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Abstract

This work presentsmethodsfor tracking objectsfrom
noisy and unreliable data takenby a teamof robots. We
developa multi-objecttracking algorithmbasedon Kalman
filtering and a single-olject tracking methodinvolving a
combinaion of Kalman filtering and Markov localizaton
for outlier detection We apply thesemethodsn the context
of robot soccerfor robotsparticipaing in the middle-size
leagueand compae themto a simpleaveiaging method.
Resultsincluding situgions from real competitio games
are presented.

1. Intr oduction

Mobile robotsusually can only perceve a limited area
of their environmentat a time. In generalsensorsuchas
laserrangefinders (LRFs), ultrasonicsensorsor cameas
have a limited field of view, so an agentcannotsenseall
objectsaroundhim from one sensorframe. Furthermore,
a robot doesnot know aboutobjectsthat are occludedby
otherobjects,e.g. by wallsin anoffice ervironment.

Therearetwo waysto overcometheselimitations. For
one, an agentcan keepa history of sensorframes(or in-
terpretatios thereof)to reasonaboutpossibleobjectsand
their locationsin the ervironment. For example, a robot
canmapan ervironmentby maintainingan occupang grid
[14] wherethegrid cellsrepresenpossibé objectlocations.
However, if the environmentis dynamic,thegrid cellsonly
reflectsnapshotsf situatonswhenthe datawasrecorded.

Another possibiity isto deploymultiplerobotsin theen-
vironment,eachwith its own sensorsandto communicate
their sensorinformatiors to a modulefor multi-agentsen-
sorfusion. This approachs especiallyusefulfor dynamic

*This work hasbeenpartially supmrted by DeutscheForschungge-
meinschft (DFG), by Medien und Filmgesellschft Baden-Virttembeg
mbH(MFG), andby SICKAG.

**New addres: SonyCorporationPigital Creatured aboratoy, Tokyo
141-®01,JapanEmail: gutmam@ieee.ay

ervironmentsvheremoving objectsarepresenthatcannot
bereliably trackedby a single robot.

This work addressethe secondclassof methodswhere
multiple agentsgatherdata abouttheir ervironment, ex-
changethemwith a modulefor multi-agentsensorfusion,
and extendtheir own view of the world with the informa-
tion obtainedfrom the sensorfusion module. We develop
methoddor two differentkindsof scenaiosin dynamicen-
vironments. One, wherean unknovn numberof multiple
objectshave to be trackedby a groupof robos underthe
assumptiorthat the senseddatais noisy but reliable, and
secondthetrackingof a singleobjectby a groupof robos
where sensorreadingsare noisy and unreliable! In both
casesve assumehateachrobotin theteamknowsits own
positonwith highaccurag andthatall sensolinformation
is acquiredby on-boardsensorsnly.

We apply thesemethodsto the RoboCyp domain[10]
for themiddle sizeleaguewherein our approacha teamof
robotsmaintainsa consistenandaccuratewvorld model of
teammates ppponentandtheball. Note,however, thatthe
methodsaregeneraknoughto applyto otherdomainstoo,
undertheassumptiongivenabove.

The paperis organizedas follows. The next section
presentour approachfor trackingmultiple andsingleob-
jectsby employingKalman filtering and Markov localiza-
tion methods. Resultsusingthis approachare reportedin
Section3. In Sectiord we discusgelatedwork andSection
5 concludes.

2. Multi SensorFusion

When developing an object tracking method,one usu-
ally hasto dealwith trackinitiation, track updateincluding
prediction anddataassociationandtrackdeletion[1, 3, 4].
This sectiondescribeshe stepsin our systennecesaryfor
trackingobjectsin the RoboCy ervironment.

1By reliablewe mearthatthereareusuallynoincorre¢ measuremnts,
that is, no false positives, whereasunreliablemeansthat a robot might
sensebjectsthatareactuallynotpresen



Fig. 1 depictsour perceptiormodulewhichis atthecore
of eah robot. We referto [7] for a completedescriptionof
this system. Briefly, a robotfirst localizesitself by match-
ing a scanobtainedoy the LRF with ana priori line model
of the RoboCp ernvironment. Experimentsshaw that this
localizationtechniqués very accuratqusualy < 2 cmand
< 1°) andthatit is fasterandmorerobustthancompeting
methodd8].
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Fig. 1. Perceptiomodulerunningon eachrobot.

After estimatingts own positon, therobotextractsother
playersthat are presentin the field by discardingall scan
point belongingto field walls andclusteringthe remaining
ones. For ead clusterthe centerof gravity is assumedo
correspondo the centerof anotherrobot. Inherentin this
approachs the systematicerror dueto the differentrobot
shapes. However, it can be notedthat measurerantsare
usuallyreliable(no falsepositives).

Sinceour lasersare mountedat a level thatprohilits the
detectionof the ball, we usea camerafor obtainirg infor-
mation aboutwherethe ball is. Unfortunately our vision
systemhasalimited qualityandcolorsaredifficult to train.
Thus,ball obsenationsarenoisyandunreliable.

All playerssendtheir own posiion, the position of ob-
senedotherplayersandthepositian of theball (if detected)
to aglobalsensoiintegrationunitwhichin our caserunson
a centralcomputeroutsice the soccerfield. Herethe mea-
surementsrefusedin thefollowing way.

For aplayersown positon, nofurtheractionshave to be
carriedout since the robos alreadydeterminedtheir own
positon with high acaurag. However, for eachplayera
trackis initiatedfor fusingplayerobserationscomingfrom
its teammates.

For eachplayerdetectedby a robot, a new trackis ini-
tiated or, if the player can be associatedvith an already
existing track, it is fusedwith this track. We usea geo-
metricmethodfor dataassociatiormandKalmanfiltering for
datafusion Trackscontainhg measurementgrom anown
playeraremarkedasteammate all othersasopporent

The ball positian is determinedby a probabiistic inte-
grationof all ball measurerantscomingfrom the players.

We usea combinationof Kalmanfiltering and Markov lo-
calizationfor achieving maximumaccurag androbustness.

If no measuremets canbe associatedvith a track for a
certainamountof time (e.g. 5 secsin ourimplementation),
thetrackis deleted.

The fusedpositins of playersandball are sentbackto
all robotson a regular basiswherethey are integratedinto
eachrobots world model. This enablesa playerto extend
its own view with objectsit doesnotcurrentlyperceve and
alsoto know aboutwhichplayeris friend or foe. As aresult,
our playershave a much greaterknowledgeof the world
thanwhenusinglocal perceptioronly. Especiallyknowing
wheretheballis, appearso beusefulin almostall situations
andwe usethe sharingof this informatin for developing
sophisttatedskills [22].

2.1.Multi-Object Tracking from Reliable Data

Consiceer thetrackingof ana priori unknavn numberof
objectsby a teamof robotsunderthe assumptiorthat the
measurerantsarereliablebut mightbe corruptecby Gaus-
siannoise. This scenaio occursin the RoboQip erviron-
mentwhenplayersextractedfrom the robots rangefinders
arefusedin theglobalsensoiintegrationmodule.

Eachof ourrobos detectstherplayersin thefield from
datarecordedby the LRF and computesheadingand ve-
locity information basedon the last few obsenatiors be-
longing to this playerusingdifferentiation.Positbn, head-
ing andvelocity of eachobjectare thencommunicatedo
the multi-sensolintegrationmodule. Thus,the obsenration
modelis arandomvariablexs = (zs, ys, 0s, vs,ws)? with
meanX; andcovarianceX; where(x, ys) is the positon,
05 theheadingandvs andw, arethetranslatiomal androta-
tionalvelocitiesof the objectrespectiely.

As our robotsknow their own positon with high acau-
racy andthe LRF provides accuratedata, we assumethat
for playerobsenatiors Y ; is a constantliagonalmatrix

Y, = diag(os .0, .05.,00 .05) (1)

Ys? Vs? T Ws

wherediag(. ..) is a squarematrix with its diagonalele-

mentssetto the givenargumentsandall otherelementsset
to 0, ando,,, o,,, 0s,, 0v, andoy, areconstanistandard
deviatiors for positon, headingandvelocity which we de-

terminedthroudh experiments.

Wheneer a robot sendsinformatian abouta playerfor
which noalreadyexistingtrackcanbefound,i.e. if thedis-
tanceto all existingtracksexceedsa certainthreshaodl, anew
trackis initiated. TracksaremodeledasGaussiarvariables
X, with meany,. andcovarianceX,.. Thus,wheninitiating
anew track, it is setto

r = )A(sa Y, =X (2)

x>

For predictirg thestateof atrackovertime, we useasimple
motionmodelwherewe assumehatthe objectmovesand



rotateswith constanspeed.Givena certaintime interval ¢,
thetrackis projectedaccordingo

T+ cos(ér)ﬁrt
Gr + sin(B, )i, t
t
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Y, — VEX,VFT 4+ 3,(t) (4)

whereV F; istheJacobiarof F; andX,, (¢) isthecovariance
of someadditve Gaussiamoisewith zeromean:

Yo(t) = diag(o> t,oo top ton t.o, t)  (5)
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with o5, , 0y, 04,, 0, ando,,, beingsomeconstanstan-

darddeviations which we estimatedhroudh experiments.
Now, whena new measurerantX; arrivesfrom one of

our robotswhich correspondso a track x,., we fuseobser

vationandtrackaccordingo:

(I THE TR+ 501%) (6)
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Note, thatsinceour sensomodeldoesdirectly obsere the
systemstate, we can utilize the simplified Kalman filter
equationgoundin Maybeck[13].

Thesuccesof aKalmanfilter depend®nareliabledata
associatiormethod. A greedymethodfor finding a corre-
spondencgartnerfor eachplayerobseredby ourrobotsis
to searchthe globalworld modelfor the track whosepre-
dictedmeanis closesto the obsenation. However, suchan
approactdoesnotalwaysyield optimalresults.Sinceplay-
ersare extractedfrom a rangescanand sentto the sensor
integration moduleall at once,onecando betterby simul-
taneouslymatchingall playersobseredby arobot

Fig. 2 illustrateghis. Ontheleft, two obseredplayers
s1 andsy arematchedneafteranotherto thetracksr; and
ro in the globalworld modelusingthe greedymethod. If
we assumehat multiple assignment®sf playersto a track
are not allowed then, after matchings; to r2, the second
obsenationss, eitherhasto be matchedo trackr; produc-
ing a large error or, if this distanceexceedsthe threshod
for objectassignmenta new trackis initiated. Onthe other
hand,an optimal solutia is possibleasshavn on the right
sideof Fig. 2 wheres; ands, aresimultaneoushassigned
tor; andr, respectiely.

In our implementationve usea geometricmethodde-
velopedby Velosoet al. [21] that assignsmeasuremts
to tracksby minimizing the sumof squarederrordistances
betweenobsenationsandtracks. To be more precise,we
searchfor a setof pairs(s;, r;) whereobsenrations; is as-
signedto trackr;, andwherethe sumof squaredlistances

n
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Fig. 2. Solvingthe correspodenceproblem. Greedymethod(a)
andoptimalsolution(b).

is minimal. Thisis doneby first computinga distancetable
of all (s;,r;) pairs. This tableis thensearchd for a com-
bination whereno two obsenatiors correspondo thesame
track,thenumberof assignments maximal,andwhere(8)
is minimized.

This is the weightedmatding probkem which could be
solved using an algorithm with polynamial time. How-
ever, in practice,it turns out that a simple generateand
test methodwith a straight-brward heuristicscan be ap-
plied. Thereasoris thatonly a few differentpairsarepos-
siblewhenadistancehresholdor objectassignmenits em-
ployed. In our experimentsandin realgamesituatiors we
obsenred usuallyno more than4 or 5 possiblecombina-
tions.

Although this geometricmethodalreadyyields reason-
ableresultsin practice we wantto notethatthe application
of a probabilstic methodsuchasjoint probabilstic dataas-
sociationfilters (JPDAF) [1, 4, 17] might still improve our
results.

2.2.Single-Object Tracking from Noisy Data

Oftenthetaskis notto track multiple objectsbut a sin-
gle objectwhere obsenationsare both noisy and unrel
able. Considerthe caseof keepingtrack of the ball in the
RoboCyp scenaio. Therecanonly be oneball in the field
duringagame.However, sincefor ball recognitiononeusu-
ally employsvision, accurag androbustnessarein general
low comparedo LRFswhich —in our case— aremounted
above a heightwherethey candetecttheball.

Againwe usea Kalmanfilter asdescribedn Section2.1
for accuratelytrackingthe ball. Eachof our agentsregu-
larly sendsall obsenratiors to theglobalsensointegration
module. However, the vision sensoris only ableto deter
mine the headingto the ball with goodaccurag but fails
to provide accuraterangedata,especiallyif the ball is far
away from therobot For a ball obsenation X, we cannot
assumea constantovarianceX;, dueto this charaderistics.

Given the ranger, = \/(Zi'b — «%rob)2 + (Q}, — me)2
andheadingp, = tan ' (4, — o)/ (6 — Zrop) OFf theball
with respecto therobotlocatedat positon (2 ,-ob, Grob ), We
modeltheuncertainty} ., of theball posiion as

Srg = diag(feor,, ‘7351,) (9)



whereo,, ando,, are someconstantstandarddeviations
we empiricallydetermined Fromthis, we cancomputethe
obsenationerroras

¥, = VPR,VPT (10)
where
Zrob + T COS(éb + QAZASb)
L Grob + o sin(f + ¢s)
P(7y, ¢p, Op, Up,wp) = 0,
Uy
Wy
Y, = diag(fy07,.05,.00,.00,.00,)

andoy,, 0., ando,, arefurther constantstandarddevia-
tions we estimatedy experiments.

For trackinitiation we createa new trackx, andsetit to
thelastball obsenation:

Xr = )A(b: X=X (11)

For predictirg theball stateover time we useasimilar func-
tion asfor playermovements but assumahatthe ball rolls
in a straightline andslows dowvn with deceleratior ,

i + cos(0,) (0 — apt’)t!
Gr + sin(8,) (b, — apt’)t/
K — Fy(%,1) = 0, (12)
D, — apt’
W
Y, «— VEX,VFL + % (t) (13)

wheret’ = min(¢, 9/a,) andX/, (t) is asimilarconstanto-
variancematrixas, (t) to flattenthe Gaussiardistibution
over time. Finally, fusingnew obseratiors to this trackis
analogougo equationg6) and(7).

It shouldbe notedthata Kalmanfilter with this sensor
model producesmore accurateresultswhen fusing obser
vationsfrom differentviewpoint than e.g. a simple av-
eragingmethod. This canbe seenfrom Fig. 3 wherethe
ball estimatesof two players (indicatedby grey circles)
are integrated. Even thoughthereis a large rangeerror,
the Kalmanfilter caneffectively triangulatemeasuremets
from two separateviewpoirts to localize the objectmuch
moreprecisely becausgheangularerroris small.

The Kalmanfilter for ball trackingpresentedin this sec-
tion assumesoisy but reliabledata,thatis, no outliersare
integrated.However, in our systemwe sometime®bsenred
completelywrongball measuremets by one of our robots
dueto reflectionson walls or poorly trainedcolors. One
possibiity to filter out suchoutliersis to usea validatian
gatethat discardsmeasurementsvhose Mahalanobisdis-
tanceis largerthana certainthresholdi, whered is chosen
from a x2 distibution

IROLN

Fig. 3. Kalmanfilter for integratingball obsenations

Sucha validation gate, however, hasthe problemthat
when one robot is constantlysendingout wrong obser
vations and the Kalman filter for somereasonss track-
ing thesewrong obsenationsandfilters out all others,the
globalball positbn becomesinusable Furthermorewhen
therobotstopssendingwrongobsenatiors it takesseveral
cyclesunti otherobsenationsaretakeninto acoountagain.
For thesereasonswve decidedto develop a more sophisti
catedfilter methoddescribedn the next section.

2.3.Mark ov Localization asObservation Filter

In localization experimentscarried out on the mobile
robot Rhino [19], Gutmann,Fox, Burgard and Konolige
found out that Markov localizatian is more robust, while
Kalmanfiltering is more accuratewhencomparedo eac
other[6]. They proposeto usea combinatio of bothmeth-
odsto geta maximumrobustandaccuratesystem.

In this paper we follow the sameidea and shav how
to use a Markov processas an obsenation filter for our
Kalman filter. We use a grid-basedapproachwith a 2-
dimensionalz, y) grid whereead cell = refledstheproba-
bility p(z) thattheballis in this cell. We initialize thisgrid
with a uniform distrikution beforeary obsenation is pro-
cessé. Theintegrationof new ball measurerantsis then
donein two steps:predictionandupdate.

In the predictian step,ball motionis modeledby a con-
ditional probabilty p(z | z”) which denoteghe probabiity
thattheball is at positim z giventhatit wasat positon z .
Uponball motion,thenew ball positonis calculatedas:

p(z) = Y wlz| 2w (14)

Grid-basedMarkov localization can be computatioal
expensve if the size and especiallythe dimensionof the
grid is large. For efficiengy, we only usea 2-dimensioal
grid thatdoesnot storeary headingor velocityinformation
of theball, which meanghatwe cannotaccuratelyestimate
the positon whenthe ball moves. For the motion model
p(z | 2") we assumehatall directionsare equallypossible
andvelocitiesarenormally distibutedwith zeromeanand



covarianceo?. Therefore,p(z | 2’) canbe expressedasa
Gaussiardistritutionaroundz "

p(z 7)) ~ N(Z. diag(opt, o}t)) (15)

wheret is thetime passediuringball motion
In theupdatestep,anew ball obsenationz; is fusedinto
the probabiity distribution acoording to Bayes'law:

p(z | 2)p(2)
> o(o | 2)p(?) (16)

The sensormodelp(z, | z) determineghe likelihood of
observingz, giventhe ball is at positon z. We modelit
accordingo:

p(z) =

plz | 2) ~ N(%,%,) 17)
where 2, arethe (z,y) component®f ball obseration X,
asdefinedin Section2.2andX; is theupperleft 2 x 2 sub
matrix of 33, ascalculatedn equation(10).

Maintainng the multi-modal probabilty grid makesit
very easyto distinguishwhich ball measurerantshouldbe
integratedby the Kalmanfilter andwhich not. After updat-
ingthegridwith anew measuremetwe determinghemost
likely ball position, thatis, the cell with the highestproba-
bility. Only measurementshatarecloseto the mostlikely
positon arefusedinto the Kalmanfilter andall othersare
consideredasoutliers. Furthermorejf the currentstateof
theKalmanfilter doesnot correspondo themostlikely ball
positonin the grid, we re-initialize the Kalmanfilter using
this positon. By usingthis dual probabilstic localization
methodwe achieve high accurag throudh Kalmanfiltering
togethemith highrobustnesshrowgh Markov localization.
Experimentalresultsusingthis techniqueare presentedn
thenext section.

3. Results

Themethodgresentedh the previoussectionhave been
implementecbn our mobile robotsoccerteam (seeFig. 4)
and have beensuccesfully employedsinceour participa-
tion in the RoboCyp 1999 world competition. For our
first participation in 1998we developeda similar but much
simpler approachfor fusing measirementsfrom different
robos[7]. In thisapproachagreedynearest-neighborhdo
methodhandleddataassociationFor computingobjectpo-
sitions, a weightedaveraging of obsenationsfrom the dif-
ferentplayerswas used. In this sectionwe comparethis
simpleaveragingmethodto our new probabilstic approach
from Section2.

In the caseof multi-object tracking, we generallyob-
sened a more consistenworld model for the new track-
ing methodwith a slightly higherruntime dueto themore

Fig. 4. CS Freiturg players. Eachoneis a Pioneer| robot
equippé with SICK LRF, Coghacromevision system,Libretto
notebod, Wavd anwirelessethernetandsemi-professioa kick-
ing device developel by SICKAG. For anoverview, se€[7, 22].

sophisttateddataassociatiormethod. However, the dif-
ferencesn the world modelwere only maiginal which we
attribute to the fact that after solving the correspondence,
themethodsarevery similar.

On the other hand, we got much betterresultsfor our
new single-obgcttrackingalgorithmcomparedo the sim-
ple algorithm. Therefore,our mainfocusin this sectionis
onresultsobtaired by thesingle-olject tracker

3.1.An Ambiguous Situation

We now shawv how the algorithm for trackingsingleob-
jectsperformsin anambiguoussituatian. Fig. 5 displaysa
setupwheretwo robots,Player1 and 3, seethe ball at the
truelocationin front of thegoalbut onerobot,Player2, gets
it all wrongandthinks the ball is somavhereon the center
line.

Fig. 5. Player2 obsevesafalsepositive onthecerter line.

If we assumehatall threeplayerssendtheir ball obser
vationsto theglobalsensoiintegraton moduleon aregular
basiswe gettheprobabiity distributionsasshavnin Fig. 6.

When integrating the first three measuremats, all of
themarefusedby the Kalmanfilter sincenoneof themhas
beendetectedo be anoutlier yet. Notethatafter updating
thegrid with the2ndmeasurementthe probabiity distribu-
tion hasa sharppeakat the centerline causedby the low
uncertainmeasurerantof Player2 which thinkstheball is
close. After integratingmore measurerants,the probabit



after 2nd (wrong) measurement

p(xy) after 1st (correct) measurement p(xy)

Fig. 6. Evolution of the positionprobability grid.

ity distibutionconcentratemoreandmoreonthetrueloca-
tion of theball andfurthermeasurerantsfrom Player2 (left
graphonbottan row in Fig. 6) cannobut-weidh thetruelo-
cationof the ball anymore. Thus, after the first integratin
of obsenationsfrom all players,subsequenteadingsrom
Player2 arefilteredoutandthe Kalmanfilter trackstheball
basedbn obsenationsfrom Playerl and3 only.

3.2.Real GameScenarios

Another example is shawvn in Fig. 7. This situation has
beenrecordedn thefinal gameagainstthe CoPSStuttgart
team[15] during the GermannationalVisionQup competi-
tion heldin October1999.

@Ga_l—[ame
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Fig. 7. Simpleaveragingmethodfor fusingball observations.

Depictedis a situationwheretheball is at thewall close
to Player3, Player3 and5 obsenre theball approximatelyat
theright locationbut Player4 thinkstheball is right in front
of the opponenigoal. The simple averagingmethodcom-
putesa global ball positon somevhere betweenall these
measuremets which is shavn as a white circle in Fig. 7.
It is obvious thatthis global ball positian is unusableand

—if takenseriouslyby Player3 — couldleadto a disadan-
tageoussituationwhere,after Player3 moving towardsthe
global ball positon, the opponeniplayercloseto Player5
couldtakeover ball control.

Using our single-obgct tracking method,the measure-
mentsfrom Player5 arereliably filtered out andthe glohal
ball positin actuallyrepresentshetruelocationof the ball
(seeFig. 8). Takingthis informatia into account Player3
cansafelyapproachheball andclearthe situaton by push-
ing theball towardsthe opporent’s half.

7

Fig. 8. Singleobjecttrackingusingcombinaion of Markov local-
izationandKalmanfiltering.

In a further investigation we examined datafrom the
RoboCyp 2000competitionheld in Melbourne,Australa.
Duringthiscompetition ourrobotsrecordedatotalof about
120,000ball obsenationsin 10 gameswith a total playing
time of morethan2 hours? It turnsoutthatin only about
0.7% of all ball obsenations (about50 secs)our Markov
localizationapproachdetectedan outlier. This low num-
bercanbeexplainedby thefact thatfalseposiive measure-
mentsarerareandsimultaneousbsenationsby 2 or more
robotsdo not occurall thetime. If we compareour dual
approachto onewherea Kalmanfilter aloneintegratesall
measurerantsthenin 72% of thefiltered casegheball po-
sition changedy morethan30 cm. Of courseit is hardto
tell which methodis closerto therealworld asthereis no
groundtruthinformationfrom the games.

3.3.Accuracy

In orderto find outabouttheacauragy of ourmethodsve
conductedsererd experimentsin our laboratory We did
three experimentseachemployirg three robotsobserving
theball: onewhereboth,ball androbots arestaticnary, one
were the ball is stationarybut robotsmove, andonewere
robotsarestationaryandtheball rolls over thefield.

Fig. 9 displaysthe setupfor the stationaryball together
with themeasirementof theindividual robots.Shovn are
the positon of the robotsfor the static situation. For the
experimentwith moving robotswe usedthe samesetupbut
let the robotsrotate at constantspeedor joystickedthem

2Seehttp::/mwwinformatik.uni-freiturg.de/~roboaip for watchinglog
files of CSFreilurg’'s competitiongamesn a Java applet.



Fig. 9. Setupfor determiningaccurag for stationanball: theball
is placedatthecenterof thefield with 3 robotsobseving it. Small
crosss, squaesanddiamondsndicatethe ball meastementsof
theindividual robots.

aroundin the soccerfield. From a total of 2000 measure-
mentswe computedhe meandistanceerrorto thetrueball
positon using the simple averaging methodand our nev
Kalmanfilter approach.

FurthermoreFig. 10 shavsthe setupfor therolling ball
situatbn. The ball was kicked from the lower left corner
to the upperright one. In this experimentwe computedhe
meandistanceerrorto theactualball trajectory

In all of theseexperimentsherewere no unreliableball
measuremats, thus all obsenationswere integratedinto
theKalmanfilter.

Fig. 10. Setupfor determiningaccurag for rolling ball: theball is
kicked from the lower left cornerto the upperright one. Thein-
dividualmeasuremes of 3 robotsaredisplayedoy smallcrosss,
squaesanddiamondgespectiely.

Resultareprintedin Fig. 11. If both,ballandrobos, are
stationarythe Kalmanfilter computesa signficantly better
estimate(10 cm) of the ball positon thanthe simpleaver-
agingone(49cm).

If theball staysstationarybut robos move, theacaurag
of the Kalmanfilter degrades(30 cm) but still staysahead
of the averagingone (46 cm). Onereasonwhy the acau-
ragy degradescomesfrom the fact thatwhenrobotsmove
(e.g. rotate)the ball is not visible to all robotsat all times
anymore, thusthe ball statesometimedss computedfrom
obsenatiors originatingfrom oneor two robotsonly.

Finally, in therolling-ballsituatbn, our Kalmanfilter ap-
proachreportsa meanerrorof 38 cmto thetrueball trajec-
tory whereagheerrorof thesimpleaveragingoneis 48 cm.

In short,our Kalmanfilter methodis amoreaccarateap-
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proachthanthe simpleaveragingonewith amean distance
errorof 10-40cm dependingn the stateof ball androbots.

4. RelatedWork

Ourworkis relatedto tworeseachareas:objecttracking
andmulti-robot systems.

Kluge etal. [11] track multiple moving objectsaround
awheelchairby employinga maximum-flav algorithm for
dataassociation. We use a similar geometricmethodbut
alsoprobabilstically integratethe measuremetsusingmo-
tion andsensomodels.

Schulzetal. [17] useJPDAFs [4] for trackingmultiple
moving targetsaroundheir robotandemployparticlefilters
for achiezing robuststateestimation.However, they report
arunnirg time of 2 scangpersecondwvhichis infeasibleon
our systemwhereeachrobot sendsall of its obsenations
every 100ms.

Multi-robot systemsgainedsignificantattractionin re-
centyears.For all differentaspectof mobilerobotnaviga-
tion, multi-robot solutons have beendevelopedthat make
useof theexchangeof informaton abouttherobot’ beliefs
andtheirintenions[2, 5, 12, 2Q].

Algorithmsfor multi-robotmappinghave beenpresented
in [12, 20] wherethetaskis to map an unknavn erviron-
mentwith multiple robos by simultaneousocalization and
mapping(SLAM). While thisis achallengingesearb area,
currentmethodsarelimited to almoststaticervironments.
In our approachyve takethemuchsimplerassumptiorihat
all robotsknow their posiion at all times,thusthe problem
is reducedo cooperatiely estimatinghe positonsof other
objectsin theworld.

Probably the mostrelatedwork to oursis that of other
teamsin theRoboCyp middlesizeleague.The CMU Ham-
merheadfRkoboCy teamalsousesKalmanfilters for object
stateestimationandreportspromisirg resultson the acau-
ragy of this method[18]. However, they donotapplyamo-
tion modelto the statesthusobsenationshave to be taken
atthesametime. Furthermorethey donotconsidedataas-



sociationandusevalidaton gatesfor detectingputliers.We
usea moresophisttatedoutlier detectionrmethodwhichis
superiorto simplevalidaton gates.

A similarprobabilstic approacho oursis thatof the Ag-
ilo team[16]. They useaniterative optimizationtechnique
for estimatingobjectpositons[9] andemployJPDAFs for
dataassociatiorj16]. However, they do not dealwith out-
liersin theway we do.

5. Conclusion

We developednen methodsfor tracking multiple and
single objectsfrom noisy and unreliablesensordataand
comparedhemto asimpleaveragingmethod.Experiments
resultsshawv thatthe methodsaremorerobustandmoreac-
curatethanthe simple averaging one due to betterproba-
bilistic modelingof motion and sensingof objects,and a
dual sensorintegration approachinvolving Markov local-
ization and Kalman filtering. The accurag of our ball-
tracking approachliies within 10-40cm dependingon the
situatbn of ball androbots.

Ourapproachs very similarto adecentralizedilter with
feedbacko localfilters [3, pp. 371-377. As decentralized
filters can be sub-opimal, it would be interestingto com-
pareour resultsto a centralfilter that readsall sensordata
from ourrobos2 Thisis partof futurework.
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