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Abstract

We investigate Intrinsic Localization and Mapping
(ILM) for teamsof mobile robots, a multi-robot variant of
SLAM wherethe robotsthemseles are usedas landmarks.
We develop whatis essentiallya straightforward application
of Bayesiarestimationto the problem,andpresentwo com-
plimentaryviews on the associate@ptimizationproblemthat
provide insightinto the problemandallows oneto deviseini-
tialization stratgyies, indispensablén practice. We alsopro-
vide a discussiornof the degreesof freedomand ambiguities
in the solution. Finally, we introducetwo applicationsof ILM
thatbringoutits potential:DiffusionMappingandMarco Polo
localization

1 Intr oduction

In mary mobile robot applicationsit is essentiato obtain
anaccuratanetricmapof a previously unknonn ervironment,
andto beableto accuratelyjocalizetherobot(s)within it. The
procesof reconstructinggucha mapfrom odometryandsen-
sor measurementsollectedby one or morerobotsis known
asSimultaneous.ocalizationandMapping(SLAM) [1]. Sen-
sorsthat are commonlybroughtto bearon this taskinclude
camerassonarandlaserrange nders, radar andGPS.

In this paperwe investigatelntrinsic Localization and
Mapping (ILM) for teamsof mobile robots, a multi-robot
variant of SLAM where the robots themseles are usedas
landmarks. This ideahasbeenexploredbefore, rst by Ku-
razume[2, 3], andlater by Rekleitiset. al. [4]. However, in
both casessomerobotsare kept stationarywhile only a sub-
setis allowedto move. We do not imposesucha restriction
here,althoughwe do shav thatstationary‘sentries”improve
theglobalaccurag of the solution. Collaboratve localization
approachesvith extrinsic landmarkswere investigatedboth
Kalman- Iter based[5], assamplebased[6], usinga multi-
robotversionof Monte CarloLocalization[7].

Our approachis more generalthan recentwork at USC
[8], asit handlesboth bearings-onlyand range-onlyscenar
ios, and doesnot requirethat the orientationof otherrobots
can be measured. Both our approachand [8] are essen-
tially straightforward applicationsof Bayesianestimationto
the problem,andhence thoughthey wereindependentlyde-
veloped,are similar in mary respects.However, in addition
to this Bayesianframework, we presenttwo complimentary
views on the associate@ptimizationproblemthatprovide in-
sightinto the problemandallows oneto devise initialization
stratgjies,indispensabl@ practice.We alsoprovide adiscus-

sionof thedegreesof freedomandambiguitiesn thesolution.
Finally, weintroducetwo applicationof ILM thatbringout
its potential: rst, Diffusion Mapping is anapproachwhere
ahighly redundanteamof simplerobotsis usedto mapouta
previously unknovn ervironment,simply by virtue of record-
ing the localizationand line-of-sighttraces,which provide a
detailedpictureof the navigablespace.SecondMar co Polo
Localization is anovel localizationtechniquebasedn sound
only, whererobotsmeasureangeto eachotherby listeningto
asoundemittedby eachrobotin turn. Thenameis takenafter
achildren'sgamethatoperate®n a similar principle.

2 Problem Statement

The problemof intrinsic localizationand mapping (ILM)
is to estimatethe posesX of all robotsat all times given
odometrydataO andadditionalintrinsic measuement<, i.e.,
whichmeasuresomethingabouttherelative posebetweertwo
robots.Below we discusghescenariosvhereeitheronly bear
ing or only rangemeasurement® otherrobotsareavailable,
anda third scenariowith any arbitrary combinationof bear
ing andrangemeasurementdt is not necessaryo be ableto
measurehe orientationof otherrobots,althoughthis type of
measuremens easilyintegratedn theframeworkif available.
We will alsoassumehatthereis no correspondencgroblem,
eitherbecauseobotscanbetrackedin arecursve schemeor
becausédentity is availableaspartof themeasurement.

Withoutlossof generalitywe considera synchronousnea-
suremenschemewhereall the robotstake a measuremerut
thesameime. Thisassumptiortanberelaxedin astraightfor
ward manner In termsof notation,we will referto the entire
setof soughtposesas X, whereaghe posesof onerobotonly
aredenotedasX;, withi 1 m, andthe poseof all robotsat
aspecictimet asX!, witht 1 T. The poseof roboti at
timet is denotedasx. Similar corventionsare usedfor the
odometryO andthe intrinsic measurement&. The setof in-
trinsic measurementsetweerrobotsi and j is written aszj,
andcanbe eitherempty abearingmeasuremengrangemea-

surementor both. We de ne e2 ° 'S leto bethesquared
Mahalanobiglistancewith covariancematrix S.

Below we provide measuremenmodelsfor odometryand
theintrinsic measurementsespectiely for asinglerobotand
at a singletime. The next sectionthen considersthe entire
batchoptimizationproblemoverall robotsandall times.

2.1 Odometry Measurements
Given no other information, the maximum a posteriori
(MAP) trajectoryX; of a singleroboti givenodometryQ; is



obtainedsimply by integratingthe odometryover time. If no
prior on the initial posex! is available, the trajectorycanbe
determinedup to a 2D displacemenbnly, i.e., an arbitrary
translationand rotationin the plane. If a prior is available,
thereis no remainingambiguity In detail, the MAP trajectory
is foundby maximizingthe posteriorprobability
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wherewe malke the usualconditionalindependencassump-
tions,andthe only prior knowledgeavailableis a guessxt for
the initial posexil. In the caseof normally distributed mea-
suremennoise,the associate@rrorto be minimizedis equal
(upto aconstant}o the negative log-posterioygivenby
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whereg x y is the odometrymeasuremerfuinction between
two posesx andy, andQ andR are the covariancedor the
prior onx' andodometrymeasurements!, respectiely.

2.2 Intrinsic Measurements

Similarly, assumingno prior for now, ateachtime-stept we
canobtaina maximumlikelihoodestimateX! for thecon gu-
ration of posesX! givenonly theintrinsic measurement&' at
timet, by maximizing
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or, alternatvvely, minimizing theassociate@rror:
o
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whereh x y is theintrinsic measuremerfunctionassociated
with the orderedpair of posesx andy, Sis the noisecovari-
ancefor eachsetof measurementgndthe summatioris over
all pairs i j wherea bearingand/orrangemeasuremenis
available. To determinewhetherthe con guration X! canbe
determinedat all, we needto countthe degreesof freedom
(DOF).Thenumberof unknovn parametergs 3m,i.e., X y g
for eachrobot,anda solutioncanbeobtainedonly if thenum-
berof measurementactuallyavailableis morethanthe DOF.
We distinguishthreedifferentcases:

Bearingmeasuementnly: thecon gurationcanbede-

terminedup to a 2D similarity transformation. Sincea

similarity has4 DOF, the systemhas3m 4 DOF, and

themaximumnumberof measuremenismm 1. Re-

coveringthecon guration (up to the statedambiguity)is

possiblewhenatleast3 robotsareavailable,asdiscussed
in [9]. Thelatterpaperalsoprovidesa linearmethodfor

obtaininganinitial estimate. Whenm 3, it is possible
thatasecondipped solutionexistsaswell [9].

Rang measuementonly: the orientationof the robots
is not obsenable,and robot positions(2 unknavns per
robot) canonly be determinedup to a 2D displacement
and an orientation ip. Hence,the DOF are 2m 3
whereasKmax r; , possiblyyielding a solution (up to
thestatedambiguity)whenatleast4 robotsareavailable.

Mixed measuements in general,the con guration can
be determinedip to a 2D displacementvith a minimum
of 2 robots.

3 Intrinsic Localization and Mapping

ThelLM problemasstatedabore cannow beseenascom-
biningthesetwo estimatiorproblemsj.e.. obtainingthe MAP
estimatefor the posesX for all robots1l mandtimes1 T,
giventhe odometryO andtheintrinsic measurementa:

X amgmaxP XO0Z amgmaxPXPOXPZX
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or, alternatvely, minimizing thefollowing errorfunction:
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We use a non-linear optimization method, Levenbeg-

Marquardtwith a sparseQR solver, to obtainthe MAP esti-

matein a batchoptimizationprocedure.For on-line applica-
tions, it is straightforvardto usethis methodasa subroutine
in a x ed-lagsmoothingscheme where one only optimizes
for the last n time sliceswhile keepingthe other posescon-

stant. To computethe (sparse)]acobian% we have imple-

mentedan automaticdifferentiation(AD) frameawork. AD is

neithersymbolicnor numericaldifferentiation,andcalculates
theJacobiaratany givenvalueexactly, ef ciently, andfree of

numericalinstabilities.See[10] for moredetails.

4 Of Tracks, Slices,and Sentries

In practicenon-linearoptimizationis plaguedby local min-
ima, andinsightin the structureof the problemis neededo
provide agoodinitial estimateto thesolver. Thisis especially
soif noprior P X! for theinitial posess available,in which
casethe problemof local minimais moresevere. Below we
presentwo complimentaryiews of the problemthatenable
usto tackletheinitialization problemin a two-stepapproach.

4.1 Tracks View

The rst view is to decomposéhe probleminto m robot
localization problems,wherethe individual tracks X; of the
robotsarerelatedonly throughtheintrinsic measurementa;

PXOZ uPzX QO PxXPOX
i

If apriorP Xt  &;P x! is available,thenthe individual
MAP tracksaredeterminedexactly (Section2.1), andcanbe
seenas correctedby additionalmeasurementg betweerthe
tracks,throughP Z X . Corverselyif P X! is notavailable,
thenthetracksareonly determinedup to a 2D displacement,
andtheintrinsic measurementg have the additionaleffect of
registeringthetracksto eachotherin the plane. A stratgy to
avoid local minimain thelattercaseis thenthefollowing:

1. CreatethemtracksX; by integratingthe odometryQ;.
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Figure 1: Diffusion Mapping: a simulatedexamplewherel5
robotsarereleaseantheleft andexecutea purerandomwalk
control stratgy in a large ervironment, exceptthat they re-
ect off walls. Shown are the tracedtrajectoriesat regular
time intervals between0 and 1000 steps,which collectively
constitutea mapof the emptyspaceandhenceof the naviga-
ble ervironment. Gray lines indicaterecordedines of sight,
which complementhetrajectoryinformation.

2. Solvethe3mdimensionabptimizationproblemof regis-
tering the tracksby maximizingP Z X! , while keeping
thetracksrigid.

3. Usethatasthestartingpoint for the global optimization.

Thereis still no guaranteghat step2 will not get stuckin a
localminimum. However, sincetherelatedoptimizationprob-
lemis relatively small,it canberestartedeveraltimesatalow
computationabverhead.

4.2 SliceView

The secondview is to decomposehe probleminto T indi-
vidual time slicesX!, with eachslice X! coupledthroughthe
aggregateodometryO! attimet to thenext slice X! 1

Ppxozu PxtOPzx OprPoO X X!
t t

In caseenoughmeasuremen areavailableattimet, amax-
imumlikelihood(ML) estimatefor theslicecon gurationcan
beobtainedupto a2D displacemenandpossiblyupto ascale
andorientation ip (Section2.2). The correspondingstaged
optimizationstratey is:

1. FindtheML estimatefor eachslice X!, if possible

2. Solve the 3T-dimensional(or 4T, if range-only)prob-
lem of the slice posesby maximizing®; P O' Xt Xt 1 |
while keepingtheslicesrigid.

3. Usethatasthestartingpoint for the global optimization.

The advantageof the optimizationproblemin step?2 is that
the Hessianis bandwidthlimited, andhencecanbe solvedin
lineartime. However, in therangecasethereis the additional
problemthat the orientationof eachslice needsto be deter
mined. The disadwantageof this approachs thatstepl might
not be possible,if not enoughmeasurementare availablein
someslices.

4.3 Drift and Sentries

Notethatneitherof the stratgiesoutlinedabove is arecipe
for successit might still bethe casethatthe global optimiza-
tion processn step3 getsstuckin alocalminimum. Theslice
view also provides anotherinsight, which is that the global
optimizationproblemis very similar to the single robot lo-
calizationprocesswhenone views the slicesasan evolving
articulatedrobot system. Thatmalesit clearthat, muchlike
thesinglerobotcase.errorwill accumulatevertime andthe
entiresystemwill drift away from the groundtruth situation.

A possiblesolution to the drift problemis to use sentry
robotsthat remainstationaryover time, and provide a series
of landmarkghat canhelp“close theloop”, whenpart of the
teamwandershackinto a previously visitedarea.Thenumber
of waysin which this canbe doneis endlessandwill depend
on the application.Oneway is to leave a “coordinateframe”
teamof two or threerobotsat the startingpoint of the robot-
team.Anotherapproachpossiblewith highly redundantobot
swarms,is to occasionally'drop” sentriesalongthetrajectory
accordingto somedistanceor line of sightcriterion.
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Figure2: Simulationwith 10 robots(and 3 sentries)over 200 timesteps.The rst panelshows the actualsimulatedtracks. The
simulatedervironmentoutline (modeledafter an existing museumbuilding) is shavn in grayin all otherpanelswhich shav the
MAP estimateX at differenttime stepsrespectiely 20,40, 60,100,and200.

Figure 3: Simulationthat illustratesthe global correctionby sentryrobots. The groundtruth tracksof 5 robotsrunningfor 100
timestepsareshavnin gray. The 3 starsin themiddlearesentrieshatestablisracoordinatdrame. Left: theestimatedracksusing
themeasurementsom the sentries Bottom: the estimatedrackswithout usingthe sentries.
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5 Application I: Diffusion Mapping

Mappingnavigablespacds importantfor mobilerobotsand
canalsobe a productin its own right, e.g.,in the caseof re-
connaissancdn this paperwe introduceoneway of tackling
this problem diffusionmapping which is basedon the ILM
framework discussedbove andis illustratedin Figurel. The
ideais to useteamsof mary smallrobotsasa dynamicallyde-
ploying, richly connectecdhet of sensorsjn orderto mapout
navigablespace We call this diffusionmapping,asvery sim-
plerandomwalk or diffusioncontrolstratgiesareusedfor the
individualteammembers.

Diffusion mappingis a straightforvard implementatiorof
the ILM framework for the caseof bearing-onlymeasure-
ments. We maintainthe global positionandcon guration of
the evolving sensornet, using robot odometryand relative
bearingmeasurementbetweenthe robotsthemseles. The
tracesof therobotsthroughspaceaswell aslinesof sightbe-
tweenthe robotsat successie timesareusedto cane outthe
freespace.

We arecurrentlybuilding alarge numberof smallrobotsin
the BORG lab at Geogia Tech (http://bog.cc.gatechdu) in
orderto, amongother goals, validatediffusion mappingex-
perimentally However, the systemalreadyrunsin simulation
andwill beusedto testthealgorithmsandhelpdeterminehe
accurag speci cationsof the bearingsensorshatwe will put
ontherobots. Underconsideratiorareboth IR andRF-based
bearingandrangesensors.

Figure2 shovstheresultsof asimulationwith 13 robots,of
whichthreewereusedassentryrobotsasdiscussedh Section
4.3. The simulationwasrun for 200time-stepsandthe g-
ure shawvs the groundtruth tracksof therobots,aswell asthe
MAP estimateX at differenttimesin the simulation, super
imposedon the groundtruth. In this casewe usedsimulated
odometrywith a positionalaccurag of 10cm,orientationac-
curagy of 5 degrees,andbearingsensoraith anaccurag of
5 deggrees. All the accurag gures correspondo the stan-
darddeviationof normallydistributednoisethatwasgenerated
during the simulationof the measurementalues. In the last
timesteptheoptimizationis over 7800unknavns,usinginfor-
mationfrom 5683bearingmeasurementand 7761 odometry
measurementdJsing the sparseQR solwer, eachLevenbeg-
Marquardtiterationfor thatsizetakesa coupleof seconds.

Figure3 moreclearlyillustratesthebene cial effect of ded-
icatingsomeof therobotsassentryrobots,in orderto establish
aglobalframeof reference.

6 Application 1l: Mar co Polo Localization

In Marco Polo Localization,we apply soundas a tool for
gatheringthe rangemeasurementisetweerrobots,andsolve
thoseasarange-onlySimultaneous ocalizationandMapping
(SLAM) [1] problem.By applyingsoundasa sensoffor gath-
ering rangeestimatesye hopeto demonstrat¢he feasibility
of usingsoundfor localizationandto increasehegeneralityof
the SLAM problem. Marco Polo Localizationis describedn
moredetailin [11], but below we presentsomeexperimental
resultsto illustratetheapproach.

Figure4: Robotsusedto testMarcoPolo Localization.

The scenarias asfollows: a groupof robotsarescattered
aboutthe ernvironmentin unknown starting positions. They
eachgeneratea sound,andtime differencesare gatherecdoe-
tween eachof the robots, allowing us to obtain rangeesti-
mates. This is calleda slice, asit revealsthe positionof the
robotsat one point in time. After soundingoff, the robots
move aboutthe room, recordingtheir changein odometry At
sometime later, the robotsare stopped,and anotherslice is
gathered.This procedureof moving, stopping,andsounding
off is repeatedegularly throughouthe experiment.

Experimentsvererun on four Nomad150robots,seeFig-
ure4, equippedwith laptopsanda wirelessconnection.Each
Nomadhada spealer mountedon onesideof thelaptop,anda
microphonamountedontheother In orderto synchronizehe
recordingshetweerchannelsmicrophonesverepluggedinto
asingledesktopcomputemith a16bitsoundcard. Thedigital
samplingquality of all recordingwasperformedat 16bitqual-
ity, and22050Hz. While the microphonesisedwerewired,
thesystenmcanin principlebeimplementedvirelesslywithout
dif culty .

Distanceestimatesvere gatheredrom the robotsin pairs.
Onerobotplayedasoundwhile recordingdata,while asecond
robotwasalsorecordingdata. Thesewo les werethensaved.
Thentherobotstartedrecordingagainandrepeatedhe sound
while anotherrobotwaslistening. This procesgepeatedintil
every pair of robotshadrecordeda time-delaybetweerthem.
We werelimited to two robotsat atime, becausé¢he standard
soundwe usedwaslimited to recordingtwo channelsatatime.
In principle, onesoundcould be usedto generaten 1 read-
ingsusingtheappropriatdardwareto synchronizen channels.

Onceall thedatawasrecordedeachpair of soundles was

p.5



L L L L L L L L L
-1 0 1 2 -4 -3 -2 -1 0

Figure5: (left) RealRobotresultsfor 4 robots,and3 slices.
(right) Truepositions.In this experimentakun, 14 rangemea-
surementsvereusedto alignthetracks.

comparedisinga cross-correlatiomlgorithmto nd thetime-

delaybetweerthetwo channelsThe soundusedwasa click-

ing noisethat was experimentallydeterminedo provide the
besttime-delayestimatesusing cross-correlation.The soft-

wareusedfor theactualcross-correlatiomwaslshmaell.0,de-
velopedby the Of ce of Naval Researcl12]. If the cross-
correlationalgorithmreturnedanestimatedime-delaygreater
than15ms thenthatmeasurememasdiscardedThisthresh-
old value was experimentallydeterminedo be the physical
limit of themicrophones/ampli eused.

In practice,a large numberof the actualtime-delaymea-
surementswill not be availableto help align the tracks. Es-
pecially asrobotsstartto move aroundin the ervironment,it
occursmore often thatthey arelocatedin positionswherea
goodtime-delayestimatds dif cult to obtain. Onthe exper
imentswith 4 robotsand3 stops,threetestsrecordedl4, 10,
and 10 usefultime-delayestimatesout of a possiblel8. The

restwereremovedby thresholding Actual badmeasurements

which were not removed by thresholdingwere rare, and did
not in uence the datamuch. The error hereis mostly dueto
the off centeredposition of the microphoneson eachrobot.
Microphonescould not be placedexactly centerbecauseof
existing equipmenbn therobots.

Figureb displaysthereconstructedesultsfrom testl, using
thetrackview method.Two changego proceduravould help
correctfor this error. First,themicrophoneshouldbelocated
ascloseto thecenteraspossible or their positionontherobot
needsto be incorporatednto the model. Second,the more
rangeestimate®btainedthe better

7 Conclusion

Thelntrinsic MappingandLocalizationframenork we pro-
posecan be efcient, asdemonstratedising the large scale
Diffusion Mappingsimulations.It hasbeenvalidatedin prac-
tice in the context of Marco Polo Localization. And it can
beimplementecdtasily usingautomatiadifferentiationto take
care of the most tediousaspectof optimization. We have
shawn resultsfor bothbearingonly andrange-onlyscenarios,

and the methodhandlesary combinationthereof. In future
work we will attemptto validatetheconcepbf diffusionmap-
pingin practiceusingahighly redundanteamof smallmobile
robots,usingbetweeril5and100robots.We arealsoplanning
to furtherexplore the useof soundlocalization,usingbothan
intrinsic measuremenschemeas discussechere, aswell as
extrinsic soundmeasurementsom the ervironment.
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