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Abstract—In recent years, radio frequency identi cation
(RFID) hasfound its way into the eld of mobile robot navigation.
On the one hand, the technologypromisesto contribute solutions
to commonproblemsin self-localizationand mapping suchasthe
data associationproblem. On the other hand, questionslik e how
to copewith poor or even missingrange and bearing information
remain open. In this paper, we presenta novel method which
tacklesthesechallenges:Inspir ed by vision-basedself-localization
approaches,it utilizes RFID snapshotsfor the estimation of the
robot pose.Our experimentsshow that the newtechnique enables
a robot to successfullylocalize itself in an indoor ervironment.
The accuracy is comparable to the one of a previous approach
using an explicit model of detection probabilities. Our method,
however, requiresfewer iterations of the underlying particle Iter
in order to converge to the approximate robot pose.

Index Terms— RFID, mobile robot, self-localization, particle
Iter

I. INTRODUCTION

The task of robotic self-localization, in which a robot
estimatests positionin a given map of the ervironment,has
beenstudiedextensvely over the pastdecadeMany solutions
have beenfound,andsensorsuchaslaserscanner®r cameras
and techniquessuch as Monte Carlo localization [12] have
provento allow for ef cient androbust positioning.

In recentyears,radio frequeng identi cation (RFID) has
attracted economic, public, and scienti c interest. Having
foundits way into robotics,it promisesmprovementsin self-
localization, mapping,and navigation in general. Among the
various interesting propertiesof RFID, the probably most
importantis that objects equippedwith RFID tags can be
identi ed uniquely Therebythe issue of associatingsensor
readingsto navigation landmarks can be solved trivially.
Moreover, tags can be detectedwithout contact and even
without the requiremenbf line-of-sight,sinceelectromagnetic
waves can passthrough objects.However, mary factorscan
interfere with the transmissionof the radio signal, resulting
in a high uncertaintyof scanresults.Another shortcomingis
the fact that — at leastin the caseof passve RFID tags— an
RFID readercanonly determinewhetheror notatagis in its
range.Neither distancenor bearingto a recognizedabel are
supplied.

Several stratgjies to overcomethoseissueshave emeged,
of which we give an overview in Sectionll. In this paper
we presenta novel approachin which snapshotf current
RFID measurementare taken to localize a mobile robot. In
brief, our techniqgueaccumulatefRFID readingsover a short

seriesof measurementycles. The list of detectedtagsalong
with the numberof detectionsis treatedas a featurevector
which representa snapshobf the currentlocalizationcontext.

Our techniqueis inspired by vision-basedself-localization
methods.This family matchesglobal image featurestaken

by the cameraof the robot with a databaseof learnedfea-
tures, which are annotatedwith the true pose of the robot
whenthe correspondingmageswererecorded(seee.g.[11]).

Analogously we rst learnthe snapshotsat known positions
in atraining phase After that, during normal operationof the
robot,we matchcurrentsnapshotsvith thememorizedeatures
in orderto retrieve poseestimatesWe nally apply a particle
Iter (seee.g.[4]) to achieve robustness.

In orderto compareour approachwith previous ones,we
have also implementedthe method by Hahnel et al. [5],
describedin the next section. Our experimentsshav that
the snapshot-basetbcalization techniqueprovides similarly
accurateresults.It corverges,however, considerablyfasterto
the approximaterobot pose.

This paperis organizedasfollows: In Sectionll, we present
a suney of related work, before we give an overview of
characteristicinherentto RFID sensorsin Sectionlll. Tak-
ing advantageof thosecharacteristicsywe designedour nev
snapshot-baseldcalizationalgorithm, which is introducedin
SectionlV. We performeda seriesof experimentswith this
method, of which the results are presentedin Section V.
In Section VI, we nally summarizeour work and draw
conclusions.

Il. RELATED WORK

In the lastfew years,RFID sensordave attractedthe atten-
tion of researchermto robotics,anda numberof approaches
have been presentedwvhich emplg/ the new technologyfor
differentnavigation tasks.

Oneof the rst surweysinto how to localize a mobile robot
via RFID is the one by Hahnelet al. [5]. It is also highly
relevantto this paperbecauseve implementedheir methodas
a benchmarkor our approachnotethatour robotis equipped
with very similar RFID hardware. Hahnelet al. rst gained
a probabilistic sensormodel for their RFID readey which
associateshe probability of detectingan RFID tag with the
relative position of that tag with respectto the antenna.This
model was usedto map the positionsof passie RFID tags
in an of ce ernvironment, given a previously computedmap
learnedvia a laserbasedSLAM algorithm. The position of



eachtag was representedoy a numberof particles, whose
weightswere updatedafter eachdetectionof the tag. Monte
Carlolocalizationwasthenusedto estimatethe positionof the
robotin the map,usinganothersetof particlesto representhe
robot pose.Iln experiments,it was possibleto achieve robust
(albeitratherinaccurateself-localizationbasedon RFID data
andodometryalone.Furthermoreself-localizationvasgreatly
acceleratedand the required number of particles could be
reducedif the dataof laser scannerand RFID readerwere
combinedas comparedto localization with a laser scanner
only.

A somevhat similar work, originally intendedto locate
nomadicobjects,is the one by Liu et al. [10]. They demon-
strateda systemfor passie UHF tags which exploits the
directionality of RFID readers.Beliefs of the positions of
tagged objects are formed from varying robot posesover
time. Yamanoet al. [14] successfullyexaminedhow support
vector machinescould learn robot locations. They generated
featurevectorsout of signalstrengthinformationgainedfrom
active RFID tags.A two-stepapproachto indoor localization
was emplo/ed by Chaeand Han [2]: First they determineda
coarseregion, computinga weightedsum of the positionsof
currentlydetectedags.Thentherobotwaslocalizedon a ner
level by meansof monocularvision involving SIFT features.
The systemrelied on active RFID, andthe positionsof tags,
which were attachedto walls, had to be known. Djugash et
al. [3] utilized actve RFID tagsin an outdoor ervironment.
They usedtime-of- ight measurementdoth for pure self-
localization and for simultaneouslocalization and mapping
basedon Kalmanandparticle Iters. In the contet of passie
high frequengy (HF) tagsoperatingat 13.56 MHz, Bohn [1]
has furthermore examined how tags densely spreadon the
oor allow for location estimation. Tsukiyamaet al. [13]
exploreda simplenavigationmechanisnon the basisof vision
for free spacedetectionand RFID tags as labels within a
topologicalmap of an indoor ervironment. Navigation based
on passve RFID tags hasalso beenstudiedby Kulyukin et
al. [7, 8, 9]. Their robotic guide was able to assistvisually
impairedpeoplein way nding in indoorervironmentsKleiner
and Nebel et al. [6, 16] studiedthe use of RFID labels for
the coordinationof robot teamsin exploration, during which
the labels were autonomouslydeplo/ed. Recently Zhou et
al. [15] proposeda vision-basedndoor localization method
in which they usedmodi ed active RFID tagsaslandmarks.
Thetagswereequippedwith bright LEDsto berecognizedAn
additionallaserdiode allowed for the selectve activation via
a laserbeamemittedby the robot. A prototypesystem which
lacked the ability to autonomouslypoint a laser at visually
recognizedRFID labels,promisedaccuratdocalization.Note
that the laser activation step requires line-of-sight, which
is generally not the casefor other RFID-basedlocalization
approaches.

I1l. CHARACTERISTICS OF RFID SENSORS

Radiofrequeng identi cation systemsconsistof two types
of componentsan RFID reader(including a setof antennas)
and a numberof RFID transpondergtags). The readercan

Fig. 1. Left: The RWI B21 servicerobotemployed for our studies equipped
with an UHF RFID readerand two pairs of UHF antennasRight: The type
of tag ("squiggle tag”) that we usedfor our studies,manufcturedby Alien

Technology(dravn to a larger scalethan the robot on the left). The size of

thetagis approximatelylOcm 1 cm.

communicatewith the tags by meansof radio signals and
retrieve their ID numbersand in some casesadditional in-
formation stored on the tags. This generalprinciple can be
implementedn severalways, makinguseof differentphysical
mechanismsFor our work, we use an off-the-shelf reader
(Alien TechnologyALR-8780) working in the ultra high fre-
gueny band(UHF, 868 MHz) with a setof passve tags,i. e.
tagswithout aninternalpower supply Thereaderis compliant
to the new UHF standardEPCClassl Generatior? andoffers
a readrangeof approximately ve meters.The RFID system
includesfour antennasforming two sender/recger pairs.The
two antenna®f eachpair aremountedon onesideof our RWI
B21 robot, in an angle of 45° with respectto the forward
direction (Fig. 1).

Thereaderis ableto detectmultiple transponderby issuing
a seriesof low-level communicationsignalsin responseo a
single high-level control command.The detectionattemptcan
also be repeatedfor a presetnumberof times, Npmax . The
result of sucha scanis a list of transpondenDs, together
with the numberof successfutletectiondor eachtransponder
andthe antennanumbersthe detectionsvere performedwith.
For the self-localization algorithm, the reader responseis
split up into the scan results for the two antennapairs.
Theseresultsgive an idea aboutwhich transpondergan be
"seen” from the correspondingantennaposition. They are
thereforetermedRFID snapshotdn analogyto vision-based
navigation approached-ormally, a snapshotanbe written as

elementfor eachtranspondetthat has beendetectedso far.
The entriesf; arein the range[0; Nmax ]- Note that sucha
vector containsconsiderablyless information than a camera
snapshotn vision-basedocalization.In particular it doesnot
yield ary information regarding the relative positionsof the
detectedtranspondersHowever, the RFID snapshotsan be
taken andstoredat minimal computationatostduring normal
operationsof the robot, and no featureextraction procedures
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Fig. 2. Detectionratesand sensormodel. The diagramdepictsthe detection
rates(numberof detectiongpertotal numberof scansyor differenttransponder
positionsin the horizontalplane.The RFID antennais locatedat the origin
of the plot, pointing in the direction of the y-axis. The detectionrates
were determinedfrom 200 scansfor eachposition, averagedover different
heights and orientationsof the transponderThe sensormodel we usedin
the implementationof Hahnels algorithmis superimposedo the plot: The
detectionprobabilityis modelledto be 0.5 for the areawithin theinner (solid
white) ellipse, 0.2 within the outer (dashedwhite) ellipse, and 0.05 outside
the ellipses.

arerequiredto usethemfor localization.During the training
phasethe snapshotare storedtogetherwith the antenngpose
they weretaken at. The emplogymentof the snapshotgor self-
localizationis describedn detail in the next section.

In passve RFID systemsworking in the UHF band, both
the power supply of the transpondeiand the communication
betweenreaderand transpondeire achieved by electromag-
netic wavesemittedfrom the antennasTo allow the detection
of a transponderi. e. the successfultransmissionof its 1D
to the reader it mustreceve a sufciently strongsignalfrom
the emitter antennaand a re ected signal must be detected
by the reader Whethera detectionoccursdependson mary
parametersincluding the relative position and orientationof
the transpondeto the antennathe materialthe transponders
attachedto, and obstaclesbetweenantennaand transponder
Speci cally, metalsurfacesandwatermay interferewith signal
transmissiorby re ecting or absorbingelectromagnetigvaves.
It is generallynot feasibleto explicitly take all theseparam-
etersinto accountwhen modelling RFID sensors.Hahnels
solutionto this issuewasto consideronly the position of the
transpondersn the horizontal plane.He createda stochastic
sensormodel by measuringdetectionratesfor transponders
in different con gurations and averagingthe resultsover all
parametersot modelled.In orderto compareour methodwith
theirs,we alsodevelopeda probabilisticsensomodelfor our
RFID system,visualizedin Fig. 2.

For the snapshot-basedpproach,we do not require a
speci cationof thesensors detectioneld. InsteadgachRFID
inquiry is modelled as a random event which resultsin a

succesfuldetectionwith a probability g. This probability is
assumedo be x edfor a given positionof the RFID antenna
and the transponderin the ervironment. It is furthermore
assumedthat the value of g changesonly little for small
changesof the robot pose. This assumptionwas found to
generally hold in experimentsto assesssensorproperties,
althoughabruptchangesn detectionratedo occursometimes.

IV. SNAPSHOT-BASED SELF-LOCALIZATION

The proposedself-localizationmethodis performedin the
framawork of a particle Iter algorithm,alsoknovn assequen-
tial Monte Carlo method[12]. In this algorithm, the variable
of interest— herethe poseof therobot—is representetty a set

moves through the ervironment and performs RFID scans.
Eachparticle consistsof a hypothesisr of the robot's current
poseanda weightw, giving a measuref thelikelihoodof the

hypothesis.The posevectorr consistsof the position of the

robotin aglobalframeof referenceandtherobot's orientation.
Theevolution of the particlesis carriedoutin threealternating
steps,which are performedevery time a nev RFID snapshot
f is taken:

1) Resampling The new setof particlesfor timet + 1 is
obtainedby drawing n times one particle from the set
ut(l) pin uﬁn), choosingparticlei with probabilitywt(').

Prediction The changeof the robot posesincethe last
RFID scanis predictedby drawing a newv posehypoth-
esisfor eachparticle from the distribution p(ri+1 jr).

This distribution can be derived from a motion model
of the robot basedon odometrydata.

Correction The particle weightsare updatedaccording
to

2)

3)

P(fe+1 l'r§|+)1 )
Py p(feejri))

By theseoperationsthe particlesconverge towardsa dis-
crete representationof the probability distribution of the
robot's pose,which can be estimatedas the weighted sum
of the particle poses.

The crucial elementin this methodis the de nition of
the likelihood function p(fijr¢), which is usedto updatethe
particleweightsin the correctionstep.The function presented
belov rst computesan estimatef of the detectionprobability
for eachtag from the referencesnapshotsThenit determines
the probability of the given scanbasedon this estimate Each
referencesnapshotallows for the estimationof the detection
probabilitiesat the positionit wastakenatvia Bayes'formula,
yielding

Wi = p

)

Z 1
a(f) = . gp(ajfi)dg @)
for a singletag!, with
pif) = Ry p(fija)p(g) 3)

o P(F1ig)p(cddef

andthe conditionalprobability p(f jg) following the binomial
distribution

. N
p(fijg) = rf”la

q'@ g~ (4)



Furthermore,p(q) is the a-priori distribution of the de-
tection probability g, which can be derived from the known
propertief the RFID sensorin themajorpartof the erviron-
ment,the detectionof a speci ¢ tagwill be almostimpossible
(becauseit is out of sensorrange or not in the direction
in which the RFID antennasare pointing). Consequently
the detection probability will be close to zero. Detection
probabilities considerablyhigher than zero are assumedto
occurwith approximatelyequalfrequeng, so the distribution
p(q) is modelledby a stepfunctionwith a high valuecloseto
zeroanda constantiow valuein therestof the interval [O; 1].

A reliable estimateof the detectionprobabilities for an
arbitraryantenngosea cannow be calculatedastheweighted
mean of the estimatesobtained from referencesnapshots

fD ;) takenin the vicinity of a,
a@ = 1FD)+ i+ af )+ g0 (5)
P
with jr:l i+ =1andq = (ou;:::;%)". Here, 0o

is an estimateof the detectionprobabilitiesin the absence
of referencescans.This vector with equalentries@y can be
obtainedfrom the a-priori distribution p(q) via
z 1
& = . p(q) qda: (6)

Theweights ; arecalculatedrom thedistancebetweerthe
antennapose and the poseat which the snapshotvas taken
by a Gaussfunction. Note that the metric usedto determine
this distancemust also take the orientationsof the antennas
into account.The weight of the a-priori estimateis 1 if
no referencescanswere taken in the vicinity of the pose
under considerationand should decreaseéhe more reference
scansare available and the closer they are to a. This can
be achieved by rst setting to a small constantvalue and
thennormalizingit whenthe (non-normalized)veightsof the
snapshotsare known.

Finally, the estimate€(a) can be usedto computethe
likelihoodof arobot pose.To this end,the probabilitiesof the
obsereddetectionfrequenciesredetermineddy insertingthe
estimateddetectionprobabilitiesq (a) of eachtaginto Eq. 4.
Underthe assumptiorthatthe measurementsf the singletags
are independentthe probability of the whole snapshof is

p(fia) = p(f (Dia(a)): (7

1=1

From this equation the likelihood function requiredfor the
particle Iter algorithm can be obtainedby determiningthe
antennapose a from the robot poser of eachparticle. In
our RFID system,the snapshot®f the left andright antenna
pairs are taken simultaneouslyand both are usedin a single
correctionstep. The resultinglikelihood function is

p(fi; feir) = p(fijai (r)) p(frjar (r)); 8

wherea,(r) anda, (r) denotethe posesof the left andright
antennapair if the robotis at poser, andf, andf, arethe
correspondingnapshots.

V. EXPERIMENTAL RESULTS

In orderto evaluatethe performanceof our algorithm, we
measuredhe accurag of the pose estimateunder different
conditions Experimentavereconductedvith anRWI (iRobot)
B21robotin ourinstitute's robotlaboratoryandadjacentorri-
dors.The experimentsdescribedn Subsection¥/-A andV-B,
which assesshe in uence of the extent of the training phase
andof internalparametersf the algorithm,wereconductedn
the robot lab only, with a free areaof approximately50 m?.
For the experimentdescribedin SubsectionVv-C, where the
in uence of transpondeplacementainddensityis investigated,
the larger environmentwith a total free areaof approximately
195 m? was used. During the training phase,the position
of the robot was determinedvia odometry only. We made
surethat the deviation from the true position did not exceed
20 cm aftereachtrial. Theresultspresentedn this sectionare
averagedover 3-5 learningrunseach,with 5 differentstarting
positionsfor the self-localizationafter the training phase We
executedthe algorithm by Hahnelet al. with identical RFID
and odometrydatato justify a direct comparisonof the two
approaches.

A. In uence of the Densityof RefeenceSnapshots

In the rst experimentwe investicatedthe densitityof refer
encesnapshotsequiredto achieve an accuratgposeestimate.
The experimentwas conductedin the robot lab with 28 to
80 transpondersittachedo walls andto furniture in different
trials. In the rst setof trials, we took a total numberof 1000
shapshotduring the training phase.This correspondgo a
distanceof approximately50 m, travelledat a speedf 0.2 m/s
with two snapshotg$or eachantenngpair taken per secondln
theothersetsof trials, we extendedhelearningrunsto retrieve
2000 and 3000 referencesnapshotsyespectrely. The results
are shawvn in Fig. 3. The meanabsoluteestimationerror for
1000snapshotsvasabout0.6 m afterfew stepsof the particle

Iter andthenremainedon this level. For 2000snapshotsthe
error was reducedto belov 0.4 m. An additionalincreasein
the numberof snapshotdroughtno clearimprovement.

To checkwhetherthereducedestimationerrorwasan effect
of the higheraveragedensityof snapshot®r of a bettercov-
erageof the areadueto the longerlearningrun, an additional
set of self-localizationtrials was performed.For thesetrials,
1000referencesnapshotsverechoserrandomlyfrom the 3000
shapshot®f the longestlearningruns. Estimationerrorswere
comparableo theoriginal trials with 1000snapshotsakenin a
shorterlearningrun. This indicatesthat the averagesnapshot
density is indeedthe crucial factor for the accurag of the
method.

B. In uence of the Numberof Particles

In the next experiment, we investicated the in uence of
the number of particles on the estimation error for both
the snapshot-basedlgorithm and the algorithm proposedby
Hahnel. The same sensorydata were used as in the trials
above with 2000referencesnapshotsThe meanerrorsof the
pose estimatesusing a particle Iter with 50, 100, and 200
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Fig. 3. The mean absolutelocalization error over time, dependingon
the number of snapshotstaken during the training phasefor an area of
approximately50 m?.
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Fig. 4. Inuence of the numberof particleson the localizationerror over
time. Thealgorithmusedby Hahneletal. is denotedasAl (dottedcurves),our
methodasAz2 (solid curves).Overall, the snapshot-basealgorithmcorverges
fasterand provides stableposeestimatesafter few time stepsalready

particlesare presentedn Fig. 4. A numberof 100 particles
aresufcient in both algorithmsto achieve optimal results.In
the snapshot-basealgorithm, closeto optimal resultscan be
obsened with only 50 particles.Note that the resultsfor our
implementatiorof Hahnels algorithmarein goodaccordance
with the onespublishedin [5], despitethe differencesin the
RFID systemsused. The comparisonof the two algorithms
shows that estimationerrorsafter 50 stepsare almostequalat
about0.4 m. However, the snapshot-baseapproachachieres
this accurag after only a few stepswhile Hahnels algorithm
takes muchlonger

C. In uence of the Arrangementof Transpondes

The in uence of the placementof transpondersand their
densityin the ervironmentwas examinedin the nal experi-
ment. In one seriesof trials, transpondersvere placedregu-
larly spacedapproximatelyevery two meterson the walls at
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Fig. 5. Impact of the density of RFID transponderson the localization
accurag whenthe methodby Hahnelet al. is used.

the heightof therobot's RFID antennasThis setupwassimilar
to the one usedby Hahnel. Two other settingswere usedin
which more transpondersvere placedin the environmentin
a less systematicfashion (different heightsand orientations,
attachedo differentobjects).One of thesefeatureda medium
transponderdensity the other one featureda high density
and was rrestrictedto the robot lab. The meanabsoluteerrors
for the self-localizationin thesesettingsare shavn in Fig. 5
and 6. For Hahnels algorithm, density and placementof
the transpondershave little impact on the estimationerror,
althoughan accurateposeestimateis achiaved slightly faster
for highertranspondedensitiesTheaccurag of the snapshot-
basedapproachis reducedconsiderablyin caseof the lowest
transponderdensity Closer inspection of the single trials
revealedthat the self-localizationyielded poor resultsonly in
onecorridor Here,only very few transpondersverevisible at
the sametime, and the set of visible transpondersemained
unchangedover a large range of positionsand orientations.
Under these conditions, the snapshotsprovided only very
little information to discriminatebetweendifferent poses.If
the correspondingtrials are removed from the dataset,the
estimationerror for the lowest density is virtually equal to
the error in the other settings.

D. Run-Tme Measuements

During the experiments,we recordedthe time that was
required to perform one step of the particle Iter cycle.
All experimentswere run on the on-board2 GHz Pentium
processar Under typical conditions (100 particles, medium
transpondedensity), it took 7.2 ms per stepon averagefor
the snapshot-basedlgorithm and 7.6 ms for the algorithm
by Hahnelet al. Thus, both approachesan easily be usedin
real-timeapplications.

V1. CONCLUSION
A. Summary

In this paper we presenteda novel algorithm for the self-
localization of a mobile robot via RFID. Inspired by vision-
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Fig. 6. Impact of the density of RFID transponderon the localization
accurag when our snapshot-basethethodis used.For the lowest density
resultsareadditionallyplottedafterremoving trials thatwereperformedunder
adwerseconditions(narrav corridor with very few transpondersisible).

basedapproachesthe robot rst learns RFID snapshotsat
known positionsin the ervironmentduring a training phase.
Thesefeaturevectorsare comprisedof an accumulatedist of

recentlydetectedagsalongwith their detectioncounts.After

the training, during normal operationof the robot, we match
current snapshotswith the memorizedfeatures.To achieve

robust poseestimationdespitethe uncertaintyof the raw scan
results,the self-localizationis performedin the framevork of

a particle Iter.

Undermostconditions,the algorithmyields poseestimates
with similar or higher accurag than a comparableapproach
by Hahnel et al., with a mean estimationerror of approx.
0.4m. In addition,our algorithmcorvergesconsiderablyfaster
to the approximaterobot pose. A stable pose estimationis
usually gained after few stepsof the particle Iter. However,
the approachpresentedin this paper has some dravbacks:
The training phasemay be quite time-consuming,since a
large number of snapshotsare neededto cover extensve
ernvironments Accurateself-localizations only possiblein the
very areasthat are covered by referencesnapshotsyhereas
algorithmswhich rely on (estimated}ranspondepositionsof-
fer a certainamountof generalizationMoreover, in situations
whereonly very few transpondersanbedetectedy therobot,
the poseestimationis ratherunreliable.On the otherhand,the
snapshot-baseabproachis advantageouin sofar thatit does
not requirean explicit sensormodel.

In comparisorto othersensorsystemdike vision andlaser
scannersthe accurag of loalizationthatcanbe achieved with
RFID systemss quitelimited. Theadwantageof usingRFID is
thataroughposeestimatecanbe obtainedwithout ambiguities
dueto the uniqueIDs of the transpondersThis makes these
systemsa favorablechoicefor sensorfusion approaches.

B. Future Work

For thefuture,we planto researclinto explorationstrateies
which automatethe time-consumingtraining phase.Addi-
tionally, we would like to integrate the possibility to revise

the databaseof learnedfeatureson-line, i.e. during normal
operation.We are further going to fuse the RFID datawith
othertypesof sensors.
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