthe
true position was m, m, rad. This discrepang is to be
expected sincethe robothadcontinuallybeentrackingnew featureswithout referring
to previously known ones(motion drift). However, the Iter hadcorrectlymontitored



Fig. 3. (a) Thelaboratoryusedin experiments(b) Thecorridorlike baywhereground-trutmea-
surementsould be referencedo a 20cmgrid (not usedby the vision system).(c) The set of
regularly-spacedeferencdeaturesusedin the ground-truthexperiment.
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Fig. 4. Experimentwith regularly-spacedandmarks:estimatedpositionsof the robot( ) and
features( ) in grey, alongwith  ellipsesfor the point covariances , areshavn super

imposedon the true positions(from manualmeasuremenip blackasthe robotmoved forward

andback.Thefeaturespacingvas40cm,andthe robotmovedaboutsm from its origin. Feature
labelsshav the orderthey weretrackedin.

this uncertaintyin the next step(5th picture),measurementsadbeenmadeof feature
0. This, the very rst featuremeasuredhad a position which was very well known
in the world coordinateframe sincethe robot's position had beenvery certainat this
time. Making thesemeasurementthereforelocked down the vehicle uncertaintyand
a much betterestimatewas produced:estimatedposition m, m,

rad, true position m, m, rad. The covariance
matricesof therobotstatebeforeandafterthe measurementsere:



Theestimate®f thelocationsof all theotherfeaturesverealsoimmediatelyimproved.

Theremainingdiscrepangin the and estimatese ectsthefactthatmeasuringne
featuredoesnotfully constrairtherobotlocation:it canbeseerthatthesesstimatesm-
provedwhentherobothadre-measurechorefeaturesy the6thpicture. The7thpicture
shaws the statefrom the 6th picturezeroedwith respecto therobotasin Section3.6
anddisplayedatanangleto show thethree-dimensionalitpf the mapgenerated.

In the 8th picture,resultsareshovn from arepeaif the experimentdemonstrating
thefailure of methodsusingseparatelters for the robotandfeaturestatesto achieve
re-registrationwith original featuresWith ourimplementationthesemethodsaresim-
ulatedby simply zeroingall off-diagonalblocksof the total covariancematrix after
eachpredictionandupdate(this canbe shavn to be equivalentto the mostsensibleap-
proachusingmultiple Iters). The pictureshows the stateoncethe robothadreturned
to nearits startingposition,and it canbe seenthat while similar drift was obsened
in the robot andfeatureestimatesasabove, correctaccountwasnot taken of this and
thecovariancesvereunderestimate(thefeatureuncertaintyellipsesbeingtoo smallto
see) An attemptto re-measuréeature0 from this positionfailed becausét did notlie
within the imagesearchellipse generatedThe methodhasno ability to recover from
this situation.

6.2 A Fully Automatic Experiment

We presentresultsfrom a fully automaticrun wherethe robotdrove up anddown the
corridorlike baywith noinitial knowledgeof theworld. Theinstructionsgivento the
robotwereto headin sequencéromiits startingpointat = to thewaypoints
, , and nally again(in metreunits). Whenheadingfor a particular
waypoint,therobotcontinuouslycontrolsits steeringangle accordingto asimplelaw
describedn [6]. A particularwaypointis saidto have beenreachedvhenthe robot's
estimatedpositionis within 30cmof it, andtherobotstartsto steerfor thenext one.
The robot's progresds showvn in framescut from a videoin Figure5, alongwith
savedviewsof the rst 16featuresietectecndinitialisedinto themapasin Sectiorb.3.
Theoutputof the Iter appearsn Figure6, wherethosefeaturesareannotatedSomeof
thesefeaturedid not survive very long beforebeingabandonedsnot useful(numbers
4 and5 in particularnot surviving pastvery earlymeasuremerdttemptsandnot being
displayedin Figure6). Others,suchasO0, 12 and 14 provedto be very durable,being
easyto seeand matchfrom all positionsfrom which they are expectedto be visible.
It canbe seenthat mary of the bestfeaturesfound lie nearthe endsof the corridor,
particularlythelargenumberfoundneartheclutterecbackwall (11-15.etc.).Theactve
approachreally comesinto its own during sharpturnssuchasthatbeingcarriedoutin
the 5th picture,wherefeaturessuchasthesecould be tracked continuously usingthe
full rangeof movementof theneckaxis,while therobotmadeaturn of . Theangle
of turn canbe estimatedhccuratelyat atime whenodometrydatais unreliable.
Outward Journey. the sequenceof featuresselectedto be tracked in the early
stagesof the run (up to the 3rd picturein Figure6)) waso0, 2,1,0,2,1, 3,5, 4, 7,
6,8,3,6,8,7, 3,7, 8, 3,9 — we seefrequentswitching betweena certain set of
featuresuntil somego out of visibility andit is necessaryo nd new ones.



Fig. 5. Therobotnavigatingautonomouslyp anddown the corridor. The lower four imagesare
example xated views of four of the featuresinitialised aslandmarks.Their numberingcorre-
spondswith thatusedin Figure6.

Return to Origin : in the 6th pictureof Figure6, therobothadreachedts goal,the
nal waypointbeingareturnto its startingpoint. The robot had successfullyrefound
original featureson its returnjourney, in particularfeature0 whosepositionwasvery
well known. The choice of featurecriterion describedin Section5.3 had demanded
re-measuremertf thesefeaturesassoonasthey becamevisible again,re ecting the
drift occurringbetweenthe robot position estimateand the world coordinateframe.
Therobot'strue positionrelative to the grid wasmeasuredhere,being m,
m, rad,comparedo the estimatedoosition m, m,
rad.

RepeatJourney. the experimentwascontinuedby commandingherobotbackout
to = (6, 0), thenhomeagainto (0, 0). In thesefurtherruns,the systemneeded
to do far lessmap-huilding sincea large numberof featuresvasalreadyknown about
alongthe trajectory At (6, 0), shawvn in the 7th picture,the robot's true positionwas

m, m, rad,andestimatedstatewas m, m,
rad.At (0, 0) again,shovn in the 8th picture,thetrue positionof m,
m, rad comparedwith the estimate m, m,

rad. This is very impressie localisationperformanceconsideringthat the
robothadtravelledatotal distanceof some24mby this stage.

6.3 Incorporating Prior Map Knowledge

In a real applicationof an autonomousgobot, it is likely that someprior knowledge
aboutthe world will be provided, or indeedthat this will be necessaryo the robot's
ability to performa usefultask.In particular our systemasdescribedloesnot give the
robot the capabilityto detectobstacleslonga requestedoute. It is not intendedthat
the map of featuresusedaslandmarksbe denseenoughto useasa basisfor obstacle
avoidance.

Prior knowledgeof a featurecan be incorporatednto the map by initialising its
locationinto the statevectorat the startof motion, andproviding the systemwith the
featuredescription(i.e. animagepatch).If thefeaturelocationis preciselyknown, this
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Fig. 6. Themapbuilt in autonomousavigationupanddown acorridor Grey shavstheestimated
locationsof the vehicleandfeaturesandblack (wheremeasuredjhetrue vehicle position. The

furthestfeaturedie at m.

Fig. 7. Theestimatedrajectoryandframescutfrom avideoastherobotnavigatedautonomously
aroundtwo known landmarksandout of thelaboratorydoor.

is correctly managedoy the Iter by simply settingall covarianceelementsrelating
to thatfeatureto zero— otherwise somenon-zeromeasuremenincertaintycould be
initialised. No specialtreatmenineedsto be accordedo the featureafterthis. Having
perfectfeaturesin the scenemeansthat the robotis ableto remaintrue to the world
coordinatéframeoverawider areathanotherwise.



In addition, extra labelscan be attachedto featuresinitialised in this way to aid
navigation,aswe demonstratén experimenthere.Thelocationsof two featuredying
onthecornersof azig-zagpathweregivento therobotasprior knowledge alongwith
instructionsto steerto the left of the rst andto the right of the secondon its way
to a nal locationat . This is informationthat could be assigned
to automaticallydetectedfeaturesby additionalvisual modulessuchas a free-space
detector

Figure7 shavsthelocationsof theknown feature®) andl, themapof otherfeatures
whichwasformed,andthe estimatedobottrajectoryasit negotiatedthecornerso pass
outof thelaboratorydoor. Steeringaroundthe known featuresvasaccomplishedvith a
similar steeringaw to thatusedto steerto awaypoint,but with theaim of avoidanceby
asaferadiusof 1m[6]. It canbe seenhatfeaturesdetectedn thevicinity of theknown
ones(especiallyl) arealsowell known. Small“kinks” in thetrajectoryarenoticeable
wherethe robot rst madesuccessfumeasurementsf the known featuresand made
relatively largere-registrationadjustmentso its positionestimates.

7 Conclusions

This paperhasshavn how a robot can useactive vision to provide continuousand
accurateglobal localisationinformation by serially xating its camerason arbitrary
featuresin the scene A map of landmarksis automaticallybuilt and maintained and
extendedperiodsof navigationarepermittedby the robot's ability to identify the same
featuresagainandagain,mitigatingthe problemof motiondrift.

The systemprovidesa framawork into which goal-directedvisual capabilitiescan
beinserted asdemonstrateth experimentsin future work, it is plannedto addmod-
uleswhichenableawide varietyof purposve manoeuvresuchasautomatidree-space
detectionto permitobstacleavoidance pr targetrecognitionto provide goalsautomati-
cally.

Potentialimprovementgo thelocalisationsystemitself arechie y concernedvith
allowing differentsortsof scenefeatureto be usedaslandmarks:the additionaluse
of line sgmentsor planarpatchfeatureswould extendrobustnessy makingreliable
landmarkseasyto nd andtrackin ary ernvironment.
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