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Abstract. Active camerasprovide a mobile robot with the capability to �xate
andtrack featuresover a wide �eld of view. However, their useemphasisesse-
rial attentionfocussingon a successionof scenefeatures,raisingthequestionof
how this shouldbebestachievedto provide localisationinformation.This paper
describesa fully automaticsystem,ableto detect,storeandtracksuitableland-
mark featuresduring goal-directednavigation.The robot chooseswhich of the
availablesetof landmarksto trackat a certaintime to bestimprove its position
knowledge,and decideswhen it is time to searchfor new features.Localisa-
tion performanceimproves on that achieved using odometryaloneand shows
signi�cant advantagesover passive structure-from-motiontechniques.Rigorous
considerationis given to thepropagationof uncertaintyin theestimationof the
positionsof the robot andscenefeaturesasthe robot moves,�xates andshifts
�xation. The papershows how the estimatesof thesequantitiesare inherently
coupledin any map-building system,andhow featurescanreliably be re-found
afterperiodsof neglect,mitigatingthe“motion drift” problemoftenencountered
in structure-from-motionalgorithms.

1 Intr oduction

Active cameraspotentiallyprovide a navigating vehiclewith the ability to �xate and
track featuresover extendedperiodsof time, andwide �elds of view. While it is rel-
atively straightforward to apply �xating vision to tactical,short-termnavigation tasks
suchas servoing aroundobstacleswherethe �xation point doesnot change[6], the
problemof usingserial�xation on a successionof featuresto provide global localisa-
tion informationfor strategic navigationis moreinvolved.

In this paper, we demonstratea systemwhich is able to detect,storeand track
suitablelandmarkfeaturesduring goal-directednavigation.The featuresusedarear-
bitrary points of high contrastwhich are abundantin any typical environment.The
robotchooseswhich of theavailablesetof landmarksto trackat a certaintime to best
improve its positionknowledge,anddecideswhento change�xation point andwhen
to searchfor new featureswith theaimof maintainingauseful3D map.Whensuitable
landmarkshavebeendetected,therobotis ableto referto thematany timeto calculate
its position,or to track oneof themduring a movementto provide continuousinfor-
mation.Themethodhassigni�cant advantagesover thepassive structure-from-motion
techniquesusedin a numberof navigationsystems[1–4]. Partsof our approachcould



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

Navigating in unknown surroundingsinherentlycouplestheprocessesof building
a mapof the areaandcalculatingthe robot's locationrelative to that map.With this
in mind,a single�lter is usedto maintainestimatesof all thequantitiesof interestand
thecovariancesbetweenthem.Thisapproachdiffersfrom many previousapproachesto
robotnavigationandstructure-from-motion(e.g.[3, 4]) whereseparate�lters areused
for therobotpositionandthatof eachof thefeatures.In thework in thispaper, thegoal
is to provide therobotwith a sparsemapof featureswhichcanbeusedfor localisation
over extendedperiodsduringwhich thesameareasmaybe traversedmany timesand
thesamefeatureswill be observed.Only full uncertaintypropagationwill leadto the
localisationperformancewe shouldexpect in thesecircumstances,aswill be shown
in theexperimentsdescribedlater. Our approachallows featuresto bere-foundandre-
registeredreliablyafterperiodsof neglect.Thisalleviatestheproblemof “motion drift”
oftenencounteredin structure-from-motion,where,for instance,thestartandendpoints
of a closedpatharenot recognisedassuch[3].

When decidingupon the exact form of the �lter , the issueof coordinateframes
andtheir signi�cancewasconsideredin detail.Considernavigationarounda restricted
areasuchasa room: certainlythereis no needto know aboutpositionor orientation
relativetheworldasawhole,but justabouttherelativelocationof certainfeaturesof the
room(walls, doors,etc.).This initially suggesteda completelyrobot-centredapproach
to navigation,attractive asis minimisestheproblemof representation.However, such
anapproachcannotexplicitly answerquestionssuchas“how far hastherobotmoved
betweenpointsA andB onits trajectory?”,importantin goal-directedperformance.Our
approachexplicitly estimatesthevehicleandfeaturepositionsrelativeto aworld frame
while maintainingcovariancesbetweenall theestimates.Thisprovidesawayto answer
thesequestionswhile retainingall thefunctionalityof therobot-centredmethod,since
it is possibleat any stageto re-zerothecoordinateframeto therobot,aswe will show
in Section3.6.Theextra informationheldin theexplicit robotstateandits covariances
with thefeatureestimatescodestheregistrationinformationbetweenanarbitraryworld
coordinateframeor mapandthestructureof thefeaturemaptherobothasbuilt itself.

2 Vehicleand HeadGeometry
2.1 VehicleGeometryand Kinematics

Therobotusedin thiswork (Figure1) hasthreewheels:two runfreelyona�x edtrans-
verseaxisat thefront,while thethird, locatedcentrallyat therear, is bothsteerableand
driven.A highperformancefour-axisactivestereohead[7] is mountedwith its vertical
panaxisdirectlyabovethepointhalfwaybetweenthefront wheels.The�duciary “head
centre”is de�ned to lie wherethepanaxisintersectsthehorizontalplanecontainingthe
elevationaxis.This point, �x edrelative to the vehicleregardlessof headmovements,
is usedto de�ne thevehicle's locationrelative to a world coordinateframe.Therobot
vehicleis assumedto moveat all timeson thehorizontal��� ground-plane.Its position
andorientationarespeci�ed by the coordinates�������	��

� . 
 is the robot's orientation
relative to theworld � -axis.Therobot-centredframe ��� is de�ned to haveits origin on
thegroundplanedirectly undertheheadcentre,with its � -axispointingto thefront of
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Fig.1. Headandvehiclegeometry. In (c) thevehicle's locationin theworld coordinateframeis
speci�edwith thecoordinates������������� . The ��� coordinateframeis carriedwith thevehicle.

therobot, � -axisto theleft, and � -axisupwards.In normaloperation,at thestartof its
motionthevehicle's locationin theworld frameis de�ned as �! "� , �# $� , 
% &� , and
theworld andvehicleframescoincide.

Thecontrol inputsdeterminingthevehiclemotionarethesteeringangle ' andve-
locity ( of thereardriving wheel.With no slippage,settinga steeringangleof ' at the
rearwheelmeansthatpointson thevehiclewill travel in circularpathscentredon the
centreof rotationat theintersectionof thewheelaxes,asshown in Figure1(d). In par-
ticular, theheadcentreandreardriving wheelmove in pathsof radius )* ,+.-	/10324�5'6�

and )�78 9+.-;:=<>2?�@'6� respectively. During a period ACB in which both ( and ' areheld
constant,theanglein radiansthroughwhich thevehiclemovesalongits circulartrajec-
tory is DE $(FA!B=-3)�7 , afterwhich thenew locationof theheadcentrebecomes

����B4GHACB��I $����B��?GJ)K��B��4�@LNMO:�
P��B��F:=<Q2RDSGT:=<>2U
P��B��N��LVMW:�DYXHZ6���

�	��B?GHACB��I &�P��B��PGT)K��B��?��:=<>2U
P��B��[:�<Q2RDYX\LVMW:�
P��B��N��LVMW:�DYXHZ6���


P��B	GHACB��I "
P��B��	GJD^]

Theseareexactexpressionsanddo not require ACB to be small. (Note that for straight
line motion ( '_ `� , ) and )�7 in�nite) a limiting form is used.)The robot will of
coursenot move preciselyin theway predictedby theequationsdueto factorsinclud-
ing slippingof thewheelsandthenon-zerotime taken to respondto commands.This



uncertaintyis modelledasa Gaussianvariationin ( and ' from thedemandedvalues.
Thesteeringangle ' , wasgivena constantstandarddeviation a4b of aroundced , andthe
velocity input ( a standarddeviation which wasproportionalto the velocity demand
itself: a�fg &a�hW( , with a�hji&�[]QZk� .

Namingthe estimatedpositionvector l6f andthe control vector m , the covariance
matrix n of lof canbecalculatedas
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where
{

is thediagonalcovariancematrixof m .

2.2 HeadGeometry

Fixatinga featurewith theactiveheadprovidesa 3D measurementof its locationfrom
stereoandknowledgeof theheadodometry(Figure1(b)).Locatingafeatureatposition
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• in theleft camera'simageand~4€
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€ in theright one,its 3D position•;‚ relative
thetheheadcentrecanbecalculatedin the ��� vehicle-centredframe.Usingknowledge
of the head's joint angles,the vectors ƒ

• , „

• , …

• and ƒ

€ , „

€ , …

€ are formed and
summedto obtainthevectorlocationsof thetwo optic centreswith respectto thehead
centre.•

‚ canthenbeexpressedaseither:

•
‚

 $ƒ

•

GT„

•

GT…

•

GJ•

•

MW†u•
‚

 ‡ƒ

€

GT„

€

GH…

€

GJ•

€

]

Vectors•

• and •

€ canbefoundup to scalein thevehicle-centredcoordinateframe:

•

•4ˆ?‰‹Š$Œe•�Ž�•‘•�’4“

•

�

~�•

�=(

•

�VZ”��• 032�– •

€Pˆr‰‹Š&Œe•�Ž�—‘•�’?“

€

�

~
€

��(

€

�kZ”��•#�

where Œ

•�Ž�• and Œ

•�Ž�— arethe (known) rotationmatricestransformingfrom the left and
right camera-centredcoordinatesystemsinto thevehiclecoordinatesystem,and •�•
˜ €

arethe(known) cameracalibrationmatrices.
Thefeaturepositionrelative to theheadcentre,•™‚ , is foundby back-projectingthe

two raysde�ned by •

• and •

€ and �nding their intersectionin 3D space— in the
presenceof noise,themidpointof theirmutuallyperpedicularbisectoris used.

3 The Map-Building and Localisation Algorithm

3.1 The StateVector and its Covariance

Currentestimatesof thelocationsof thevehicleandthescenefeatureswhichareknown
aboutarestoredin thesystemstatevector š

› , andtheuncertaintyof theestimatesin the
covariancematrix œ . Thesearepartitionedasfollows:
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š

› has°���±UGªZ6� elements,wheren is thenumberof known features.œ is symmetric,with
size °���±}G"Z”��²³°���±}G$Z6� . š

›

f is thevehiclepositionestimate,and š

ž?´ theestimated3D
locationof the µ th feature:
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3.2 Moving and Making Predictions

Therobot's motion is discretisedinto stepsof time interval ACB , with an incrementing
label º af�x edto each.A!B is setto bethesmallestinterval at which changesaremade
to thevehiclecontrol inputs ( and ' , allowing themotion modelof Section2.1 to be
used.After astepof movement,a new stateestimateandcovarianceareproduced:
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where l�f and n��5º[� areasde�ned in Equation1. This new covariancematrix is formu-

latedfrom theusualEKF predictionrule œ4�5ºjGÄZO¼ º[�� 
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3.3 Updating the StateVector After a Measurement

Whenthe locationof a featureis measured,asdescribedin Section2.2 we obtaina
measurementin the vehicle frame ��� of the vector •;‚ from the headcentreto the
feature.The function giving the predictedcartesiancomponentsof this measurement
is:
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Beforeprocessingmeasurements,however, they aretransformedinto anangularform:
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where
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Ð

is the inter-ocular separationof the active head.Theseangles
representthe pan,elevation andvergenceanglesrespectively of an ideal active head
positionedat theheadcentreand�xating thefeature,“ideal” heremeaninga headthat
doesnothavetheoffsetsthattherealheadhas(in termsof Figure1(b) thiswouldmean
that vectors… and „ would be zero,with ƒ purely alongtheelevationaxis).Now Ì

´ ,
Í

´ and Î

´ will beverycloseto theactualpan,elevationandvergenceanglesof thereal
active headat �xation, but accuracy is gainedby takingaccountof all theheadoffsets
in this way.

Thereasonfor usinganangularmeasurementrepresentationat all is that it allows
measurementnoiseto berepresentedasaconstant,diagonalmatrix.Thelargesterrorin
measurementsis in theaccuracy with whichfeaturescanbelocatedin theimagecentre
— theruleusedis thata successful�xation lock-onhasbeenachivedwhenthefeature
is locatedwithin a radiusof two pixels from the principal point in both images.This
representsanangularuncertaintyof around�[] ° d , andGaussianerrorsof this standard
deviation areassignedto Ì

´ , Í

´ and Î

´ . The angularerrorsin measurementsfrom the
headaxisencodersaremuchsmallerthanthis andcanbeneglected.Themeasurement
noisecovariancematrix is therefore:
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With a diagonal
Ô

, measurementsÌ ´ , Í

´ and Î

´ areindependent.This hastwo advan-
tages:�rst, potentialproblemswith biasareremoved from the �lter updateby repre-
sentingmeasurementsin a form wherethenoisecancloselybemodelledasGaussian.
Second,themeasurementvector •

´ canbedecoupled,andscalarmeasurementvalues
usedto updatethe�lter in sequence.This is computationallybene�cial sinceit is now
not necessaryto invert any matricesin theupdatecalculation.For eachscalarpart of
themeasurement
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is formed.This row matrix hasnon-zeroelementsonly at locationscorrespondingto
thestateof the vehicleandthe featurein question,since
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TheKalmangain ß canthenbecalculatedandthe�lter updateperformedin theusual
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�

´ is theactualmeasurementof thequantityobtainedfrom thehead,and
È

´ is thepredic-
tion.Thisupdateis carriedoutsequentiallyfor eachscalarelementof themeasurement.

3.4 Initialising a NewFeature

Whenan unknown featureis observed for the �rst time, a vectormeasurement• ‚ is
obtainedof its positionrelative to theheadcentre,andits stateis initialisedto
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Jacobians
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½kçOè are calculatedand usedto updatethe total statevectorand
covariance(assumingfor example'ssake thattwo featuresareknown andthenew one
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where
Ô

• is themeasurementnoise
Ô

transformedinto cartesianmeasurementspace.

3.5 Deletinga Feature

A similar Jacobiancalculationshows that thatdeletinga featurefrom thestatevector
andcovariancematrixis asimplecaseof removing therowsandcolumnswhichcontain
it. An examplein a systemwherethesecondof threeknown featuresis deleted:
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3.6 Zeroing the Coordinate Frame

As mentionedin theintroduction,it is possibleto re-zerotheworld coordinateframeat
thecurrentvehicleposition.Thenew statebecomes:
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where•P‚

´ is thecurrentvectorfrom theheadcentreto featureµ asgivenin Equation5,
and ï is theconstantvectordescribingtheverticaloffsetfrom thegroundplaneto the
headcentre.To calculatethenew statecovariancewe form thesparseJacobianmatrix:
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4 Implementation

All visualprocessingandthelocalisation�lter areimplementedin C++ ona 100MHz
PentiumPC operatingunderLinux. The PC hostsa Matrox Meteorfor stereoimage
capture,a Delta-TauPMAC controllerto direct thehead,anda proprietaryTransputer
controllerto drive thevehicle.

As the robot drivesat speedsof up to 20cms’4“ , a featuremay be tracked at �x-
ation at a frequency of 5Hz: the systempredicts,moves the active headto �xation,
obtainsa measurementandincorporatesit into the �lter in a time lessthan0.2s.Al-
ternatively, therobotmaystopandmake sequentialmeasurementsof several features.
Themainfactorlimiting speedof operationis thetime requiredto carryout expensive
correlationsearches(seeSection5.2) on this generalpurposehardware.If the robot's
positionis very uncertain(possiblyafterfailedmeasurements),searchregionsbecome
large,searchtimeslong,andtherobotvelocityandthefrequency of measurementsare
automaticallyreducedaccordingly.

Maintainingthe large statevectorandcovariancebecomescomparablycomputa-
tionally costly only with a large number( i

ÒWø

) of features.We have developeda
method(notdescribedhere)wherebyexecutionspeedis notcompromisedby this,even
with very large numbersof features,by postponingthe full, but exact, updateof the
whole stateuntil the robot hasstoppedmoving and hassomeunutilisedprocessing
time.

5 Features
5.1 Detectingand Initialising Features

Visual landmarksshouldbestationary, point featureswhich areeasilydistinguishable
from their surroundings.In this work we usethe operatorof Shi and Tomasi[8] to



selectsregionsof high interest,and representthe featuresas Z

ø

²&Z

ø

pixel patches.
Typical featuresfoundin this wayareshown in Figures2(a)andFigure5.

To initialise a new feature,the patchoperatoris appliedin the left cameraimage.
For thebestpatchfound,anepipolarline is generatedin theright image(usingknowl-
edgeof theheadgeometry),andthenearbyregion searched.If a goodstereomatchis
found,thetwo pairsof imagecoordinates�

~?•

�=(

•

� and �

~
€

��(

€

� allow thefeature's3D
location in the vehicle-centredcoordinateframeto be calculated.The headis driven
to �xate the feature,(with symmetricleft andright headvergenceanglesenforcedto
remove redundancy), andre-measured,beingeasilyfound now nearthe centreof the
images.Making all measurementsat �xation reducestheneedfor accurateknowledge
of the camerafocal lengths.The featureis then initialised in the mapasdetailedin
Section3.4.

Typical indoorenvironmentsprovidemany featureswhicharesuitablefor tracking,
aswell as somewhich, becauseof partial occlusionor re�ection, are not. While no
attemptis madeto discernthesebad featuresat the initialisation stage,they can be
rejectedlater becausethey will not be tracked underthe constraintsof the �lter (see
Section5.3).

5.2 Measuring and Tracking Features

TheKalmanFilter approachmeansthatapredictionis availableof any measurementto
bemade,andapredictioncovariance.Whenmeasuringaknown featurewith theactive
head,useof the predictionis essentialto drive the camerasto the expected�xation
anglesto make the featurevisible. The predictioncovarianceis thenusedto produce
searchareasin thetwo imageswithin whichthefeaturemustlie with ahighprobability.

Having calculated•
‚

´ , the predictedvector from the headcentreto the feature,
asin Equation5, alongwith its covariance,thesystemdrivestheheadto �xation and
calculatesin cameracentredcoordinatesthevectors•

• and •

€ from thecameraoptic
centresto thefeatureandtheircovariancesœ

Ø6ù andœ

Ø6ú . Bothof thesevectorswill have
zero � and � componentssinceat �xation the � -axis-de�ning optic axespassthrough
the feature.Consideringthe left camera,imageprojectionis de�ned by the the usual
equations:
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Thecovariancematrixof theimagevectorm
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Specifyinganumberof standarddeviations(typically 3),
{

• de�nesanellipsein theleft
imagewhich is searchedfor the featurepatchusingnormalizedcross-correlationThe
sameprocedureis followedin theright image.Limiting oursearchfor featurepatchesto
theseareasnotonly maximisescomputationalef�ciency but alsominimisesthechance
of obtainingmismatches.Figure2(b,c)showsexamplesof theelliptical searchregions,
and(d-g)showsa featuretrackedby theheadovera largerobotmotion.
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Fig.2.(a)TypicalfeaturesdetectedusingShiandTomasi.(b,c)Examplesof imagesearchellipses
with largeandsmalluncertainty. (d-g)Continuous�xation of a featureby thehead.

5.3 SelectingBetweenFeaturesand Maintaining the Map

As discussedin theintroduction,whenmoving throughanunfamiliar world thevisual
systemneedsto performthe joint rolesof building a usefulmapandtelling the robot
whereit is on that map.A strategy is neededto direct attentionto whereit is most
needed,sinceduring its motion the robot is able to track just one featureat a time.
Threeissuesneedto beconsidered,viz:
1. Whichof thecurrentsetof known featuresshouldbetracked?
2. Is it time to labelany featuresasnotusefulandabandonthem?
3. Is it time to look for new features?

Sincethefeaturesaresimpleimagepatches,they arenot expectedto berecognis-
ablefrom all viewpoints.The expectedvisibility of a featureis de�ned basedon the
differencein angleanddistancebetweenthe robot's currentestimatedviewpoint and
theviewpoint from which it �rst identi�ed the feature(angledifferencesof up to c

ø

d

anddistanceratiosof up to 1.4 beingtolerated).Using differenttypesof feature,dif-
ferentvisibility criteriawould beappropriate(we arecurrentlyinvestigatingusing3D
planarpatchesasfeatures).

In answerto Question3 then,therobotusestheheuristicthatnew featuresshould
be found if lessthantwo arecurrentlyvisible. The systemattemptsto initialise three
widely-spacednew featuresby examiningregionsto the left, right andstraightahead.
Morepurposiveapproachesto �nding new featuresin optimalpositionshavebeencon-
sidered,but in mostenvironmentsthe critical factor is �nding reliablefeaturesat all.
Theremay not be anything to seein an “optimal” position.Oncefeatureshave been
found, an intelligent choicecanbe madeaboutwhich is bestto observe from an in-
formationpoint-of-view. To answerQuestion2, a featureis abandonedif, afterat least
10 attemptedmeasurementsfrom viewpoints from which it shouldbe visible, more
than half have failed. Featuresnot correspondingto true point features,having very



low viewpoint-invariance,or which arefrequentlyoccluded,arequickly rejectedand
deletedfrom themap.

To tackleQuestion1, theprinciple of makinga measurementwheretheability to
predictis least,asdiscussedin recentwork by WhaiteandFerrie[9], is used.Givena
choiceof measurementsin a systemwheretheuncertaintyin estimatesof theparame-
tersof interestis known, it makessenseto make theonewherewe areleastcertainof
the result,sincethis will in a sense“squash”the total uncertainty, viewed asa multi-
dimensionalellipsoid,alongthelongestaxisavailable.

Whenevertherobotis to makeameasurementof afeature,apredictedmeasurement
• is formedandtheinnovationcovariancematrix � is calculated.Thismatrixdescribes
how muchtheactualmeasurementis expectedto vary from theprediction.To produce
scalarnumbersto useas the basisfor decisionsaboutwhich featureto observe, the
volume �
	 in ��Ì �=ÍO��Î?� spaceof the ellipsoid representedby � at the °�a level canbe
calculatedfor eachvisible feature.Thathaving the highest ��	 is chosenfor tracking.
The highestpossibleintegrity in the whole map/ robot estimationis retainedin this
way.

The most striking result of this criterion seenin experimentsis that it demands
frequentchangesof tracked feature.Onceoneor two measurementshave beenmade
of a feature,thecriteriontellsusthatthereis notmuchmoreinformationto begleaned
from it at thecurrenttime,andit is bestto switchattentionto another. This is aresultof
thewaythattrackingonepoint feature,evenwith perfectmeasurements,doesnot fully
constraintherobot'smotion— uncertaintyis alwaysgrowing in somedirection.

6 Experiments

6.1 Comparisonwith Ground Truth

To evaluatethe localisationandmap-building accuracy of the system,a corridor-like
areaof a largelaboratorywaslaid with a grid anda setof featuresin known positions
wassetup in a regularly-spacedline (seeFigure3). Startingfrom thegrid origin, the
robotwasdrivenforwardin a nominallystraightline. Every secondfeaturein theline
wasinitialisedandtrackedfor ashortwhile onthisoutwardjourney, therobotstopping
at frequentintervalsso thatground-truthmeasurementscouldbe madeof its position
relative to the grid, and orientationusing an on-boardlaserpointer. The robot then
reversedbackdown thecorridor, trackingthefeaturesit hadnotpreviouslyseen.Once
it had returnedto near its startingposition, it drove forward again,now attempting
to re-measurefeaturesfound early on, thus completingthe loop on the motion and
establishingthata reliablemaphadbeenformed.It will beshown how muchbetterthe
single�lter approachperformsthanthemultiple-�lters methodsseenin theliterature.

Resultsdirectly generatedby the full systemareshown in Figure4 superimposed
on the measuredgroundtruth. The robot's positionwas tracked well by the �lter as
it moved forwardandback,but it canbe seenthatdrift startedto occur;in particular
by the 4th picture,when the robot was closeagainto its startingposition, the �lter
estimatedthe robot's positionas �v YXR��]>ZWZ m, �H 9��]

Ò
�

m, 
_ EXR�[] �
� radwhenthe
true position was �‡ ��] ��Z m, �  ��] �

Ò

m, 
, �[] �

Ò

rad. This discrepancy is to be
expected,sincetherobothadcontinuallybeentrackingnew featureswithout referring
to previously known ones(motiondrift). However, the �lter hadcorrectlymontitored



(a) (b) (c)

Fig.3. (a)Thelaboratoryusedin experiments.(b) Thecorridor-likebaywhereground-truthmea-
surementscould be referencedto a 20cmgrid (not usedby the vision system).(c) The setof
regularly-spacedreferencefeaturesusedin theground-truthexperiment.
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Fig.4. Experimentwith regularly-spacedlandmarks:estimatedpositionsof the robot ( �

��� ) and
features(

�

��� ) in grey, alongwith ��� ellipsesfor the point covariances���

�

�

� , areshown super-
imposedon the truepositions(from manualmeasurement)in blackastherobotmovedforward
andback.Thefeaturespacingwas40cm,andtherobotmovedabout5m from its origin. Feature
labelsshow theorderthey weretrackedin.

this uncertainty:in thenext step(5th picture),measurementshadbeenmadeof feature
0. This, the very �rst featuremeasured,had a position which was very well known
in the world coordinateframesincethe robot's positionhadbeenvery certainat this
time. Making thesemeasurementsthereforelocked down the vehicleuncertaintyand
a much betterestimatewas produced:estimatedposition �Ä �[] °[Z m, �  �[] �3c m,


$ XR�[] �
� rad, true position �ü ×�[] °
� m, �& ×��] �

Ò

m, 
$ ×�[] ��� rad.The covariance
matricesof therobotstatebeforeandafterthemeasurementswere:
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Theestimatesof thelocationsof all theotherfeatureswerealsoimmediatelyimproved.
Theremainingdiscrepancy in the � and 
 estimatesre�ects thefactthatmeasuringone
featuredoesnotfully constraintherobotlocation:it canbeseenthattheseestimatesim-
provedwhentherobothadre-measuredmorefeaturesby the6thpicture.The7thpicture
shows thestatefrom the6th picturezeroedwith respectto therobotasin Section3.6
anddisplayedatanangleto show thethree-dimensionalityof themapgenerated.

In the8thpicture,resultsareshown from a repeatof theexperimentdemonstrating
the failureof methodsusingseparate�lters for the robotandfeaturestatesto achieve
re-registrationwith original features.With our implementation,thesemethodsaresim-
ulatedby simply zeroingall off-diagonalblocksof the total covariancematrix œ after
eachpredictionandupdate(thiscanbeshown to beequivalentto themostsensibleap-
proachusingmultiple �lters). Thepictureshows thestateoncetherobothadreturned
to nearits startingposition,and it canbe seenthat while similar drift wasobserved
in the robot andfeatureestimatesasabove, correctaccountwasnot taken of this and
thecovarianceswereunderestimated(thefeatureuncertaintyellipsesbeingtoosmallto
see).An attemptto re-measurefeature0 from this positionfailedbecauseit did not lie
within the imagesearchellipsegenerated.The methodhasno ability to recover from
this situation.

6.2 A Fully Automatic Experiment

We presentresultsfrom a fully automaticrun wheretherobotdrove up anddown the
corridor-like baywith no initial knowledgeof theworld. The instructionsgivento the
robotwereto headin sequencefrom its startingpointat �5���=��� = ���[���W� to thewaypoints

�

�

���[] cO� , �

�

�=�O� , and�nally �5�[���W� again(in metreunits).Whenheadingfor a particular
waypoint,therobotcontinuouslycontrolsits steeringangle' accordingto asimplelaw
describedin [6]. A particularwaypointis saidto have beenreachedwhenthe robot's
estimatedpositionis within 30cmof it, andtherobotstartsto steerfor thenext one.

The robot's progressis shown in framescut from a video in Figure5, alongwith
savedviewsof the�rst 16featuresdetectedandinitialisedinto themapasin Section5.3.
Theoutputof the�lter appearsin Figure6,wherethosefeaturesareannotated.Someof
thesefeaturesdid notsurvivevery longbeforebeingabandonedasnotuseful(numbers
4 and5 in particularnot surviving pastveryearlymeasurementattemptsandnotbeing
displayedin Figure6). Others,suchas0, 12 and14 provedto be very durable,being
easyto seeandmatchfrom all positionsfrom which they areexpectedto be visible.
It canbe seenthat many of the bestfeaturesfound lie nearthe endsof the corridor,
particularlythelargenumberfoundneartheclutteredbackwall (11–15,etc.).Theactive
approachreally comesinto its own duringsharpturnssuchasthatbeingcarriedout in
the5th picture,wherefeaturessuchasthesecouldbe trackedcontinuously, usingthe
full rangeof movementof theneckaxis,while therobotmadeaturnof Z��W�Fd . Theangle
of turncanbeestimatedaccuratelyat a timewhenodometrydatais unreliable.

Outward Journey: the sequenceof featuresselectedto be tracked in the early
stagesof the run (up to the 3rd picture in Figure6)) was0, 2, 1, 0, 2, 1, 3, 5, 4, 7,
6, 8, 3, 6, 8, 7, 3, 7, 8, 3, 9 — we seefrequentswitching betweena certainset of
featuresuntil somegooutof visibility andit is necessaryto �nd new ones.
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Fig.5. Therobotnavigatingautonomouslyup anddown thecorridor. Thelower four imagesare
example�xated views of four of the featuresinitialised as landmarks.Their numberingcorre-
spondswith thatusedin Figure6.

Return to Origin : in the6thpictureof Figure6, therobothadreachedits goal,the
�nal waypointbeinga returnto its startingpoint. The robot hadsuccessfullyrefound
original featureson its returnjourney, in particularfeature0 whosepositionwasvery
well known. The choiceof featurecriterion describedin Section5.3 had demanded
re-measurementof thesefeaturesassoonasthey becamevisible again,re�ecting the
drift occurringbetweenthe robot position estimateand the world coordinateframe.
Therobot's truepositionrelative to thegrid wasmeasuredhere,being �! "�[] �

�

m, �# 

XR�[]QZ

Ò

m, 
\ ¶°�] �

ø

rad,comparedto theestimatedposition �# ¶�[]QZ

ø

m, �Ê äXR�[] ��° m,

Þ 

Ò

] �
� rad.
RepeatJourney: theexperimentwascontinuedby commandingtherobotbackout

to �����I��� = (6, 0), thenhomeagainto (0, 0). In thesefurther runs,thesystemneeded
to do far lessmap-building sincea largenumberof featureswasalreadyknown about
alongthe trajectory. At (6, 0), shown in the 7th picture,the robot's true positionwas

�C 

ø

]

�

� m, �Þ ì�[]QZ

Ò

m, 
Þ "�[] �

Ò

rad,andestimatedstatewas �C 

ø

] �W° m, �Þ "�[] ��� m,

Þ XR�[] �

Ò

rad.At (0,0) again,shown in the8thpicture,thetruepositionof �! $��]>Z�/ m,
�ì XR�[] �0/ m, 
Ä XR°[] ��° rad comparedwith the estimate�J E�[]QZ�� m, �ì ^�[] ��� m,


_ XR°[] �

�

rad.This is very impressive localisationperformanceconsideringthat the
robothadtravelleda totaldistanceof some24mby this stage.

6.3 Incorporating Prior Map Knowledge

In a real applicationof an autonomousrobot, it is likely that someprior knowledge
aboutthe world will be provided,or indeedthat this will be necessaryto the robot's
ability to performa usefultask.In particular, oursystemasdescribeddoesnotgive the
robot thecapabilityto detectobstaclesalonga requestedroute.It is not intendedthat
themapof featuresusedaslandmarksbe denseenoughto useasa basisfor obstacle
avoidance.

Prior knowledgeof a featurecanbe incorporatedinto the mapby initialising its
locationinto thestatevectorat thestartof motion,andproviding thesystemwith the
featuredescription(i.e. animagepatch).If thefeaturelocationis preciselyknown, this
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Fig.7. Theestimatedtrajectoryandframescut from avideoastherobotnavigatedautonomously
aroundtwo known landmarksandoutof thelaboratorydoor.

is correctly managedby the �lter by simply settingall covarianceelementsrelating
to that featureto zero— otherwise,somenon-zeromeasurementuncertaintycouldbe
initialised.No specialtreatmentneedsto be accordedto the featureafter this. Having
perfectfeaturesin the scenemeansthat the robot is able to remaintrue to the world
coordinateframeovera widerareathanotherwise.



In addition,extra labelscan be attachedto featuresinitialised in this way to aid
navigation,aswe demonstratein experimenthere.The locationsof two featureslying
on thecornersof azig-zagpathweregivento therobotasprior knowledge,alongwith
instructionsto steerto the left of the �rst and to the right of the secondon its way
to a �nal locationat �������
�» E�4�[�&XH°�]

ø

� . This is informationthat could be assigned
to automaticallydetectedfeaturesby additionalvisual modulessuchasa free-space
detector.

Figure7 showsthelocationsof theknownfeatures0 and1, themapof otherfeatures
whichwasformed,andtheestimatedrobottrajectoryasit negotiatedthecornersto pass
outof thelaboratorydoor. Steeringaroundtheknown featureswasaccomplishedwith a
similarsteeringlaw to thatusedto steerto awaypoint,but with theaimof avoidanceby
asaferadiusof 1m[6]. It canbeseenthatfeaturesdetectedin thevicinity of theknown
ones(especially1) arealsowell known. Small “kinks” in thetrajectoryarenoticeable
wherethe robot �rst madesuccessfulmeasurementsof the known featuresandmade
relatively largere-registrationadjustmentsto its positionestimates.

7 Conclusions

This paperhasshown how a robot can useactive vision to provide continuousand
accurateglobal localisationinformation by serially �xating its camerason arbitrary
featuresin the scene.A mapof landmarksis automaticallybuilt andmaintained,and
extendedperiodsof navigationarepermittedby therobot'sability to identify thesame
featuresagainandagain,mitigatingtheproblemof motiondrift.

Thesystemprovidesa framework into which goal-directedvisualcapabilitiescan
beinserted,asdemonstratedin experiments.In futurework, it is plannedto addmod-
uleswhichenableawidevarietyof purposivemanoeuvres,suchasautomaticfree-space
detectionto permitobstacleavoidance,or targetrecognitionto providegoalsautomati-
cally.

Potentialimprovementsto the localisationsystemitself arechie�y concernedwith
allowing differentsortsof scenefeatureto be usedas landmarks:the additionaluse
of line segmentsor planarpatchfeatureswould extendrobustnessby makingreliable
landmarkseasyto �nd andtrackin any environment.
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