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Abstract—In this paper we presenta 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 useslocal
features, the systemis robust against distortion and occlusions
which is especially important in populated ervironments. To
integrate this approach with the sample-based Monte-Carlo
localization technique we extract for eachimage in the database
a set of possibleview-points using a two-dimensionalmap of the
ervironment. Our technique has been implemented and tested
extensiely. We presentpractical experimentsillustrating that our
approach is able to globally localize a mobile robot, to reliably
keeptrack of the robot's position, and to recover fr om localization
failur es.We furthermor e presentexperimentsdesignedto analyze
the reliability and robustnessof our approach with respectto
larger errors in the odometry.

|. INTRODUCTION

Localizationis one of the fundamentaproblemsof mobile
robots. The knowledgeaboutthe position of a robotis useful
in differenttaskssuchas of ce delivery, for example.In the
past,a variety of approache$or mobile robotlocalizationhas
beendeveloped. They mainly differ in the techniquesused
to representhe belief of the robot aboutits currentposition
and accordingto the type of sensorinformation that is used
for localization. In this paperwe considerthe problem of
vision-basednobilerobotlocalization.Comparedo proximity
sensorscamerashave several desirableproperties.They are
low-cost sensorghat provide a huge amountof information
andthey arepassie sothatvision-basedavigationsystemslo
not suffer from the interferencesften obsened when using
active sound-or light-basedproximity sensorsMoreover, if
robotsaredeployedin populatedervironmentsjt makessense
to basethe perceptionakkills usedfor localizationon vision
like humansdo.

In principle, one can usea variety of differenttechniques
from computervision to facilitatethe registrationof perceved
imageswith imagesstoredin a databasePopularapproaches
are pixel-basedtechniquesthat computethe correlation be-
tween imagesor feature-basednethodsthat exploit typical
propertiesof ervironmentssuch as linear structures.Image
retrieval techniquescan be regardedas a more generalap-
proachto view-registration. The goal of image retrieval is
to nd imagesin a given databasehat look similar to the
given query image. Insteadof relying on a speci c kind of

featurelike linesor colors,imageretrieval systemsausuallyuse
a combinationof differentsimilarity measureshat have been
provento yield accurateresultsin a wide variety of domains.
This, in fact, makesimageretrieval systemsalso attractve to
mobile robotlocalization.Autonomousmobile robotsmustbe
applicablein a variety of differentenvironments Accordingly,
they must be able to localize themselesin a wide rangeof
situations.If the robotsrely on vision for localization, they
must possesa similarity measurethat allows the retrieval of
similar imagesfor a huge variety of ervironments.However,
they alsoneedatechniqueto associatémagesin the database
with locationsin the ervironment.

In this paperwe presentan approachthat combinesan
image retrieval systemwith the sample-basedvonte-Carlo
localization technique.The image retrieval systemwe 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
occlusionsanddynamicaspectsuchaspeoplewalking by. To
incorporatesequencesf imagesandto dealwith the motions
of the robot our system applies Monte-Carlo localization
which usesa sample-basetkpresentationf the robot's belief
about its position. During the ltering processthe weights
of the samplesare computedbasedon the similarity values
generatedby theretrieval systemandaccordingo thevisibility
areacomputedfor eachreferenceimage using a given map
of the ervironment. Comparedto other appearance-based
techniquesthe 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 ervironment. In different
experimentst hasbeenshavn to be ableto globally estimate
the positionof the robotandto accuratelykeeptrack of it. We
furthermorepresenexperimentsllustrating that our systemis
ableto estimatethe positionof the robotevenin situationsin
which the odometrysuffers from seriousnoise.

This paperis organizedasfollows. After discussingelated
work in the following section we briey describe Monte-
Carlo localization that is used by our systemto represent
the belief of the robot. Section|V presentsthe techniques
of the image-retrigzal systemusedto comparethe images



grabbedwith the robot's cameraswith the referenceimages
storedin the databaseln SectionV we describehow we
integrate the image retrieval systemwith the Monte-Carlo
localizationsystem.Finally, in SectionVI we presentvarious
experimentsillustrating the reliability and robustnessof the
overall approach.

Il. RELATED WORK

Over the pastyears,several vision-basedocalization sys-
temshave beendeveloped.They mainly differ in the features
they useto matchimages.Horswill [1] extractsseveral kinds
of ervironment-speci cfeaturedike openingswalls or doors
from imagesto realizea navigation systemfor a mobile robot.
BasriandRivlin [2] extractlines and edgesfrom imagesand
use this information to assigna geometricmodel to every
referencémage.Thenthey determinea roughestimateof the
robots position by applying geometrictransformationgo t
the dataextractedfrom the mostrecentimageto the models
assignedo the referenceémages.Dudekand Zhang[3] apply
a neural network to learn the position of the robot. One
adwantageof this approachlies in the interpolationbetween
the differentpositionsfrom which the referencamageswere
taken. Kortenkampand Weymouth [4] extract vertical lines
from cameraimagesand combinethis information with data
obtainedfrom ultrasoundsensordo estimatethe position of
the robot. WhereadDudekand Sim [5] apply a principal com-
ponentanalysisto learn landmarks,Palettaet al. [6] aswell
as Winters et al. [7] considertrajectoriesin the Eigenspaces
of featuresDoddsandHager[8] usea heuristiccolor interest
operatorover color histogramgo identify landmarksthat are
usefulfor navigation. A recentwork presentedy Seetal. [9]
usesscale-ivariant featuresto estimatethe position of the
robot within a small operationalrange. Olson [10] extracts
depthinformation 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. Krose and Bunschoten[11] describean appearance-
basedlocalization methodwhich usesa principal component
analysis on imagesrecordedat different locations. Ulrich
and Nourbakhsh[12] developed a systemthat uses color
histogramsfor appearance-basddcalizations.As described
in this paper suchan approachis quite ef cient but suffers
from the factthat purecolor histogramsannotrepresentocal
relationshipshetweenpixels in the images.

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

Dellaert et al. [16], [17] match imagesobtainedwith a
camergointedto theceilingto alarge ceiling mosaiccovering
the whole operationalspaceof the robot. The mosaichasto
be constructedin advance,which involves a complex state
estimatiorproblem.Finally, Thrun[18] developedanapproach
to learn landmarksthat are useful for robot localization de-
pendingon the uncertaintyof the robotin its currentpose.

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

I1l. MONTE-CARLO LOCALIZATION

To estimatethe posel 2 L of the robotin its environment,
we apply a Bayesian ltering technique also denoted as
Markov localization[20] which hassuccessfullypbeenapplied
in a variety of successfulrobot systems.The key idea of
Markov localizationis to maintainthe probability density of
the robot's own location p(l). It usesa combinationof the
recursve Bayesianupdateformula to integratemeasurements
o andof the well-known formula coming from the domainof
Markov chainsto updatethe belief p(I) wheneer the robot
performsa movementaction a:
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Here is anormalizationconstanensuringthatthep(l j o;a)
sumup to oneover all |. The term p(l j a;19 describeshe
probability thatthe robotis at position| givenit executedthe
movementa at position |°. Furthermorethe quantity p(oj 1)
denotesthe likelihood of the obsenation o given the robot's
currentlocationis I. It highly dependson the informationthe
robot possesseaboutthe ervironmentand the sensoraused.
Differentkinds of realizationscanbe foundin [21], [22], [23],
[20Q], [24]. In this paperp(0j|) is computedusingthe image
retrieval systemdescribedn SectionlV.

To representhe belief of therobotaboutits currentposition
we apply a variantof Markov localizationdenotedas Monte-
Carlo localization [17], [25]. In Monte-Carlo localization,
the belief of the robot is representedoy a set of random
samples[26]. Each sampleconsistsof a statevector of the
underlying system,which is the posel of the robotin our
case,and a weighing factor! . The latter is usedto store
the importanceof the correspondingparticle. The posterior
is representeddy the distribution of the samplesand their
importancefactors.In the pasta variety of differentparticle
Iter algorithms have been developed and mary variants
have beenapplied with greatsuccesgo various application
domains[27], [28], [29], [30], [31], [32], [33], [17]. The
particle Iter algorithm usedby our systemis also known
as sequentialimportancesampling[26]. It updatesthe belief
aboutthe poseof the robot accordingto the following two
alternatingsteps:

1) In the prediction step we draw for each samplea
new sample accordingto the weight of the sample



and accordingto the model p(I j a;19 of the robot's

dynamicsgiventhe actiona executedsincethe previous
update.

In the correction step, the new obsenation o is inte-

gratedinto the sampleset. This is done by bootstrap
resampling,where each sampleis weighted according
to the likelihoodp(oj 1) of makingobsenation o given

samplel is the currentstateof the system.

Particle Iters have beendemonstratedo be a robust tech-
nigue for global position estimationand positiontracking. To

achieve re-localizationin casesof localizationerrors several

approachebave beenproposedThey rangefrom theinsertion
of randomsampled25] to techniqueghat usethe mostrecent
obsenationsto more intelligently insert samplesat potential
positionsof the robot [15], [34].

2)

IV. IMAGE RETRIEVAL BASED ON INVARIANT FEATURES

In this sectionwe brie y describeour methodfor comparing
color images obtained with the robot's cameraswith the
imagesstoredin theimagedatabaseln orderto useanimage
databaséor mobilerobotlocalization,onehasto considerthat
the probability that the position of the robot exactly matches
the position of an image in the databases virtually zero.
Accordingly, one cannotexpectto nd animagethat exactly
matchesthe searchpattern.In our case,we therefore are
interestedn obtainingsimilarimagestogethemwith a measure
of similarity betweerretrieved imagesandthe searchpattern.

Our imageretrieval systemsimultaneouslhyful lls both re-
guirementsThe key ideaof this approachwhich is described
in more detail in [35], [36], [19], is to computefeaturesthat
areinvariantwith respecto imagerotations,translationsand
limited scale (up to a factor of two). To comparea search
patternwith the imagesin the databaset usesa histogram
of local features.Accordingly, if there are local variations,
only the featuresof somepoints of the image are disturbed,
so that thereis only a small changein the histogramshape.
An alternatve approachmight be to use color histograms.
However, this approachsuffersfrom the factthatall structural
information of the image is lost, as each pixel is assigned
without paying attentionto its neighborhood Our database,
in contrast,exploits the local neighborhoodf eachpixel and
thereforeprovidesbettersearchresults[35], [36].

In the remainderof this sectionwe give a shortdescription
of the retrieval procesdor the caseof gray-valueimages.To
apply this approacho color images,one simply considerghe
differentchannelsindependentlyLet M = fM (Xg;X1); 0
Xo < Np;0 X1 < N3g 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 animageM and
anelementg 2 G the transformedmageis denotedby gM .
Throughoutthis paperwe considerthe group of Euclidean
motions:

(M) j) = M(k) (2)
with
k _ cos sin’ i t )
I~ sin' cos' j ti ' (3)

forall f 2 F do
1,xq =
(TIFINB))(Xo0; X1)
L0 0ot (g(to = X0t = X1;' = pEIM)
P p=0 0 0,1 1, pp
end for
end for

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

whereall indicesare understoodnoduloNg resp.N;.

In the context of mobile robotlocalizationwe areespecially
interestedin featuresF (M) that are invariant underimage
transformationsj.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
constructedy generatinga histogramfrom a matrix T which
is of the samesizeasM andis computedaccordingto

(TFI(M ) (Xo0;X1) =
1 X1

P o

fg(to= Xoit1 = Xx1;" = p%)l\/l “4)

Since we want to exploit the local neighborhoodof each
pixel, we areinterestedn functionsf thathave alocal support,
i.e., thatonly useimagevaluesfrom the local neighborhood.
Our systemusesa setof differentfunctionsF 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 respecto imagetranslationsand
rotations and robust againstdistortion and overlapping and
thereforewell-suited for mobile robot localization basedon
imagesstoredin a databaseDue to the fact that the kernel
functionf haslocal supportwe obtaininvariance(or robust-
ness)not only with respectto global Euclideanmotion of the
whole scenebut also with respectto independenEuclidean
motion of individual objectsand to different appearancesf
articulatedobjectsin the scene.Therefore,the results typi-
cally are ratherstable,e.g. for a structuredbackgroundwith
peoplemoving independentlyin the foreground. The nally
consideredylobal featureF (M ) of animageM consistsof a
multi-dimensionahistogramconstructedut of all histograms
computedor theindividualfeaturesT [f ](M ) for all functions
in F.

Algorithm 1 describespreciselyhow F(M) is calculated
given the individual kernel functionsf 2 F. Figure 1
illustratesthe calculationof T [f ](M ) for the kernelfunction
f = M(0;3) M(4;0). This function considersfor each
pixel (to;t1) all neighboringpixelswith distance3 and4 and
with a phaseshift of =2 in polar representatiomelative to
this pixel. The correspondinggray-levels are multiplied and
(TIf J(M))(to; 1) istheaverageoverall angles . To evaluate
f for a givenangle' the systemusesbilinear interpolation.
Figure 3 shaws the feature matrix obtained for the color
image shavn in Figure 2 using this kernel function. Finally,
Figure4 depictsthe histogrambtainedfor the threedifferent
color channels(red, green, and blue) of the image. Please
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Fig. 1. Calculationof T[f](M) forf = M (0;3) M (4;0). . L . . L .
Fig. 5. The nine imageswith the highestsimilarity to the query image.

The similarities from left to right, top-davn are 81.67%,80.18%, 77.49%,
77.44%,77.43%,77.19%,77.13%,77.06%,and 76.42%.

Fig. 2. Queryimage . N . .
Fig. 6. Visibility area \ extractedfor a referenceimage. The circle

correspondgo the position of the robot when the image was grabbedin
the ervironmentdepictedin Figure8 (lower left portion). The position of the
closestoccupiedgrid cell in the direction of the optical axis is indicatedby

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

Thesimilarity betweertheglobalfeatureq of aqueryimage
Fig. 3. Featurematrix obtainedfor the image shavn in Figure2 andthe andthe global featured of adatabasq'amageis then computed
kernel depictedin Figure1. usingthe intersection-operatarormalizedby the sumover all
m histogrambins of the queryimage:

3500
\ min(c; dx)
3000 (q; d) - k2f 0;1;:::;m Plg o (5)
2500 norm k2f 0;1;::;m  1g
2000
Comparedo otheroperatorsthe normalizedintersectionhas
1500 the major advantagethat it alsoallows to matchpartial views
1000 of ascenewith animagecoveringalargerfraction. To achieve
theinvariancewith respecto limited scalethe imageretrieval
500 systemalso storesglobal featuresfor scaledvariants(up to a
0 factorof two) of the individual kernelfunctions.

Figures2 and 5 shav an exampleof a databasejuery and
the correspondinganswer All imageswere recordedby our
mobilerobotin our departmentTheimagesin the answerare

Fig. 4. Hist btainedfor the feat trix depictedin Figure 3. L ;
9 istogramobtainedior fhe featurematrix depiciedin Figure orderedby their similarity with the queryimage.



V. USING RETRIEVAL RESULTS FOR ROBOT
LOCALIZATION

The image retrieval system describedabove yields such
imagesthat are mostsimilar to a givensample.n orderto in-
tegratethis systemwith a Monte-Carlolocalizationapproach,
we needa techniqueto weight the samplesaccordingto the
results of the image retrieval process.The key idea of our
approachis to extract a visibility region \, for eachimage
M in the imagedatabaseTo determinethe visibility regions
for theindividualimageswe useanoccupanyg grid mapthatis
computedbeforehandusing the systemdevelopedby Hahnel
et al. [38]. Given sucha mapwe computethe visibility area
of animageM correspondssall positionsin that mapfrom
which the closestoccupiedcell ; alongthe optical axis of
M.

We representeach \ by a discretegrid of posesand
proceedin two steps:First we apply ray-castingto compute

i. Thenwe usea constrainedregion growing techniqueto
determinethe free grid cellsin the occupanyg grid mapfrom
which ; is visible. Figure 6 shaws a typical example of the
visibility areafor one of the imagesstoredin our database.

In Monte-Carlolocalization one of the crucial aspectsis
the computationof the weight ! ; of eachsample.Typically
this weight correspondgo the likelihoodp(oj I;) [17], [25]
wherel; is the position representedy the sampleand o is
the measurementbtainedby the robot. If we apply the law
of total probability, we cancomputep(oj ;) accordingto

p(ojli;Mj) p(Mj jli)
j=1

p(ojli) = (6)

In our systemwe computep(oj I;i; M j) asthe degreeof simi-
larity (seeEquation(5)) denotedby ; betweertheimageM j
andthe obsenrationo. To determinethe quantityp(M ; j I;) we
considemwhetherthelocationl; of sample liesin thevisibility
area ; of imageM ;. Sinceeachsamplerepresents possible
pose of the robot, i.e., a three-dimensionaktate consisting
of the position hx;;y;i and orientation ;, we also have to
incorporate ; to computep(M; j I;). For example,if ;
differslargely from the directiontowards ;, theimagestored
in the databasecannotbe visible for the robot. Accordingly,
the likelihoodp(oj I;) turnsinto
1 X
p(oj i) = Ko L(hisyids ) d( i) (7
j=1

where

F(hisyiis ) d(oi):
j=1

8

In theseequations ; 2 [ 180;180) is the deviation of the
heading ; of the samplefrom the directionto ;. Further
more, d is a function which computesa weight accordingto
the angulardistance ;. Finally, | (hx;;yii; ;) is anindicator
functionwhichis 1 if h;;y;i liesin ; andO0, otherwise.In
our currentimplementationwe usea stepfunction for d( ;)
suchthat only suchareasare chosen,for which the angular

distancg | doesnotexceed5 degreesNotethat Equation(7)
computegheaveragdik elihoodof the currentimageo over all
imagesstoredin the databaself no databasémageis visible
from the position of a sample,in which caseK; turnsout to
be 0, we assumey(0 |;) to be equalto the prior probability
of obsenationso. This quantity correspondgo the average
similarity of perceved imagesto the imagesin the database.

~— stereo camera syste
-— motorized face

-— speakers

-— ultrasound sensors
-—bump sensors

- infrared sensors
~—laser range sensor

- bump sensors
- ultrasound sensors

Fig. 7. The mobile robot Albert, a B21r robot equippedwith Sory XC-999
camerasand standardTV cardsusedfor imageacquisition.

V1. EXPERIMENTS

The system describedabore has been implementedon
our mobile robot Albert and testedintensiely in real robot
experimentsas well asin off-line runs using recordeddata.
Albert (seeFigure 7) is an RWI B21 robot equippedwith a
stereocamerasystem. The image databaseusedthroughout

" the experimentscontained936 images.They were obtained

by steeringthe robot throughthe ervironmentand grabbing
setsof imagesfrom different positionsin the ervironment.
The positionsweredeterminedwith a localizationsystemthat
useslaserrangedata[39]. The correspondingisibility areas
covered approximately80% of the state spacethat can be
attainedby the robot in this ervironment. Figure 5 shavs 9

typical imagesstoredin the databaseOur systemis highly

efcient sinceit only storesthe histogramsrepresentinghe
global features.The overall spaceusedfor all 936 images
thereforedoesnot exceed4MB. Furthermorethe entire re-

trieval processfor one queryimageusually takeslessthan .6

secson an 800MHz Pentiumlll [40]. Pleasenote that each
updateof the belief can be realizedin O(n k), wherek is

the numberof samplescontainedin the samplesetandn is

the numberof referencemagesstoredin the database.

The goal of the experimentsdescribedn the remainderof
this sectionis to demonstratehat our systemallows the robot
to reliably estimatethe poseof a mobile robot. Furthermore,
we presenta simulationexperimentcarriedout with recorded
datathatillustratestherobustnes®f our approactagainstiarge
noisein the odometry

A. Tracking Capability

The rst experimentwascarriedoutto analyzethe ability to
keeptrack of a robot's posewhile it is moving with speedsp



Fig. 8. Map of the of ce environmentusedto carry out the experimentsand
trajectory of the robot (groundtruth). The size of the ervironmentis 37 m
times14 m.

Fig. 9. Trajectoryof the robotaccordingto the odometrydata.

to 30cm/sechroughour of ce ervironment.In this experiment
we steeredthe robot throughthe corridor and several rooms
of our departmentFigure 8 shawvs a part of the map of the
ervironmentandthe trajectoryof the robot during this exper
iment. This trajectory hasbeendeterminedusing laserrange
data. The accurag of this localization procedureis belov 5
cm. Also shavn in green/grayis anoutline of theervironment.
Thesigni cant errorin the odometryobtainedirom therobot's
wheelencoderss shavn in Figure9. Figure10 shows the rst
16 imagescapturedby the robot. As can be seenfrom the
gure, the lighting conditionsare differentat differentplaces
in the ervironment.Furthermorethe imagescontaindynamic
objectssuchas doorsaswell as studentspresentin the lab.

Fig. 10. Imagescapturedby Albert during the experiment

Fig. 11. Trajectoryobtainedby trackingthe position of the robot usingour
system.

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

We initialized the sampleset consistingof 5000 samples
with a Gaussiarcenteredht the startingposeof the robot. The
trajectoryestimatedoy our systemis shovn in Figure 11. As
this gure illustrates the systemis ableto correctthe errorsin
odometryandto keeptrackof the positionof the robotdespite
of the dynamicaspectsin this experimentthe maximumpose
error waslessthan82 cm and 17 degrees.

B. Global Localization

The next experimentis designedo demonstratehe ability
of the systemto globally estimatethe positionof the robot. In
this casewe usedthe dataobtainedin the previous experiment
andinitialized the sampleset, which againconsistedof 5000
samples,with a uniform distribution. Figure 12 shavs how
thesamplesorvergeduringthe globallocalizationprocessin
the beginning they arerandomlydistributed over the erviron-
ment. After integrating four imagesthe sampleshave almost
concentratean the true position of the robot (centerimage).
The right image shows a typical sampleset obsened when
the systemhasuniquely determinedhe position of the robot.

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



Fig. 12. Typical samplesetsduring global localization: At the beginning (left), after integrating 4 (center)and 35 (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
trajectory of the systemsoften containlines leadingtowards
the currenthypothesisaboutthe robot's pose.Figure 13 only

containsone suchline leading from the centerof the robot
to the true position of the robot. After the integration of the

fourth imagein this particularrun the belief consistedof a

single mode.

C. KidnappedRobot

The third experimentdemonstrateshe ability of our sys-
tem to recover from localization failures. We initialized and
startedthis experimentlik e the globallocalizationexperiment
describedabove. After integrating60 imageswhenthe system
already had determinedthe robot's position, we provided
datacorrespondingo a completelydifferentlocation, which

measured pose.

dl
initial pose

Fig. 16. Parameterof the probabilisticmotion model.

Fig.17. Trajectoryobtainedafterapplyingthenoiseaccordingo hl0; 5; 5i to
the odometrydata(left image)andtrajectoryobtainedafter usingour system
to global localization(right image).

correspondso kidnapingthe robotandtakingit to a different
placein the ervironment.Thus,the systemhadto re-localize
itself. Thetrajectoryandthe kidnapingoperationareindicated
in Figure14. To enablethe systemto dealwith suchsituations,
we randomly inserted 50 samplesin each iteration. This
approachhaspreviously alsobeenappliedby Fox et al. [41].

More sophisticatedschemegor mobile robot re-localization
have recentlybeendevelopedby Thrun et al. [34] aswell as
Lenserand Veloso[15].

Figure 15 shaws the localizationerrorsof onetypical run.
As canbeseenthe systenrecoversthepositionapproximately
20 stepsafter being kidnapped.We repeatedhis experiment
20 timesandin all casesour systemwas able to re-localize
the robot.

D. Rolustness

The previous three experimentsillustrate situations, in
which the systemis able to reliably estimatethe position
of the robot. To obtain a more quantitatve assessmenof



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

the performanceof our approachwe performeda seriesof
experimentsusing the datarecordedin the tracking experi-
ment.In eachexperimentwe arti cially distortedtheodometry
databy adding different amountsof noiseto it. The model
for odometry errors we used is similar to that used by
Gutmannet al. [39] and is depictedin Figure 16. For each
incrementaimovementcarriedout by the robot, we introduced
arotationalerror ° at the beginning of the movement,a
translationalerrord® d to the measuredlistanced between
the nal location and the starting position, and a rotational
error © atthe endof the movement.Eachindividual error
wasnormallydistributed. Two typicaltrajectorieghatresulted
from this processare depictedas left imagesin Figures17
and 18. The trajectoriesestimatedby our systemare shaovn
asright imagesin the correspondinggures. As canbe seen,
the systemis ableto globally localizethe robotandto reliably
keeptrack of its position even in the caseof large noisein
odometry

For differentparametesetswe generate@0 differenttrajec-
toriesandfor eachresultingtrajectorywe usedour systemto
estimatethe poseof the vehicle. Thenwe countedthe number
of casesn which theposeerrorwasbelor 2mand35 degrees.
Figure 19 shows the resultingstatisticsfor nine differentnoise
values As the gure demonstrategyur systemis robustagainst
evenlarge amountsof noise.Only for very large noisevalues,
the succesgate startsto drop. Pleasenote, that we did not
obtain a success-rat@f 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 ervironment. In
principle, the visibility areascharacterizethe free spacein
the ervironment. Therefore,just by knowing the odometry
information one can often infer the position of the system.
Since a robot cannotmove through obstaclesthe trajectory
that minimizes the tradeof 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 the pastit hasalreadybeendemonstratethatthese
constraintscan be sufcient to globally localize a robot [42].
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Fig. 20. Typical localizationerror during the global localizationexperiment
usingthe constraintamplied by the visibility areas.

The goal of the experimentdescribedn this sectiontherefore
is to demonstratehat 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 capabilites but
without utilizing the results from image retrieval process.
More speci cally, all samplesobtainedthe sameweight as
long asthe were locatedwithin an arbitrary visibility region.
Accordingly, the outcomeresultedonly from the odometry
dataandfrom the constraintsntroducedby thevisibility areas.
The image depictedin Figure 20 shavs 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 localize the robot solely basedon this
information. However, if the imageretrieval resultsare used,
thelocalizationaccurag is quite high andtherobotis quickly
ableto determindts absolutepositionin the ervironment(see
Figure 21).

VIlI. CONCLUSIONS

In this paperwe presentedh new approactfor 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 resultsare used.

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 the correspondingcenes
seenin the currentimage.This approachis particularly useful
in the context of mobile robots, sincea robot often obsenes
the samescenefrom different view-points. Furthermore the
systemuseslocal featuresand thereforeis robustto changes
in the scene.To representthe belief of the robot about its
pose, our systemusesa probabilistic approachdenotedas
Monte-Carlolocalization.The combinationof bothtechniques
yields a robust vision-basedocalization systemwith several
desirablepropertieslt is ableto globally estimatethe position
of the robot and to reliably keeptrack of it andto recover
from localization failures. Additionally, our systemcan deal
with dynamic aspectsin the scenessuch as peoplewalking
by as well as with large amountsof noisein the odometry
data.In extensve experimentscarriedout on real robotsand
in an unmodi ed of ce ervironmentwe have demonstrated
the generalapplicability of our technique.
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