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Abstract— In this paper we present a vision-basedapproach
to mobile robot localization, that integrates an image retrieval
systemwith Monte-Carlo localization. The image retrieval pro-
cessis basedon featuresthat are invariant with respectto image
translations and limited scale. Since it furthermor e uses local
features, the system is robust against distortion and occlusions
which is especially important in populated envir onments. To
integrate this approach with the sample-based Monte-Carlo
localization technique we extract for each image in the database
a set of possibleview-points using a two-dimensionalmap of the
envir onment. Our technique has been implemented and tested
extensively. Wepresentpractical experimentsillustrating that our
approach is able to globally localize a mobile robot, to reliably
keeptrack of the robot'sposition, and to recover fr om localization
failur es.We furthermor epresentexperimentsdesignedto analyze
the reliability and robustnessof our approach with respect to
larger errors in the odometry.
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I . INTRODUCTION

Localizationis oneof the fundamentalproblemsof mobile
robots.The knowledgeaboutthe positionof a robot is useful
in different taskssuchas of�ce delivery, for example.In the
past,a varietyof approachesfor mobile robot localizationhas
been developed.They mainly differ in the techniquesused
to representthe belief of the robot about its currentposition
and accordingto the type of sensorinformation that is used
for localization. In this paper we consider the problem of
vision-basedmobilerobotlocalization.Comparedto proximity
sensorscamerashave several desirableproperties.They are
low-cost sensorsthat provide a hugeamountof information
andthey arepassivesothatvision-basednavigationsystemsdo
not suffer from the interferencesoften observed when using
active sound-or light-basedproximity sensors.Moreover, if
robotsaredeployedin populatedenvironments,it makessense
to basethe perceptionalskills usedfor localizationon vision
like humansdo.

In principle, one can usea variety of different techniques
from computervision to facilitatetheregistrationof perceived
imageswith imagesstoredin a database.Popularapproaches
are pixel-basedtechniquesthat computethe correlationbe-
tween imagesor feature-basedmethodsthat exploit typical
propertiesof environmentssuch as linear structures.Image
retrieval techniquescan be regardedas a more generalap-
proach to view-registration. The goal of image retrieval is
to �nd imagesin a given databasethat look similar to the
given query image. Insteadof relying on a speci�c kind of

featurelike linesor colors,imageretrieval systemsusuallyuse
a combinationof differentsimilarity measuresthat have been
proven to yield accurateresultsin a wide variety of domains.
This, in fact, makes imageretrieval systemsalsoattractive to
mobile robot localization.Autonomousmobile robotsmustbe
applicablein a varietyof differentenvironments.Accordingly,
they must be able to localize themselves in a wide rangeof
situations.If the robots rely on vision for localization, they
mustpossessa similarity measurethat allows the retrieval of
similar imagesfor a hugevariety of environments.However,
they alsoneeda techniqueto associateimagesin thedatabase
with locationsin the environment.

In this paper we presentan approachthat combinesan
image retrieval systemwith the sample-basedMonte-Carlo
localization technique.The image retrieval system we use
relies on featuresthat are invariant with respectto image
translationsand scale (up to a factor of two) in order to
�nd the most similar matches.Each feature consistsof a
set of histogramscomputedfrom the local neighborhoodof
eachindividual pixel. This makesthe approachrobust against
occlusionsanddynamicaspectssuchaspeoplewalking by. To
incorporatesequencesof imagesandto dealwith themotions
of the robot our system applies Monte-Carlo localization
which usesa sample-basedrepresentationof the robot's belief
about its position. During the �ltering processthe weights
of the samplesare computedbasedon the similarity values
generatedby theretrieval systemandaccordingto thevisibility
areacomputedfor eachreferenceimage using a given map
of the environment. Comparedto other appearance-based
techniques,the advantageof our approachis that the system
is able to globally estimatethe position of the robot and to
recover from possiblelocalizationfailures.

Our systemhas been implementedand testedon a real
robot systemin a dynamic of�ce environment. In different
experimentsit hasbeenshown to be ableto globally estimate
thepositionof therobotandto accuratelykeeptrackof it. We
furthermorepresentexperimentsillustrating thatour systemis
ableto estimatethe positionof the robot even in situationsin
which the odometrysuffers from seriousnoise.

This paperis organizedasfollows. After discussingrelated
work in the following section we brie�y describeMonte-
Carlo localization that is used by our systemto represent
the belief of the robot. Section IV presentsthe techniques
of the image-retrieval systemused to comparethe images



grabbedwith the robot's cameraswith the referenceimages
stored in the database.In Section V we describehow we
integrate the image retrieval system with the Monte-Carlo
localizationsystem.Finally, in SectionVI we presentvarious
experimentsillustrating the reliability and robustnessof the
overall approach.

I I . RELATED WORK

Over the pastyears,several vision-basedlocalizationsys-
temshave beendeveloped.They mainly differ in the features
they useto matchimages.Horswill [1] extractsseveral kinds
of environment-speci�cfeatureslike openings,walls or doors
from imagesto realizea navigationsystemfor a mobilerobot.
Basri andRivlin [2] extract lines andedgesfrom imagesand
use this information to assigna geometricmodel to every
referenceimage.Thenthey determinea roughestimateof the
robots position by applying geometrictransformationsto �t
the dataextractedfrom the most recentimageto the models
assignedto the referenceimages.DudekandZhang[3] apply
a neural network to learn the position of the robot. One
advantageof this approachlies in the interpolationbetween
the differentpositionsfrom which the referenceimageswere
taken. Kortenkampand Weymouth [4] extract vertical lines
from cameraimagesand combinethis information with data
obtainedfrom ultrasoundsensorsto estimatethe position of
the robot.WhereasDudekandSim [5] applya principalcom-
ponentanalysisto learn landmarks,Palettaet al. [6] as well
as Winters et al. [7] considertrajectoriesin the Eigenspaces
of features.DoddsandHager[8] usea heuristiccolor interest
operatorover color histogramsto identify landmarksthat are
usefulfor navigation.A recentwork presentedby Seet al. [9]
usesscale-invariant featuresto estimatethe position of the
robot within a small operationalrange.Olson [10] extracts
depth information from stereoimagesin a probabilistic ap-
proachto mobile robot localization.

Additionally, there are approachesthat rely on image-
retrieval techniquesto identify the current position of the
robot. Kröse and Bunschoten[11] describean appearance-
basedlocalizationmethodwhich usesa principal component
analysis on images recordedat different locations. Ulrich
and Nourbakhsh[12] developed a system that uses color
histogramsfor appearance-basedlocalizations.As described
in this paper, suchan approachis quite ef�cient but suffers
from thefact thatpurecolor histogramscannotrepresentlocal
relationshipsbetweenpixels in the images.

Furthermore,there has been work in the context of the
RoboCup in which cameradata is used for mobile robot
localization [13], [14], [15]. Thesetechniquesexploit given
information about the environment (colors, lines, e.g.) and
comparethe imagesobtainedfrom the robot with this model.

Dellaert et al. [16], [17] match imagesobtainedwith a
camerapointedto theceiling to a largeceilingmosaiccovering
the whole operationalspaceof the robot. The mosaichasto
be constructedin advance,which involves a complex state
estimationproblem.Finally, Thrun[18] developedanapproach
to learn landmarksthat are useful for robot localization de-
pendingon the uncertaintyof the robot in its currentpose.

The techniquesdescribedabove either use sophisticated
feature-matchingtechniquesor rely on simple featureslike
lines and colors and use probabilistic state estimation or
learning techniquesto localize the robot. The goal of this
paper is to illustrate that by combining a standardimage
retrieval system, that has been designedfor a variety of
different application domains [19], with sophisticatedstate
estimationtechniquesoneobtainsa robustapproachto vision-
basedrobot localization. We describehow both approaches
can be integrated by introducing a visibility area for each
databaseimage.In practicalexperimentswe demonstratethat
our approachis able to reliably keeptrack of the position of
a mobile robot, to globally localize it, and to recover from
potentiallocalizationfailures.

I I I . MONTE-CARLO LOCALIZATION

To estimatethe posel 2 L of the robot in its environment,
we apply a Bayesian �ltering technique also denoted as
Markov localization[20] which hassuccessfullybeenapplied
in a variety of successfulrobot systems.The key idea of
Markov localization is to maintainthe probability densityof
the robot's own location p(l ). It usesa combinationof the
recursive Bayesianupdateformula to integratemeasurements
o andof the well-known formula comingfrom the domainof
Markov chainsto updatethe belief p(l ) whenever the robot
performsa movementactiona:

p(l j o;a) = � � p(o j l ) �
X

p(l j a; l0) � p(l0) (1)

Here� is a normalizationconstantensuringthat thep(l j o;a)
sum up to one over all l . The term p(l j a; l 0) describesthe
probability that the robot is at positionl given it executedthe
movementa at position l0. Furthermore,the quantity p(o j l )
denotesthe likelihood of the observation o given the robot's
currentlocationis l . It highly dependson the informationthe
robot possessesaboutthe environmentand the sensorsused.
Differentkindsof realizationscanbefoundin [21], [22], [23],
[20], [24]. In this paper, p(o j l ) is computedusingthe image
retrieval systemdescribedin SectionIV.

To representthebelief of therobotaboutits currentposition
we apply a variantof Markov localizationdenotedasMonte-
Carlo localization [17], [25]. In Monte-Carlo localization,
the belief of the robot is representedby a set of random
samples[26]. Each sampleconsistsof a statevector of the
underlying system,which is the pose l of the robot in our
case,and a weighing factor ! . The latter is used to store
the importanceof the correspondingparticle. The posterior
is representedby the distribution of the samplesand their
importancefactors.In the pasta variety of different particle
�lter algorithms have been developed and many variants
have beenapplied with great successto various application
domains [27], [28], [29], [30], [31], [32], [33], [17]. The
particle �lter algorithm used by our systemis also known
as sequentialimportancesampling[26]. It updatesthe belief
about the poseof the robot accordingto the following two
alternatingsteps:

1) In the prediction step, we draw for each sample a
new sample according to the weight of the sample



and accordingto the model p(l j a; l 0) of the robot's
dynamicsgiventheactiona executedsincetheprevious
update.

2) In the correction step, the new observation o is inte-
grated into the sampleset. This is done by bootstrap
resampling,where eachsampleis weightedaccording
to the likelihoodp(o j l ) of makingobservation o given
samplel is the currentstateof the system.

Particle �lters have beendemonstratedto be a robust tech-
niquefor global positionestimationandposition tracking.To
achieve re-localizationin casesof localizationerrorsseveral
approacheshave beenproposed.They rangefrom theinsertion
of randomsamples[25] to techniquesthatusethemostrecent
observationsto more intelligently insert samplesat potential
positionsof the robot [15], [34].

IV. IMAGE RETRIEVAL BASED ON INVARIANT FEATURES

In thissectionwebrie�y describeourmethodfor comparing
color images obtained with the robot's cameraswith the
imagesstoredin the imagedatabase.In orderto usean image
databasefor mobilerobotlocalization,onehasto considerthat
the probability that the position of the robot exactly matches
the position of an image in the databaseis virtually zero.
Accordingly, onecannotexpect to �nd an imagethat exactly
matchesthe searchpattern. In our case,we therefore are
interestedin obtainingsimilar imagestogetherwith a measure
of similarity betweenretrieved imagesandthe searchpattern.

Our imageretrieval systemsimultaneouslyful�lls both re-
quirements.Thekey ideaof this approach,which is described
in more detail in [35], [36], [19], is to computefeaturesthat
areinvariantwith respectto imagerotations,translations,and
limited scale (up to a factor of two). To comparea search
patternwith the imagesin the databaseit usesa histogram
of local features.Accordingly, if there are local variations,
only the featuresof somepoints of the imageare disturbed,
so that there is only a small changein the histogramshape.
An alternative approachmight be to use color histograms.
However, this approachsuffers from the fact thatall structural
information of the image is lost, as each pixel is assigned
without paying attentionto its neighborhood.Our database,
in contrast,exploits the local neighborhoodof eachpixel and
thereforeprovidesbettersearchresults[35], [36].

In the remainderof this sectionwe give a shortdescription
of the retrieval processfor the caseof gray-valueimages.To
apply this approachto color images,onesimply considersthe
different channelsindependently. Let M = f M (x0; x1); 0 �
x0 < N0; 0 � x1 < N1g be a gray-value image, with
M (i; j ) representingthe gray-value at the pixel-coordinate
(i; j ). Furthermorelet G be a transformationgroup with
elementsg 2 G acting on the images.For an imageM and
an elementg 2 G the transformedimageis denotedby gM .
Throughoutthis paper we considerthe group of Euclidean
motions:

(gM )( i; j ) = M (k; l ) (2)

with
�

k
l

�
=

�
cos' � sin '
sin ' cos'

� �
i
j

�
�

�
t0

t1

�
; (3)

for all f 2 F do
for x0 = 0; : : : ; N0 � 1; x1 = 0; : : : ; N1 � 1 do

(T [f ](M ))( x0; x1)  
1
P

P P � 1
p=0 f (g(t0 = x0; t1 = x1; ' = p2�

P )M )
end for

end for

Algorithm 1: Computationof a global FeatureF(M ) for an
imageM .

whereall indicesareunderstoodmoduloN0 resp.N1.
In thecontext of mobilerobot localizationwe areespecially

interestedin featuresF (M ) that are invariant under image
transformations,i.e., F (gM ) = F (M )8g 2 G. For a given
gray-value image M and a complex valued function f (M )
we can construct such a feature by integrating over the
transformationgroup G [37]. In particular, the featuresare
constructedby generatinga histogramfrom a matrix T which
is of the samesizeasM and is computedaccordingto

(T [f ](M ))( x0; x1) =

1
P

P � 1X

p=0

f
�

g(t0 = x0; t1 = x1; ' = p
2�
P

)M
�

: (4)

Since we want to exploit the local neighborhoodof each
pixel,weareinterestedin functionsf thathavea localsupport,
i.e., that only useimagevaluesfrom the local neighborhood.
Our systemusesa setof different functionsF with f (M ) =
M (0; 0)M (0; 1) as one member. For each such monomial,
we generatea weighted histogram over T [f ](M ). These
histogramsareinvariantwith respectto imagetranslationsand
rotations and robust againstdistortion and overlappingand
thereforewell-suited for mobile robot localization basedon
imagesstoredin a database.Due to the fact that the kernel
function f haslocal supportwe obtain invariance(or robust-
ness)not only with respectto global Euclideanmotion of the
whole scenebut also with respectto independentEuclidean
motion of individual objectsand to different appearancesof
articulatedobjects in the scene.Therefore,the results typi-
cally are ratherstable,e.g. for a structuredbackgroundwith
peoplemoving independentlyin the foreground.The �nally
consideredglobal featureF (M ) of an imageM consistsof a
multi-dimensionalhistogramconstructedout of all histograms
computedfor theindividual featuresT [f ](M ) for all functions
in F .

Algorithm 1 describespreciselyhow F(M ) is calculated
given the individual kernel functions f 2 F . Figure 1
illustratesthe calculationof T [f ](M ) for the kernel function
f = M (0; 3) � M (4; 0). This function considersfor each
pixel (t0; t1) all neighboringpixels with distance3 and4 and
with a phaseshift of � =2 in polar representationrelative to
this pixel. The correspondinggray-levels are multiplied and
(T [f ](M ))( t0; t1) is theaverageoverall angles' . To evaluate
f for a given angle ' the systemusesbilinear interpolation.
Figure 3 shows the feature matrix obtained for the color
imageshown in Figure 2 using this kernel function. Finally,
Figure4 depictsthehistogramsobtainedfor thethreedifferent
color channels(red, green,and blue) of the image. Please
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Fig. 1. Calculationof T [f ](M ) for f = M (0; 3) � M (4; 0).

Fig. 2. Query image

Fig. 3. Featurematrix obtainedfor the imageshown in Figure 2 and the
kerneldepictedin Figure1.
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Fig. 4. Histogramobtainedfor the featurematrix depictedin Figure3.

Fig. 5. The nine imageswith the highestsimilarity to the query image.
The similarities from left to right, top-down are 81.67%,80.18%,77.49%,
77.44%,77.43%,77.19%,77.13%,77.06%,and76.42%.

sMil

robot

Fig. 6. Visibility area � M extracted for a referenceimage. The circle
correspondsto the position of the robot when the image was grabbedin
the environmentdepictedin Figure8 (lower left portion).The positionof the
closestoccupiedgrid cell in the direction of the optical axis is indicatedby
� i .

note that the individual featurescan be computedwith sub-
linearcomplexity (basedonaMonte-Carlointegrationover the
Euclideanmotion). Additionally, during the integration over
the angle ' weightedmeanscan be computedto deal with
potentialdiscretizationerrors.

Thesimilarity betweentheglobalfeatureq of aqueryimage
andtheglobal featured of a databaseimageis thencomputed
usingthe intersection-operatornormalizedby thesumover all
m histogrambins of the query image:

\

norm
(q; d) =

P

k2f 0;1;::: ;m � 1g
min(qk ; dk )

P

k2f 0;1;::: ;m � 1g
qk

(5)

Comparedto otheroperators,the normalizedintersectionhas
the major advantagethat it alsoallows to matchpartial views
of a scenewith animagecoveringa largerfraction.To achieve
the invariancewith respectto limited scalethe imageretrieval
systemalsostoresglobal featuresfor scaledvariants(up to a
factorof two) of the individual kernel functions.

Figures2 and5 show an exampleof a databasequeryand
the correspondinganswer. All imageswere recordedby our
mobile robot in our department.The imagesin theanswerare
orderedby their similarity with the query image.



V. USING RETRIEVAL RESULTS FOR ROBOT

LOCALIZATION

The image retrieval system describedabove yields such
imagesthataremostsimilar to a givensample.In orderto in-
tegratethis systemwith a Monte-Carlolocalizationapproach,
we needa techniqueto weight the samplesaccordingto the
resultsof the image retrieval process.The key idea of our
approachis to extract a visibility region � M for eachimage
M in the imagedatabase.To determinethe visibility regions
for theindividual imagesweuseanoccupancy grid mapthatis
computedbeforehandusing the systemdevelopedby Hähnel
et al. [38]. Given sucha map we computethe visibility area
of an imageM correspondsasall positionsin that mapfrom
which the closestoccupiedcell � i along the optical axis of
M .

We representeach � M by a discretegrid of posesand
proceedin two steps:First we apply ray-castingto compute
� i . Then we use a constrainedregion growing techniqueto
determinethe free grid cells in the occupancy grid mapfrom
which � i is visible. Figure6 shows a typical exampleof the
visibility areafor oneof the imagesstoredin our database.

In Monte-Carlo localization one of the crucial aspectsis
the computationof the weight ! i of eachsample.Typically
this weight correspondsto the likelihood p(o j l i ) [17], [25]
where l i is the position representedby the sampleand o is
the measurementobtainedby the robot. If we apply the law
of total probability, we cancomputep(o j l i ) accordingto

p(o j l i ) =
nX

j =1

p(o j l i ; M j ) � p(M j j l i ) (6)

whereM j , j = 1; : : : ; n, aretheimagesstoredin thedatabase.
In our systemwe computep(o j l i ; M j ) asthedegreeof simi-
larity (seeEquation(5)) denotedby � j betweenthe imageM j

andtheobservationo. To determinethequantityp(M j j l i ) we
considerwhetherthelocationl i of samplei lies in thevisibility
area� i of imageM i . Sinceeachsamplerepresentsa possible
pose of the robot, i.e., a three-dimensionalstate consisting
of the position hx i ; yi i and orientation � i , we also have to
incorporate� i to computep(M j j l i ). For example, if � i

differs largely from thedirectiontowards� i , the imagestored
in the databasecannotbe visible for the robot. Accordingly,
the likelihoodp(o j l i ) turns into

p(o j l i ) =
1

K i

nX

j =1

� j � I (hx i ; yi i ; � j ) � d( i ); (7)

where

K i =
nX

j =1

I (hx i ; yi i ; � j ) � d( i ): (8)

In theseequations i 2 [� 180;180) is the deviation of the
heading� i of the samplefrom the direction to � j . Further-
more,d is a function which computesa weight accordingto
the angulardistance i . Finally, I (hx i ; yi i ; � j ) is an indicator
function which is 1 if hx i ; yi i lies in � j and0, otherwise.In
our current implementationwe usea stepfunction for d( i )
such that only suchareasare chosen,for which the angular

distancej j doesnot exceed5 degrees.NotethatEquation(7)
computestheaveragelikelihoodof thecurrentimageo overall
imagesstoredin the database.If no databaseimageis visible
from the positionof a sample,in which caseK i turnsout to
be 0, we assumep(o j l i ) to be equalto the prior probability
of observations o. This quantity correspondsto the average
similarity of perceived imagesto the imagesin the database.
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motorized face
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Fig. 7. The mobile robot Albert, a B21r robot equippedwith Sony XC-999
camerasandstandardTV cardsusedfor imageacquisition.

VI. EXPERIMENTS

The system describedabove has been implementedon
our mobile robot Albert and testedintensively in real robot
experimentsas well as in off-line runs using recordeddata.
Albert (seeFigure 7) is an RWI B21 robot equippedwith a
stereocamerasystem.The image databaseused throughout
the experimentscontained936 images.They were obtained
by steeringthe robot through the environmentand grabbing
sets of imagesfrom different positions in the environment.
Thepositionsweredeterminedwith a localizationsystemthat
useslaserrangedata[39]. The correspondingvisibility areas
covered approximately80% of the state spacethat can be
attainedby the robot in this environment.Figure 5 shows 9
typical imagesstoredin the database.Our systemis highly
ef�cient since it only storesthe histogramsrepresentingthe
global features.The overall spaceused for all 936 images
thereforedoesnot exceed4MB. Furthermore,the entire re-
trieval processfor onequery imageusually takes lessthan .6
secson an 800MHz PentiumIII [40]. Pleasenote that each
updateof the belief can be realizedin O(n � k), wherek is
the numberof samplescontainedin the sampleset and n is
the numberof referenceimagesstoredin the database.

The goal of the experimentsdescribedin the remainderof
this sectionis to demonstratethatour systemallows the robot
to reliably estimatethe poseof a mobile robot. Furthermore,
we presenta simulationexperimentcarriedout with recorded
datathatillustratestherobustnessof ourapproachagainstlarge
noisein the odometry.

A. Tracking Capability

The�rst experimentwascarriedout to analyzetheability to
keeptrackof a robot's posewhile it is moving with speedsup



Fig. 8. Map of the of�ce environmentusedto carryout the experimentsand
trajectoryof the robot (groundtruth). The size of the environment is 37 m
times14 m.

Fig. 9. Trajectoryof the robot accordingto the odometrydata.

to 30cm/secthroughourof�ce environment.In thisexperiment
we steeredthe robot throughthe corridor and several rooms
of our department.Figure 8 shows a part of the map of the
environmentandthe trajectoryof the robot during this exper-
iment. This trajectoryhasbeendeterminedusing laserrange
data.The accuracy of this localizationprocedureis below 5
cm.Also shown in green/grayis anoutlineof theenvironment.
Thesigni�cant errorin theodometryobtainedfrom therobot's
wheelencodersis shown in Figure9. Figure10 shows the�rst
16 imagescapturedby the robot. As can be seenfrom the
�gure, the lighting conditionsaredifferentat differentplaces
in the environment.Furthermore,the imagescontaindynamic
objectssuchasdoorsaswell asstudentspresentin the lab.

Fig. 10. Imagescapturedby Albert during the experiment

Fig. 11. Trajectoryobtainedby trackingthe positionof the robot usingour
system.

Fig. 13. Positionsof the robot estimatedby our systemduring global
localization.

We initialized the sampleset consistingof 5000 samples
with a Gaussiancenteredat thestartingposeof the robot.The
trajectoryestimatedby our systemis shown in Figure11. As
this �gure illustrates,thesystemis ableto correcttheerrorsin
odometryandto keeptrackof thepositionof therobotdespite
of thedynamicaspects.In this experimentthemaximumpose
error was lessthan82 cm and17 degrees.

B. Global Localization

The next experimentis designedto demonstratethe ability
of thesystemto globally estimatethepositionof the robot. In
this casewe usedthedataobtainedin thepreviousexperiment
and initialized the sampleset,which againconsistedof 5000
samples,with a uniform distribution. Figure 12 shows how
thesamplesconvergeduringthegloballocalizationprocess.In
the beginning they arerandomlydistributedover the environ-
ment.After integrating four imagesthe sampleshave almost
concentratedon the true positionof the robot (centerimage).
The right image shows a typical sampleset observed when
the systemhasuniquelydeterminedthe positionof the robot.

Figure 13 shows the trajectory estimatedby our system.
As can be seen, the system is able to quickly determine
the position of the robot and to reliably keep track of it
afterwards.Pleasenotethatwe currentlyusethesamplemean
to estimatethe robot's pose,so that, in the beginning, the
estimatedposition is always close to the centerof the map,
which is not shown entirely in this �gure. Becauseof the



Fig. 12. Typical samplesetsduring global localization:At the beginning (left), after integrating 4 (center)and35 (right) images.

Fig. 14. Trajectoryof therobotandkidnapingoperationduringthekidnapped
robot experiment.
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Fig. 15. Typical localizationerror during a kidnappedrobot experiment.

high uncertaintyin the robot posewhich typically resultsin
multi-modal beliefs during global localization, the estimated
trajectoryof the systemsoften contain lines leadingtowards
the currenthypothesisaboutthe robot's pose.Figure13 only
containsone such line leading from the centerof the robot
to the true position of the robot. After the integration of the
fourth image in this particular run the belief consistedof a
singlemode.

C. KidnappedRobot

The third experimentdemonstratesthe ability of our sys-
tem to recover from localization failures.We initialized and
startedthis experimentlike the global localizationexperiment
describedabove.After integrating60 images,whenthesystem
already had determinedthe robot's position, we provided
datacorrespondingto a completelydifferent location,which

a'

b'

d'

final pose

a

d

measured pose
b

initial pose

path

Fig. 16. Parametersof the probabilisticmotion model.

Fig.17. Trajectoryobtainedafterapplyingthenoiseaccordingto h10; 5; 5i to
the odometrydata(left image)andtrajectoryobtainedafter usingour system
to global localization(right image).

correspondsto kidnapingthe robot andtaking it to a different
placein the environment.Thus,the systemhadto re-localize
itself. Thetrajectoryandthekidnapingoperationareindicated
in Figure14.To enablethesystemto dealwith suchsituations,
we randomly inserted 50 samplesin each iteration. This
approachhaspreviously alsobeenappliedby Fox et al. [41].
More sophisticatedschemesfor mobile robot re-localization
have recentlybeendevelopedby Thrun et al. [34] aswell as
LenserandVeloso[15].

Figure15 shows the localizationerrorsof one typical run.
As canbeseen,thesystemrecoversthepositionapproximately
20 stepsafter being kidnapped.We repeatedthis experiment
20 times and in all casesour systemwas able to re-localize
the robot.

D. Robustness

The previous three experiments illustrate situations, in
which the system is able to reliably estimatethe position
of the robot. To obtain a more quantitative assessmentof



Fig. 18. Trajectoriesobtainedby adding noise accordingto h20; 20; 20i
to the input data(left image)and trajectoryobtainedwith our systemafter
global localization(right image).

the performanceof our approach,we performeda seriesof
experimentsusing the data recordedin the tracking experi-
ment.In eachexperimentwearti�cially distortedtheodometry
data by adding different amountsof noise to it. The model
for odometry errors we used is similar to that used by
Gutmannet al. [39] and is depictedin Figure 16. For each
incrementalmovementcarriedout by therobot,we introduced
a rotationalerror � 0 � � at the beginning of the movement,a
translationalerror d0 � d to the measureddistanced between
the �nal location and the starting position, and a rotational
error � 0� � at theendof themovement.Eachindividual error
wasnormallydistributed. Two typical trajectoriesthatresulted
from this processare depictedas left imagesin Figures17
and 18. The trajectoriesestimatedby our systemare shown
asright imagesin the corresponding�gures. As canbe seen,
thesystemis ableto globally localizetherobotandto reliably
keep track of its position even in the caseof large noise in
odometry.

For differentparametersetswegenerated20differenttrajec-
toriesandfor eachresultingtrajectorywe usedour systemto
estimatetheposeof thevehicle.Thenwe countedthenumber
of casesin which theposeerrorwasbelow 2mand35degrees.
Figure19 shows theresultingstatisticsfor ninedifferentnoise
values.As the�gure demonstrates,oursystemis robustagainst
even largeamountsof noise.Only for very largenoisevalues,
the successrate startsto drop. Pleasenote, that we did not
obtain a success-rateof 100%, becausethe systemalways
hadto performa global localizationin the beginning of each
experiment.

E. Effect of the Image Retrieval System

The visibility areasextractedfor the referenceimages(see
SectionV) introduceconstraintson the possiblelocationsof
the robot while it is moving through the environment. In
principle, the visibility areascharacterizethe free spacein
the environment. Therefore,just by knowing the odometry
information one can often infer the position of the system.
Since a robot cannotmove through obstacles,the trajectory
that minimizes the tradeoff betweenthe deviation from the
odometry data and the number of times the robot moves
through obstaclescorrespondsto the most likely path of
the robot and thus indicatesthe most likely position of the
vehicle.In thepastit hasalreadybeendemonstratedthat these
constraintscanbe suf�cient to globally localizea robot [42].
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Fig. 19. Numberof timeswhenthe poseerror wasnot larger than2m and
35 degrees.

0

200

400

600

800

1000

0 10 20 30 40 50 60 70 80 90
0

45

90

135

180

lo
ca

liz
at

io
n 

er
ro

r 
[c

m
]

or
ie

nt
at

io
n 

er
ro

r 
[d

eg
re

e]

step

position
orientation

Fig. 20. Typical localizationerror during the global localizationexperiment
using the constraintsimplied by the visibility areas.

The goal of the experimentdescribedin this sectiontherefore
is to demonstratethat the localization capabilitiespresented
in this papersigni�cantly dependon the exploitation of the
imageretrieval results.

To evaluatethe contribution of the imageretrieval system
we again evaluated the global localization capabilitesbut
without utilizing the results from image retrieval process.
More speci�cally, all samplesobtainedthe sameweight as
long as the were locatedwithin an arbitraryvisibility region.
Accordingly, the outcomeresultedonly from the odometry
dataandfrom theconstraintsintroducedby thevisibility areas.
The image depicted in Figure 20 shows a typical plot of
the localization error if only the constraintsimposedby the
visibility regions are used.As can be seenfrom the �gure,
the systemis unableto localizethe robot solely basedon this
information.However, if the imageretrieval resultsare used,
the localizationaccuracy is quitehigh andtherobot is quickly
ableto determineits absolutepositionin theenvironment(see
Figure21).

VI I . CONCLUSIONS

In this paperwe presenteda new approachfor vision-based
localization of mobile robots. Our method uses an image
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Fig. 21. Localization error during the global localization experiment if
additionally the retrieval resultsareused.

retrieval systembasedon invariant features.Thesefeatures
are invariant with respectto translationand scale (up to a
factor of two) so that the systemis able to retrieve similar
imagesevenif only a small partof thecorrespondingsceneis
seenin thecurrentimage.This approachis particularlyuseful
in the context of mobile robots,sincea robot often observes
the samescenefrom different view-points. Furthermore,the
systemuseslocal featuresand thereforeis robust to changes
in the scene.To representthe belief of the robot about its
pose, our systemusesa probabilistic approachdenotedas
Monte-Carlolocalization.Thecombinationof bothtechniques
yields a robust vision-basedlocalizationsystemwith several
desirableproperties.It is ableto globally estimatetheposition
of the robot and to reliably keep track of it and to recover
from localization failures.Additionally, our systemcan deal
with dynamic aspectsin the scenessuch as peoplewalking
by as well as with large amountsof noise in the odometry
data.In extensive experimentscarriedout on real robotsand
in an unmodi�ed of�ce environment we have demonstrated
the generalapplicability of our technique.
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