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LocalizationMethodsfor a Mobile Robot in Urban
Environments

AtanasGeorgiev, Member, IEEE, andPeterK. Allen, Member, IEEE

Abstract— This paper addressesthe problems of building a
functional mobile robot for urban site navigation and modeling
with focus on keeping track of the robot location. We have
developed a localization systemthat employs two methods. The
�rst method uses odometry, a compassand tilt sensor, and a
global positioning sensor. An extendedKalman �lter integrates
the sensordata and keepstrack of the uncertainty associatedwith
it. The secondmethod is basedon camera poseestimation. It is
used when the uncertainty fr om the �rst method becomesvery
large. The pose estimation is done by matching linear features
in the image with a simple and compact envir onmental model.
We have demonstrated the functionality of the robot and the
localization methods with real-world experiments.

Index Terms— Mobile robots, localization, machine vision

I . INTRODUCTION

T HE problemof building a functionalautonomousmobile
robot that cansuccessfullyandreliably interactwith the

real-world is very dif�cult. It involves a number of issues
— such as proper design, choice of sensors,methodsfor
localization,navigation,planning,andothers,— eachof which
is a challengeon its own. A key factorof this complexity is
the targetedenvironment of operation.The current state of
mobile roboticsis that mostof the researchhasbeenfocused
on solving theseissuesindoorsbecauseof the slightly more
predictablenature(e.g. �at horizontal �oors, well-structured
spacepartitioning, smaller scale, etc). On the other hand,
many of the interestingapplicationsareoutdoorswherefewer
assumptionscanbe taken for granted.

In this paper, we target outdoorurbanenvironments.These
environmentspose their own unique set of challengesthat
differentiatethem from both the indoor and the open-space
outdoorlandscapes.Ontheonehand,they areusuallytoo large
to considerapplyingcertaintechniquesthat achieved success
indoors.On the other hand,typical outdoorsensors,suchas
GPS,have problemswith receptionaroundbuildings.

While we have tried to keep the methodspresentedhere
general,we have focusedon the developmentof our mobile
robot system(Figure 1) with a speci�c applicationin mind.
The AVENUE project at the Columbia University Robotics
Laboratorytargetsthe automationof the urbansite modeling
process[1]. The main goal is to build geometricallyaccurate
andphotometricallycorrectmodelsof complex outdoorurban
environments.Theseenvironmentsare typi�ed by large 3-D
structuresthat encompassa wide rangeof geometricshapes
anda very large scopeof photometricproperties.

High-quality site modelsare neededin a variety of appli-
cations,such as city planning,urban design,�re and police
planning,historical preservation andarchaeology, virtual and
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Fig. 1. The mobile platform usedin this work.

augmentedreality, geographicinformationsystemsandmany
others.However, they are typically createdby handwhich is
extremely slow and error prone.The modelsbuilt are often
incomplete and updating them can be a serious problem.
AVENUE addressestheseissuesby building a mobile system
that will autonomouslynavigate arounda site and createa
modelwith minimum humaninteractionif any.

The design and implementationof our mobile platform
involvedefforts thatarerelatedanddraw from a largeamount
of existing work. For localization,deadreckoning hasalways
beenattractive becauseof its pervasiveness[2]–[4]. With the
rapid developmentof technology, GPS receivers are quickly
becomingthe sensorof choice for outdoor localization [5]–
[7]. Imaging sensors,suchas CCD camerasand laser range
�nders, have also becomevery popular mobile robot com-
ponents[8]–[11]. Variousmethodsfor sensorintegrationand
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Fig. 2. The systemarchitecture.Solid rectanglesrepresentcomponents,dottedrectanglesareprocesses,anddashedrectanglesgroupprocessesrunningon
the samemachine.The arrows show the data�o w betweencomponents.

uncertaintyhandling have beenproposed[12]–[16]. A very
popularand successfulidea is to exploit the duality between
localizationandmodelingandaddressboth issuesin thesame
process,known as SLAM – SimultaneousLocalization and
Map Building [14], [15], [17], [18]. Sensorsandmethodsfor
indoor localization have been comprehensively reviewed in
two books [19], [20]. Another excellent book presentscase
studiesof successfulmobile robot systems[21].

Researchersfrom the AustralianCentrefor Field Robotics
havemadesigni�cant progresstowardusingSLAM in outdoor
settings.Dissanayake et al have proved that a solution to the
SLAM problemis possibleandpresentedonesuchimplemen-
tation [22]. Guivant et al have further looked into optimizing
the computationalaspectsof their algorithmandhave applied
it to an unstructurednaturalenvironment[23].

The problemof mobile robot localizationin urbanenviron-
mentshasbeenaddressedby Talluri and Aggarwal by using
featurecorrespondencesbetweenimagestakenby a cameraon
therobotanda CAD or similar modelof its environment[24].
Chen and Shibasaki have improved on the accuracy and
stability of GPS in urban areasby adding a cameraand a
gyro [25]. They have also relied on an environmentalmodel
obtainedfrom a geodeticinformationsystem.Nayakhasused
a sensorsuite consistingof four GPS antennaeand a low-
cost inertial measurementunit for localization of a car in
urbanareas,however, their resulting localizationerrorswere
on theorderof meterswhich is notacceptablefor mobilerobot
navigation [26].

Our approachdelivers a mobile robot systemcapableof
operatingautonomouslyunder the challengesof urbanenvi-

ronments.Whenever needed,we are making use of unique
urbancharacteristicsto facilitate the estimationof the robot
location. Of all outdoor environments,urban areasseemto
possessthe most structure in the form of buildings. The
lawsof physicsdictatecommonarchitecturaldesignprinciples
accordingto which the horizontalandvertical directionsplay
an essentialrole and parallel line featuresare abundant.The
systempresentedheretakesadvantageof thesecharacteristics.
We believe that the main contributions of our work are the
practical realization of a functioning mobile robot for site
navigationandmodelingandanovel methodof supplementing
odometry and GPS with visual image processingto allow
accuratelocalization of the robot under varying conditions
including odometryerror andGPSdegradation.

The rest of this paper is organizedas follows: The next
sectionbrie�y describesourmobilesystemandsoftwarearchi-
tecture.SectionIII describesthe�rst of our localizationmeth-
ods,basedon odometry, a digital compassmoduleandglobal
positioning.SectionIV presentsour vision-basedlocalization
methods.Experimentalresultsareshown in sectionV and in
sectionVI, we concludewith a summaryanda discussionon
future extensionsof this work.

I I . SYSTEM DESIGN AND IMPLEMENTATION

The mobile robot usedas a test bed for this work is an
ATRV-2 model manufacturedby iRobot (Figure 1). It has
built-in odometry, twelve sonarsandcarriesa regular PC on-
board.For modeling, we have installed a Cyrax 2500 laser
rangescannerwith a rangeof up to 100m. For navigation,
we have addeda Honeywell HMR3000digital compassmod-
ule with an integratedroll-pitch sensor, an AshtechGG24C
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Fig. 3. The userinterface.The window shows the outlinesof the 2-D map
andsimpli�ed 3-D modelsof buildings.The actualtrajectoriesof two robots
arevisible alongwith the plannedpathfor the red robot (denotedwith �ags).

GPS+GLONASS1 receiver which is accuratedown to 1cm in
real-time kinematic (RTK) mode, and a color CCD camera
mountedon a pan-tilt unit (PTU). Communicationwith the
robot is donevia a 802.11bwirelessnetwork.

The combinationof dead-reckoning and GPSis known to
bebene�cial. GPStendsto exhibit anunstablehigh-frequency
behavior manifestedby sudden“jumps” of the position esti-
matesbut is fairly reliableovera longerperiodof time.On the
other hand,dead-reckoning sensorsdrift graduallyand rarely
suffer the suddenjump problem.

The camerais neededto addresssomeof the limitations of
GPS operationthat are quite consistentin urban areas.Tall
buildings in the vicinity may obstruct the clear view to the
satellites,thesignal-to-noiseratio couldbeattenuatedby trees
or large structuresstandingin the way or onemay encounter
signal re�ections or multipath.The result is unstable,wrong,
or even no position �x es in someareas.However, due to the
natureof urbansitesand the overall goal of AVENUE, it is
mostlyaroundbuildings thatdegradationin GPSperformance
is likely to occur. With the addition of a camera,we make
useof this by exploiting typical urbancharacteristics,suchas
abundanceof linear features,parallellines,andhorizontaland
vertical principal directions,which are relatively easyto �nd
andprocessusingcomputervision techniques.

Our systemarchitecture(Figure 2) addressesthe various
tasksassociatedwith anautonomousnavigationandmodeling
in a modularanddistributedfashion.Its main building blocks
are concurrentlyexecuting distributed software components
which can communicateacrossthe network. The robot is
designedto operateaccordingto the following scenario:Its

1Throughoutthis paperwe will useGPSto designateany or both of the
U.S. NAVSTAR GPSandthe RussianGLONASS infrastructures.
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Fig. 4. A diagramof the extendedKalman�lter con�guration.

task is to go to desiredlocationsand acquire requested3-
D scansand imagesof selectedbuildings. The locationsare
determinedby thesensorplanningsystemandareusedby the
pathplanningsystemto generatereliabletrajectorieswhichthe
robot follows. Whenthe rover arrivesat the target location,it
usesthesensorsto acquirethescansandimagesandforwards
themto the modelingsystem.The modelingsystemregisters
and incorporatesthe new datainto the existing partial model
of the site (which in the beginning could be empty). After
that,theview planningsystemdecidesuponthenext bestdata
acquisitionlocation and the above stepsrepeat.The process
startsfrom a certainlocation and graduallyexpandsthe area
it hascovereduntil a completemodelof the site is obtained.
The userinterface(Figure 3) providesa comprehensive view
of the robot locationandactivities within its environmentand
allows the user to monitor the progressand exercisecontrol
of the mission.

Theentiretaskis quitecomplex andrequiresthesolutionof
a numberof additionalfundamentalproblemswhich we have
addressedin our project. Due to limited space,we refer the
readerto [27]–[29].

I I I . LOCALIZATION IN OPEN SPACE

The �rst of our localizationmethodsis designedfor real-
time usagein open-spaceoutdoor environments.It usesthe
built-in robot odometry and the added digital compass/tilt
sensorand GPS receiver. We exploit the redundancy in the
measurementsof thesesensorsto fuse their estimatesusing
an extendedKalman �lter shown in Figure4 [30].

The control input to the robot consistsof thescalartransla-
tional velocity v(t) and the scalarangularvelocity ! (t). Due
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Fig. 5. The ATRV kinematics.
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to the kinematicsof the robot (Figure 5), the translational
velocity vector v(t ) always points forward and the angular
velocity vector w(t ) always points up. With respectto the
robot coordinatesframe, thesevelocitiescan be expressedas
v0(t ) = v(t)ex and w 0(t ) = ! (t)ez , where ex = [1; 0; 0]T

andez = [0; 0; 1]T .
Denote the position of the robot at time t by p(t ) =

[x(t); y(t); z(t)]T and its orientation as expressedby the
Euler angles by r (t) = [' (t); � (t);  (t)]T . Let R(r ) =
Rotz ( ) Roty (� ) Rotx (' ) be the roll-pitch-yaw matrix corre-
spondingto theEuleranglesr , let R � 1(A) bethefunctionthat
returnsthe Euler anglesof a roll-pitch-yaw matrix A, andlet
M (A) be thestandardmatrix that transforms3-D angularrate
to Euler angletime derivatives.Then,in the world coordinate
frame, the velocitiesof the robot are v(t ) = v(t)R(r (t ))ex

and w(t ) = ! (t)R(r (t ))ez and our systemmodel for the
robot motion becomes(with implicit dependenceon t):

_x =
�

_p
_r

�
=

�
v R(r ) ex

! M (r ) ez

�
+ um (1)

where state vector x = [x; y; z; '; � ;  ]T is the robot pose
and the vector um is added noise accounting for system
misrepresentation.

Let ~x be an estimateof the robot poseand let the error of
this estimatebe � x = x � ~x. Applying �rst orderTaylor series
approximation,we linearizeequation(1) about ~x

� _x = F � x + u (2)

whereF is a 6 x 6 matrix obtainedfrom thepartialderivatives
in equation (1) and u includes both the system misrepre-
sentationterm from (1) and the uncertaintyin the estimate
~x. We assumeit to be zero-meanGaussianwhite noise,
u � N (0; Q). Next, we solve the differential equationand
discretizein time to obtain the statetransitionmatrix

� k � I + (tk+1 � tk )F (3)

and the Kalman �lter predictionequations

� x̂ �
k + 1 = � k � x̂+

k (4)

P̂ �
k + 1 = � k P̂+

k � T
k + Qk : (5)

The notation adoptedhere is that the hat denotesvalues
estimatedby the�lter , theminussuperscriptdenotespredicted
values,the plus superscriptdenotescorrectedvaluesand the
subscript denotesthe time interval. The matrix P̂ k is the
covarianceof the estimatederror state � x̂ k and Qk is the
noisecovariancefor the time period [tk ; tk+1 ]. Detailsof the
derivationscanbe found in [31].

We obtainthereferencetrajectory~x from odometry. Counts
from encoderson theaxlesareregularly sampledby therobot
�rmw are and converted into angulardisplacement� � i and
travel distance� si during the sampling interval. Note that
theodometrysamplingtimesdo not necessarilycoincidewith
the updatetimes of the Kalman �lter (which happenwhen
measurementsfrom theothersensorsbecomeavailable).Since
we only have discretesampleswe needto interpolateto obtain

a continuoustrajectory. For a samplinginterval [t0
i ; t0

i +1 ] of the
odometry:

� � 0
i (t) = � � i (t � t0

i )=(t0
i +1 � t0

i ) (6)
�

� x0
i (t)

� y0
i (t)

�
= � si

t � t0
i

t0
i +1 � t0

i

Z t

t 0
i

�
cos(� � 0

i (t))
sin (� � 0

i (t))

�
d� (7)

wherethe displacements� x0
i (t), � y0

i (t) and� � 0
i (t) arewith

respect to the robot pose ~x0
i = [~p0

i ;~r
0
i ]

T at time t0
i and

necessarilyassumea planarlocal motion. In caseswherewe
canassumethatthegroundis �at, thereferenceplanefor each
samplingperiodwill be the same(the ground)anda running
total of thesedisplacementswill give us the overall odometry
estimateof the robot posein 2-D. Here,we are interestedin
the full 3-D pose,however, andneedto accountfor the robot
pitch androll:

~p(t ) = ~p0
i + R(~r 0

i ) [� x0
i (t); � y0

i (t); 0]T (8)

~r (t ) = R� 1(R(~r 0
i ) Rotz (� � 0

i (t))) : (9)

If a new measurementcomesfrom anothersensorat time
tk 2 [t0

i ; t0
i +1 ], thenthat measurementis fed throughthe �lter

togetherwith the odometrypose~x �
k as computedfrom (8)

and (9) and the resultingerror estimate� x̂ +
k is transferredto

~x �
k to producea correctedodometryestimate~x +

k . Then, the
remainingportion of the displacements� � i and � si (which
occurredduring [tk ; t0

i +1 ]) is addedto theodometryaccording
to (8) and (9), only this time using the correctedodometry
estimate~x+

k as a reference.In essence,whenever the �lter
updatesthe odometrytrajectory, it updatesthe local reference
planeof motion usedin the subsequentodometryiterations.

We would like to point out that regardlessof whethera 2-D
or a 3-D odometryformulation is used,minute measurement
errors during each sampling interval accumulateand reach
a point when they can no longer be neglected.Typically, a
robot may be able to accuratelytraversea few meters,but
after that relying on odometry becomesimpractical. These
errorscannotbe avoidedwithout somemeansof more direct
measurements,such as GPS. It is neverthelesspossible to
addressthem. Systematicerrors, which are onescausedby
kinematicimperfectionsof the vehicle,can be estimatedand
compensatedfor using accuratecalibration. We have used
the UMBmark methodto do so [2]. Generally, the point of
performingsucha calibrationis to make surethe systematic
errors will be reducedto negligible comparedto the non-
systematicones.Non-systematicerrors (e.g. due to slippery
spots,over-acceleration)are by de�nition randomand non-
predictable.They areaccountedfor by thesystemdisturbance
vector u in equation(2). In essencewe have modeledtheir
“average”behavior so that we keeptrack of the uncertainty
in the robot poseestimates.Our model is a Gaussianproba-
bility distribution with standarddeviation proportionalto the
distancetraveled.While technicallynot exact, this is a good
enoughapproximationover a short distanceuntil the robot
obtainsexternalobservationsof its location.

Although equations(8) and (9) work in 3-D, they cannot
produce an accurate3-D pose basedsolely on odometry,
becauseodometrylacksthenecessaryobservationalpower. To
provide full threedegreesof freedomin orientation,we have



5

addeda compassand tilt sensormodule which reports the
heading(yaw), pitch androll angles.It is mountedlevel on the
robot and is calibratedfor magneticvariation and deviation.
The observation model is quite simpleas it is alreadylinear:

zc
k = [' c

k ; � c
k ;  c

k ]T (10)

H c
k =

2

4
0 0 0 1 0 0
0 0 0 0 � 1 0
0 0 0 0 0 � 1

3

5 (11)

R c
k = diag(� 2

t ; � 2
t ; � 2

h ) (12)

wherezc
k is thesensormeasurementvector, H c

k is theobserva-
tion matrixandR c

k is theobservationuncertainty. Thenegative
signs in H c

k are due to the sensorcoordinatesystembeing
orientedforward-right-down while therobot frameis forward-
left-up.We assumeaGaussiandistributionof themeasurement
error with tilt and headingstandarddeviations, � t and � h ,
basedon the manufacturer's speci�cations.The sensordata
is usedto updatethe statevector accordingto the standard
Kalman �lter equations:

K k + 1 = P̂ �
k + 1 H T

k + 1 (H k + 1 P̂ �
k + 1 H T

k + 1 + R k + 1 )� 1(13)

� zk + 1 = zk + 1 � H k + 1 ~x �
k + 1 (14)

� x̂+
k + 1 = � x̂ �

k + 1 + K k + 1 [� zk + 1 � H k + 1 � x̂ �
k + 1 ] (15)

P̂+
k + 1 = (I � K k + 1 H k + 1 ) P̂ �

k + 1 : (16)

The GPSreceiver is very usefulbecauseit limits theerror ac-
cumulatedby thedeadreckoningsensors.It providesperiodic
�x es of the location of the GPSantenna,zg

k = [xg
k ; yg

k ; zg
k ]T .

Sincetheantennais placedat location�p g with respectto the
robot coordinateframe,the observation model is not linear:

hg (x) = p + R(r ) �p g : (17)

The �x is incorporatedinto the �lter via equations(13)–
(16) wherethe observation matrix is H g

k = r hg (x)j x̂ �
k

and
the measurementuncertaintyR g

k is the one reportedby the
receiver.

The GPS is the only sensorin this method that makes
absolutepositionmeasurementsandthusthe overall accuracy
of the methoddependsstrongly on the accuracy of the GPS
�x es. If GPSquality deteriorates,the uncertaintyin the pose
estimatesmay becometoo large. In such cases,positioning
data is neededfrom additionalsensors.But in order to seek
such data, there has to be a way to detect thesesituations.
This is done by monitoring the variance-covariancematrix
representingthe uncertaintyin the Kalman �lter . Eachof the
diagonalelementsof this matrix re�ects the varianceof the
correspondingelement(position or orientationcoordinate)of
the statevector. Whenever a new GPSupdateis processedby
the�lter , a testis performedto checkif thevarianceassociated
with the robot position is greaterthan a threshold.If so, we
considerthis as an indication that additional data is needed
and attemptto use the visual localization methoddescribed
next. Only the uncertainlyin position is consideredbecause
if the orientationis wrong it will quickly causethe position
error to also increase.

Fig. 6. A samplemodel (right) of a facadeof a building (left).

IV. V ISUAL LOCALIZATION

To expand the working rangeof our localization system,
it is suf�cient to provide occasional“on-demand” updates
only when the open-spacecon�guration fails. Visual pose-
estimationalgorithmsare well poisedto do that. By acting
lessfrequentlyandon demand,they canbeallowedmoretime
for imageprocessingoperationswhich canbeusedto increase
the robustnessof the overall system.

This is the underlying idea in the useof our visual local-
ization system.As the robot moves, it usesthe open-space
localizationmethoddescribedin the previous sectionto keep
track of its pose along with the uncertainty. As long as it
is con�dent in thesepose estimates,no attemptsare made
to usevision. If the con�dencebecomeslow, then the robot
is allowed to stop and compute a more accurateestimate
using the vision-basedposeestimationmethoddescribedin
this section.

A. EnvironmentalModel

Thevisualposeestimationis basedonmatchinganimageof
a building takenby thecamerawith a model.Theenvironmen-
tal modelwe useis a databaseof smaller-scalefacademodels.
Eachfacademodeldepictsthefeaturesof a near-planarregion
arounda building facade(Figure6). The featuresmodeledare
dominantstraight lines — typical and abundantin a human-
madeenvironments.All lines are �nite segmentsrepresented
by the3-D coordinatesof their endpointsin a local coordinate
system,which is registeredwith the“world” coordinatesystem
for the entiresite.

In order to be useful, eachfacademodel needsto capture
enoughfeaturesto provide suf�cient informationfor the robot
to �nd its pose.Thenumberof featuresvariesacrossbuildings
but beyonda certainlimit, addingmoredetail quickly reaches
the point of diminishing return. There is no needto model
every facadeor every building either — what is neededis
thatenoughbuilding facadesaremodeledto allow continuous
localizationthroughoutthe areaof interest.Hencethe model
we useis simpleandcompact.The modelusedin this paper
wascreatedby hand,however, our approachon how to create
the modelsautomaticallyis discussedin sectionVI.

B. Choosinga Model to Use

Whenvisualposeestimationis attempted,a roughestimate
of the robot pose is available from the other sensors.This
estimateis usedto searchthe model databasefor the most
appropriatebuilding facadeto usefor visual localization.This
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Fig. 7. Choosinga model:A top-down view of modeledfacadesof buildings
are shown on the map. The two circles show the minimum and maximum
distanceallowed. The dottedlines aremodelsthat areoutsideof this range.
The dashedlines are modelsthat are within the rangebut are viewed at a
very low (or negative) angle.The solid lines aregoodto use.The thick one
is chosenbecauseit is closestto the robot.

is done in two stepsaccordingto two criteria: distanceand
viewing angle(Figure7).

The�rst stepis to scanthroughthemodeldatabaseindex to
determinethe facademodelsthat are within a good distance
from therobot.Both minimalandmaximallimits areimposed:
If a building is too close, it may not have enoughvisible
featureson the image; if it is too far, the accuracy of the
resultmay be low becauseof the �x ed cameraresolution.

The secondstep is to eliminate facademodels from the
�rst step basedon the viewing angle (ranging from 90� for
an anteriorview to � 90� for a posteriorview). Only models
that are viewableundera large enoughangleare considered.
This eliminatesboth the facadesthat arenot visible (negative
angles)and the onesthat are visible at too low an angle to
producea stablematchwith the image.

The models that successfullypassthis two-stepselection
processform the set of good candidatemodelsto use.Any
subsetof this setcanbe usedin the poseestimationstep.As
the processingtime is not trivial, however, we chooseto use
only the onethat is closestto the robot.Becauseof the �nite
resolutionof the camera,this choice is likely to provide the
mostaccurateresult.

Finally, the pan-tilt head holding the camera is turned
toward the chosenfacadeandan imageis taken.The panand
tilt anglesare computedfrom the known rough poseof the
robotsothatthecamerafacesthecenterof massof themodel.
In practice, the �nal orientation of the camerais different
from the ideal one becauseof the uncertaintyin the current
pose.However, for thesmalldistancesinvolvedandthetypical
accuracy of the poseestimates,the resultingorientationerror
of thecamerais usuallywithin thetoleranceof theprocessing
stepsthat follow. Further, since the camerais aimed at the
centerof the model, any small deviation will have minimal
effect.

C. PoseEstimation

At this stage,a pair of animageanda modelof thebuilding
facadeareavailableandthetaskis to determinetheposeof the
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Fig. 8. Error metric usedfor poseestimation.

robot. Sincethe camerais tracked by the pan-tilt unit rigidly
af�x ed to the robot, if the cameraposeis known, then the
poseof the robot canbe easilyderived.Thus,the focus from
now on is on the computationof the camerapose.

The posecomputationis doneby matchingidentical linear
featuresin the image and the model. We have adopteda
probabilistic approachfollowing the well-known RANSAC
paradigm�rst introducedby Fischler and Bolles [32]. The
methodconsistsof the following � ve steps.The �rst step is
executedonce,while the rest of the stepsare repeatedin a
loop with a predeterminednumberof iterations.

1) Preparation: The purposeof the preparationstepis to
obtaintheline segmentsanddosomepre-processingnecessary
for thestepsthatfollow. Theimageof thebuilding is processed
to obtain the 2-D line segments.A Canny edgedetectoris
applied to locate edgelsand then an incrementalline �tting
techniqueis usedto connectthemin straightline segments.

To reducethe computationalburdenin the following steps,
collinearlinesaremergedandonesshorterthanagiventhresh-
old are discarded.Details aboutthis processare presentedin
the appendix.

2) Samplingand Pose CandidateComputation: The idea
behind RANSAC is to solve the poseestimationproblem a
number of times using randomly chosenmatchesbetween
a minimum number of 2-D and 3-D line segments. The
minimum numberof matchingpairs in this caseis three:the
problem has six unknowns (three for position and three for
orientationof thecamera)andeachmatchingpair of segments
provides a two-degrees-of-freedomconstraint.The equations
arenon-linearandmorethanonesolutionis possible,however,
theinitial poseestimatefrom theothersensorsis usuallygood
enoughto converge to the correctone.Thus,in the sampling
step,we randomly selectthree pairs of lines and, basedon
this selection,computean estimatefor the camerapose.

The camerapose candidateis found by using the pose
estimationmethodproposedby Kumar and Hanson[33]. A
perspective cameramodel is usedand the calibrationparam-
etersof cameraare assumedto be known. An error function
is composedand minimized that quanti�es the misalignment
of the 3-D line and its matching2-D line from the sample.
For each 2-D line l i , considerthe plane that is formed by
that line and the cameracenterof projection(Figure 8). Let
the normal to that plane is N i . Suppose,l i is matchedwith
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the 3-D line segmentsj whoseendpointsPj; 1 andPj; 2 have
world coordinatesp j ;1 and p j ;2 . If R and T are the rotation
andtranslationthatalign theworld coordinatesystemwith the
oneof the camera,then

di;j = (N i � (R � p j ;1 + T))2 + (N i � (R � p j ;2 + T))2 (18)

is the sum of squareddistancesof the endpointsof sj to
the plane formed by l i (Figure 8). The error function that
is minimized is the sumof di;j for the threematchingpairs:

E (R; T) =
X

i;j 2 M atches

di;j : (19)

This function is minimized with respectto the six degrees
of freedomfor the camerapose:threefor the rotationR and
three for the translationvector T . The computationfollows
the methodproposedby Horn [34].

3) PoseCandidateRe�nement: The posecandidatere�ne-
ment step usesthe consensusset to �ne tune the estimate.
The consensusset is the set of all matching pairs of 2-D
edgesegmentsfrom theimageand3-D line segmentsfrom the
model that agreewith the initially computedposecandidate.

For each3-D line segmentin themodel,a neighborhoodof
its projectionon the imageis searchedfor 2-D edgesandtheir
distancefrom the 3-D line segmentis computedaccordingto
(18). The 2-D edgewith the smallestdistanceis taken to be
the match,if that distanceis lessthan a thresholdand if the
2-D line is not closerto another3-D line. If no such2-D edge
is found, then the 3-D line segment is assumedto have no
match.

The consensusset is usedtogetherwith equation(19) to
computea better pose estimate.This is done iteratively a
numberof times(between1 and4) startingwith a largevalue
for the consensusthresholdand graduallydecreasingit. The
large initial valuefor the thresholdmakessurethat a roughly
correctconsensussetwill be generatedinitially which will be
later re�ned to eliminate the falsepositives and increasethe
accuracy. The resultof the last iteration is the posecandidate
that is evaluatedin the next step.

4) Pose CandidateEvaluation: The quality of eachpose
candidateis judgedby a metric q(R; T) which quanti�es the
amountof supportfor the poseby the matchesbetweenthe
model and the edge.The idea is to check what portion of
the model is coveredby matchingedgelines. The larger the
coverage,the better the pose candidate.Ideally, the entire
visible portion of the model shouldbe coveredby matching
2-D edgelines.

After thelastre�nementiteration,theconsensussetcontains
pairsof matching3-D linesfrom themodeland2-D linesfrom
the edges.Considerone3-D line sj in the consensussetand
its matching2-D counterpartl i . Let theperspective projection
of sj onto the imagebe s0

j and the orthogonalprojectionof
l i onto s0

j be l0
i . We set the contribution c(sj ) of the match

betweensj andl i to the lengthof theoverlapbetweens0
j and

l0
i . Thus,total portion of the modelcoveredby matchingline

edgesin the imageis

C(R; T) =
X

sj 2 M odel

c(sj ): (20)

The dependenceon R andT is implicit as the consensusset
and the projectionss0

j dependon the pose.
Note that the coverageis a quantity which is computedin

2-D space.As such,it dependson the scaleof the model as
well. If the cameramovesaway from the building, the visible
size of the model will diminish and C(R; T) will decrease
even if the match is perfect. Hencenormalizationneedsto
take place.

Therearetwo waysto normalizethecoverage:divideby the
totalprojectedlengthof themodelor divideonly by thevisible
projectedlength.The former approachwill tend to underrate
thecorrectposein caseswhenthemodelis slightly outsideof
the�eld of view. Thelatterapproachwill do �ne in suchcases
but will overrateposesfor which very little of the model is
visible andthevisible portion caneasilymatcharbitraryedge
lines. We have chosento usethe latter methodand compute
the poseevaluationmetric as

q(R; T) = C(R; T) =V(R; T) (21)

whereV (R; T) is the total lengthof the visible projectionof
the modelon the image.

To avoid the pitfalls of choosingan overratedpose,we use
threecriteria by which eliminatea given posecandidatefrom
consideration:

1) If the posecandidateis outsideof a validation gate,it
is immediatelyrejectedasunlikely. The validationgate
is determinedby the total stateestimateof theextended
Kalman �lter .

2) If the visible portion of the modelon the imageis less
thana threshold,theposeis alsorejectedasthereis not
suf�cient basis to evaluateit, even if it is the correct
one.If this is case,the entire localizationstepis likely
to fail, becausethe camerawaspointedway off-target.

3) If the value q(R; T) for the current posecandidateis
lessthan a threshold,the poseis also rejectedas there
is insuf�cient supportfor it.

Of all the pose candidatesthat pass the three tests, the
one with the highest score after the loop is the best one
and is acceptedto be the correctpose.It is usedalong with
an empirically obtainedfor eachmodel covariancematrix to
updatethe Kalman �lter estimate.If no good poseis found,
the visual localization step fails. This is not fatal, however,
as the robot simply movesa little further along its route and
attemptsanothervisual localizationstep.This is repeateduntil
either the visual localizationsucceeds,or the GPSpicks up a
goodsignalandcorrectsits poseto reducethe uncertainty.

The decisionon how many iterationsto perform depends
on thenumberof matchinglineswhich is impossibleto know
in advance.We terminatethe loop after a constantnumber
of iterations.Our justi�cation for the numberof iterationsis
given in the appendix.

V. EXPERIMENTS

To demonstratethe functionality of the mobile robot, we
performeda seriesof testswith therobot in an actualoutdoor
environment. Three kinds of tests were performed— one
that aimed to evaluate the performanceof the open-space
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Fig. 9. The �rst test run in openspace.

localizationmethod;anotherthat focusedonly on the vision
component;anda �nal testthatusedbothmethods.Theopen-
spacelocalization experimentswere run on a relatively �at
areaand estimatedthe robot position andorientationin 2-D.
Therestof theexperimentswereperformedin 3-D estimating
the full six degreesof freedomof the robot posebecausethe
entire testareawasnot entirely �at.

A. Localizationin OpenSpace

The purposeof thesetestswere to investigatethe accuracy
of theopenspacelocalizationmethoddescribedin sectionIII.

Arbitrary trajectorieswere generatedand executed.The
trajectorieswerepiece-wiselinear, with therobotturningto its
next target in placeassoonasit reachedthe currentone.The
maximumtranslationalandrotationalvelocitieswere0.5 m=s
and0.4 rad=s respectively.

To test the accuracy of the system,two comprehensive test
runsweresetup to obtaingroundtruth data.A pieceof chalk
was attachedat the centerof odometryon the bottom of the
vehicle so that when the robot moved it plotted its actual
trajectoryon the ground.After it completedthe task,sample
points from the actual trajectorywere marked at intervals of
approximately1 m and measurementsof eachsamplepoint
wereobtained.

First, a complex desiredtrajectory of 14 targetsand total
length of 210 m was used.Figure 9 shows the plannedand
actual trajectories,overlaid on the map of the test area.The
averagedeviation of therobotfrom theplannedtrajectoryover
all sampledpoints in this run was 0:46m with a maximum
valueof 0:94m.

The secondtrajectory consistedof nine targets arranged
in the shapeof the digit eight around the two planters in
the centerof Figure 9. The trajectory was 132 m long and
asked the robot to return to the sameplacewhere it started
(Figure10). The averageerror for this run was0:251m.

The next experiment also involved the trajectory in Fig-
ure10, but this time of interestwasthedisplacementbetween
thestartingandarrival locations.Ideally, therobothadto arrive
at its startinglocationsincethis wasa closed-looptrajectory.

-20

-15

-10

-5

 0

 5

 10

 15

 20

-5  0  5  10  15  20  25  30

Big
Planter

Small
Planter

Start &
End

Map
Planned

Actual

Fig. 10. The secondopen-spacetest run returningto the startingpoint.

Three such runs were performed.The resulting errors were
0:08m, 0:334m, and0:279m.

It should be noted that the performanceof the open-
spacelocalization systemstrongly dependson the accuracy
of theGPSdata.During the experimentabove, thenumberof
satellitesusedweresix or sevenmostof thetime,occasionally
droppingto � ve or increasingto eight.The GPSreceiver was
working in RTK �oat mode in which its accuracy is worse
comparedto when it works in RTK �x ed mode. The latter
modeprovidesaccuracy to within a few centimeters,however,
it is typically availablewhenseven or moresatellitesprovide
goodsignal-to-noiseratio over a long periodof time.

These results demonstratethat this localization method
is suf�cient for navigation in open areaswith typical GPS
performanceand no additional sensorsare neededin such
cases.The locationestimateerrorsin all of theabove testruns
werewithin the acceptablerangefor our urbansite-modeling
task.

B. Localizationwith Vision

To examinethe accuracy of the visual localizationmethod,
we performedtwo kinds of tests:onethat comparesthe result
for each test location with ground truth data, and another,
that comparesthe two resultsthe algorithmproducedon two
different imagestaken from the samelocation.

In both kinds of tests,we wantedto measurethe quality
of the locationestimationaloneandminimize the interference
from inaccuraciesin the model.Thus,we took careto create
accuratemodels of the buildings used by scanning their
prominent featureswith a high-quality electronic theodolite
with nominalaccuracy of 2 mm . The featuresmodeledwere
windows, ledgesanddecorations— all commonlyfound and
abundant in urban structuresand easy to �nd using 2-D
image operators(Fig. 11). The model databaseconsistedof
16 facadeswith thenumberof line segmentsrangingfrom 15
to 51, averagingat 24.

In the �rst test,the robotwasdrivenalonga long trajectory
around a large building. At 16 relatively regularly spaced
locations the robot was instructedto stop and perform the
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Fig. 11. 3-D modelsusedfor localizationshown on a 2-D mapof the test
area.
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Fig. 12. A mapof the areawherethe experimentswereconductedshowing
approximatecameralocationsandorientations.

visual localizationroutine.It usedtheaccumulatederror from
odometryasan initial guessto determinethenearbybuildings
and choosea model of one for localization.A sketch of the
test areawith the test locationsand directionsin which the
imageswere taken is shown in Figure12.

Figure13 shows the resultsof the 16 runs.The left image
in eachpair shows the model usedprojectedonto the image
using the initial inaccurateestimateof the camerapose.The
image to the right shows the model projectedon the image
after the correctcameraposewas computed.The numberof
matchedfeaturesrangedbetween12 and25, with an average
of 18. In all casesthe alignmentof the model and the image
is very accurate.

Sinceit is extremely dif�cult to determinethe location of
the robot with a nearcentimeter-level accuracy, groundtruth
for the visual localization experimentsat eachlocation was
obtainedin thefollowing manner:An electronictheodolitewas

placednearthe robot and the building facadeit was looking
at. While the robot wasstationary, a scanof the cameralens
was taken with the theodolite.Then,a few key points of the
building facadewere also surveyed so that location of the
cameralenscould be determinedwith respectto the building.
Finally, theexpectedlocationof thecamerawith respectto the
building wascomputedbasedon therobotestimateof its pose
andit wascomparedwith the oneobtainedby the theodolite.

Becauseof thesizeof thecameralens,theerror introduced
by scanningits surface,ratherthan the focal center, was less
than 2cm, which is small in comparisonwith the errors of
thealgorithm.Theresultingerrorsin translationwere0:081m
(min), 0:442(max)and0:268(average).Theseerrorsaresmall
and clearly demonstratethat the method generatesaccurate
estimatesthat can be used for robot navigation in urban
environments.

The alignmentof model and image in the resultingposes
suggeststhat the orientation is also estimatedaccurately.
While this can be seenfrom Figure13, we wantedto obtain
a quantitative con�rmation. We did this by running Tsai's
method for external cameraparametersestimation[35] and
comparingits orientation estimateswith the ones from our
localization algorithm. The resulting errors were within a
fraction of a degree:0:131� (min), 0:977� (max) and 0:570�

(average).
The purposeof the secondtest was to con�rm that the

algorithmgeneratesconsistentresultswhenusedon different
facadesfrom the samelocation.We took two pairsof images
from the samespot — one pair at location 4 and one pair
at location 5 — by simply panningand tilting the camera.
Both pairsof imageswereprocessedwith their corresponding
models(Figures14–15) and were intentionally given initial
pose estimateswith large errors. The two results for each
pair were comparedwith eachother and revealedonly small
discrepancies:0:064m (location4) and0:290m (location5).

C. LocalizationUsing All Sensors

Finally, a test was performed to con�rm that the entire
localization systemworks well together, that is, it usesthe
visual localization as neededand that it actually improves
the performance.A more than 330m long trajectory was
composed(Figure 16) and the robot was directedto follow
that trajectoryusingall sensors,including vision, asneeded.

During the test run, the robot passedthrough both areas
of good GPSvisibility and poor GPSvisibility. It was setup
to seek visual localization whenever the standarddeviation
of the uncertaintyof the currentposition exceeded1m. The
robot was consistentlyable to detectthe areasof poor GPS
performance(marked on Figure 16) and supplementit with
vision.Notice,thatnoGPSdatawasavailableat all at location
3, astherobotwasdirectly beneathanextensionof thenearby
building.

It stoppedat eachmarked location,correctly determineda
nearbybuilding to useand performedthe visual localization
proceduredescribedin SectionIV. While at rest,we scanned
its camerawith anelectronictheodoliteto obtaingroundtruth.

TableI comparestheestimatesof the robotpositionat each
location. The top line of eachtable row shows the estimate
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Fig. 13. Visual localizationtests.Eachimageshows the matchingmodel overlaid as it would be seenfrom the estimatedcamerapose.The left imagein
eachpair shows the roughestimateof the posethat wasusedto initiate the visual localization.The right imageshows the resultingposeof the algorithm.
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Fig. 14. Consistency test1: Initial and�nal alignmentsin theposeestimation
testswith a pair of imagestaken from the samelocation.

Fig. 15. Consistency test2: Initial and�nal alignmentsin theposeestimation
testswith a pair of imagestaken from the samelocation.

of the open-spacelocalization method prior to triggering
the visual procedureand its error. The bottom line of the
same row, shows the estimateand the error of the visual
localization.The table clearly demonstratesthe improvement
thevisualalgorithmmakesto theoverall systemperformance.
The correspondingimagesoverlaidwith the modelareshown
in Figure17.

VI . DISCUSSION AND FUTURE WORK

This paperpresenteda practicalapproachto mobile robot
localizationin urbanenvironments.Thework wasdoneaspart
of our AVENUE project for urban site modeling, however,
the methodsand ideaspresentedhereare independentof the
projectandaregenerallyapplicableto mobilerobotsoperating
in urbanenvironments.

The localization system employs the robot odometry, a
digital compasswith an integrated tilt sensor, a global po-
sitioning unit, and a cameramountedon a pan-tilt head in

1
2

3

4
start

finish

Fig. 16. A mapof theareashowing the robot trajectory(dottedline) andthe
locationswherethe robot usedvisual localization.Notice location3 which is
directly underneatha building extension.

TABLE I

ROBOT POSITION AND ERROR ESTIMATED BY GPS, COMPASS AND

ODOMETRY ALONG WITH THE CORRESPONDING IMPROVED POSITION

ESTIMATE AND ERROR AFTER PERFORMING VISUAL LOCALIZATION.

MEASUREMENTS ARE IN METERS.

No Type X Y Z Error
1 Open-space 17.547 -58.079 -0.683 1.297

Vision 16.470 -58.565 0.110 0.348
2 Open-space 108.521 -61.634 0.279 1.031

Vision 108.260 -62.001 1.127 0.345
3 Open-space 90.660 -30.729 1.418 0.937

Vision 91.344 -31.404 0.867 0.179
4 Open-space 95.095 2.577 1.713 1.212

Vision 95.363 2.881 0.850 0.274

two complementaryways.Theopen-spacelocalizationmethod
uses odometry, the digital compassand GPS. The sensor
integrationis doneby an extendedKalman�lter . The method
canbe performedin real-time.Thevisual localizationmethod
is heavier computationallybut is only usedupondemand.The
poseestimationis done by matchingan image of a nearby
building with a simple and compactmodel. A databaseof
the modelsis storedon the on-boardcomputer. No environ-
mentalmodi�cations are required.We have demonstratedthe
functionality of the robot and the localizationmethodswith
numerousexperiments.

Ourvisuallocalizationmethodraisesaninterestingquestion
about the amountof time it takes on a given mission.This
time is determinedby the numberof localization efforts as
well asthe time spenton eachof them(currently, 25–45sec).
The numberof visual localizationrunsdependson a number
of factors,suchas the quality of the GPS�x es, the number
of satellitesseen,the number, shapeand look of the nearby
buildings and the accuracy and completenessof the model.
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Fig. 17. Integration tests.Initial estimatesfrom open-spacemethod(left)
and the resulting estimateof the visual localization method(right) for the
four locationsin Figure16.

Exceptfor the model,thesearefactorswhich arebeyond our
control and thereforethe numberof visual localizationsteps
is expectedto vary greatlydependingon the particularitiesof
the mission.

The time spent on a visual localization step is mainly
determinedby the numberof featuresdetectedin the image
and the number of features in the model. At least three
matchesare neededfor the visual localization to produce
a result. Increasingthe numberof featuresusually leads to
betteraccuracy andstability up to a certainpoint at the price
of more time spenton computation.Any further increaseof
the number of featuresdoes not result in any appreciable
improvementbut addsto the computationalburden.We have
presentedananalysisof therunningtime basedon thenumber
of featuresin the appendix.However, we don't think thereis
a simpleanswerto the questionof what the optimumnumber
of featuresis becausenot all featuresareof equalimportance.
For example, the removal of some of the shorter lines the
model shown on Figure 14, image1, doesnot causeserious
problemswhile removing any of the longer onescausesthe
poseestimationto fail. Somefacadescontaina high degreeof
repetitivenesswhich may leadto a confusionin the matching
process(Figure 18). This suggestsa heuristic which prefers

Fig. 18. An exampleof an incorrectmatchbetweenimageandmodel.The
matchwould have beencorrectif the modelwerenot shiftedone �ight up.

longerover shorterlines and includessomeunique(i.e. non-
repetitive) features.The existence of such features is not
alwaysguaranteed,however, and this is one limitation of our
method.

Another limitation of our currentimplementationis that it
usesonly one of the visible building facadeseven if more
may be present.It is possibleto extendthe methodto useall
visible facades,however, this may not scalewell given the
considerationsabove of the runningtime, unlessan additional
constraintis imposedto speedup the matchingprocess.

One last thing that we need to discussis the way we
obtaintheenvironmentalmodelusedfor thevisuallocalization
method.It is tightly coupledto theintendeduseof themethod.
Recallthat the work presentedhereis part of a projectwhose
goal is the creationof a detailedgeometricand photometric
3-D modelof anurbansite.We refer to this detailedmodelas
the detailedmodel, asopposedto the localizationmodelused
for localization.

The detailed 3-D models obtainedfrom the range scans
and imagesof the buildings are too large and complex since
they capturea lot of detail (Figure19, center).The modeling
processis incremental.At eachstagethereis a partial model
of the site available. When new rangescansand imagesare
acquired to be integrated with the existing partial detailed
model, a data simpli�cation step is done which createsa
reducedcomplexity model for the purposeof the registration
of thecoordinatesystemsof therangescannerandthecamera.
This simpli�ed model (Figure 19, right) consistsof 3-D line
segmentsobtainedby segmentingthe rangescansinto planar
regions and intersectingplanes to obtain lines (for details,
see[36]). The resultof this operationis a setof line segments
— the kind that we needfor visual localization.

Thus, to create a localization model, only some post-
processingis neededof the available 3-D line features.The
set of lines needto be broken into near-planarregionsand a
representative coordinatesystemneedsto be establishedfor
each such region. This is the focus of our current efforts
to complete the integration betweenthe modeling and the
localizationaspectsof our project.
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Fig. 19. Model acquisitionand simpli�cation: an imageof a building (left); the 3D model createdfrom the imageand a rangescan(center);a reduced
versionof the samemodelconsistingonly of line features(right).

Note that thereis no controversyhereaboutwhich model
comes�rst (the bootstrappingproblem).The robot will start
from a certain location, scan the buildings in view, create
their partialdetailedmodelsandregisterthemwith its original
pose.As a result,localizationmodelsof someof the scanned
facadeswill bealsoavailablewhich will allow therobot to go
further, possiblyusingtheavailablesofar localizationmodels.
As it obtainsnew scansand imagesandupdatesthe detailed
model, new localization models will becomealso available
which canbeusedto localizetherobotasit goesfartheralong
its modelingpath.

APPENDIX

NUMBER OF ITERATIONS AND SPEEDUPS IN THE VISUAL

METHOD

The decisionon how many iterationsto perform is based
on the expectednumberof trials kr requiredto get a correct
match.If thenumberof line segmentsobtainedfrom theimage
is n2, the numberof line segmentsin the model is n3, and
n of them appearin both the model and the image,then the
probability of a singlesamplebeingcorrectis

p =
n
n3

(n � 1)
(n3 � 1)

(n � 2)
(n3 � 2)

1
n2

1
(n2 � 1)

1
(n2 � 2)

: (22)

The expectedvalueE(kr ) of the numberof trials is then

E(k) =
1X

i =1

i p (1 � p) i � 1 =
1
p

: (23)

We see that E(k) dependson the number of matching
line segmentswhich is impossibleto know in advance.Our
approachis to use a �x ed number of iterations which is
determinedon the basisof the numberof lines in the model
and the average number of edge lines used in the pose
computationstep.This numbercan be controlled to a large
degreeby choosingan appropriatethresholdin the reduction
stepsdescribedbelow.

Typically, E (k) is acomputationallyprohibitivenumberand
we take a number of steps to make it tractable.The �rst
step is to merge all collinear line segmentsin both the 3-
D line set and the 2-D line set. This ensuresa one-to-one

matchbetweenthe two setsandeliminatesa greatnumberof
practicallyequivalentcombinations.

Next, we notice that short lines are not as informative as
long ones,asa slight perturbationof the endpointsof a short
line (for example,due to misdetectededgels)could lead to
large changein its orientation. Therefore,we discard line
segmentsthat areshorterthana thresholdthus further reduce
the valueof E(k).

Additional decreaseof the numberof expectediterations
is achieved by splitting the line segmentsinto two disjoint
groups:mostly horizontal and mostly vertical ones.This is
easyto do for the lines from themodel,sincethe information
is directly available. It is also possibleto do it for the edge
lines, becausethe tilt of the robot is accuratelymeasuredby
thedigital compassmoduleandthebuilding facadeis assumed
to bea vertical,nearplanarsurface.Misclassi�cationsof edge
linesarepossiblebut extremelyrareandnormallydonotaffect
the accuracy of the algorithm.

The bene�t of splitting the segmentsinto two groups is
to eliminatesamplesthat are certainto be incorrectmatches
suchasonesthatassociatea horizontalline on themodelwith
a vertical one in the image. The samplingstep is modi�ed
to alwaysproducesampleshaving onepair mostly horizontal
lines and one pair mostly vertical lines. The third pair could
be from eitherclass.

For typical values, such as n2 = 30, n3 = 24 and
n = 18 after the elimination stepsdescribedabove, with an
approximatelyequal numberof horizontal lines and vertical
lines, the expectednumber of iterations becomesless than
7553. This alreadyis a practicalnumber. For comparison,all
visual localizationtestsin this paperuseda maximumof 8000
iterations,which typically took between25 and45 secondson
a 2GHz PentiumIV processorequippedwith 1GB of RAM.
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