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Abstract

This work presentsmethodsfor tracking objectsfrom
noisyand unreliable data takenby a teamof robots. We
developa multi-objecttrackingalgorithmbasedonKalman
filtering and a single-object tracking methodinvolving a
combination of Kalmanfiltering and Markov localization
for outlier detection.We apply thesemethodsin thecontext
of robot soccerfor robotsparticipating in the middle-size
leagueand compare themto a simpleaveraging method.
Resultsincluding situations from real competition games
are presented.

1. Intr oduction

Mobile robotsusuallycanonly perceive a limited area
of their environmentat a time. In general,sensorssuchas
laserrangefinders(LRFs), ultrasonicsensorsor cameras
have a limited field of view, so an agentcannotsenseall
objectsaroundhim from onesensorframe. Furthermore,
a robot doesnot know aboutobjectsthat areoccludedby
otherobjects,e.g.by walls in anoffice environment.

Therearetwo waysto overcometheselimitations. For
one,an agentcan keepa history of sensorframes(or in-
terpretations thereof)to reasonaboutpossibleobjectsand
their locationsin the environment. For example, a robot
canmapanenvironmentby maintaininganoccupancy grid
[14] wherethegridcellsrepresentpossibleobjectlocations.
However, if theenvironmentis dynamic,thegrid cellsonly
reflectsnapshotsof situationswhenthedatawasrecorded.

Anotherpossibility is todeploymultiplerobotsin theen-
vironment,eachwith its own sensors,andto communicate
their sensorinformations to a modulefor multi-agentsen-
sor fusion. This approachis especiallyusefulfor dynamic�
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environmentswheremoving objectsarepresentthatcannot
bereliably trackedby a single robot.

This work addressesthesecondclassof methodswhere
multiple agentsgatherdata about their environment, ex-
changethemwith a modulefor multi-agentsensorfusion,
andextendtheir own view of the world with the informa-
tion obtainedfrom the sensorfusion module. We develop
methodsfor twodifferentkindsof scenariosin dynamicen-
vironments. One,wherean unknown numberof multiple
objectshave to be trackedby a groupof robots underthe
assumptionthat the senseddatais noisy but reliable,and
second,thetrackingof a singleobjectby a groupof robots
wheresensorreadingsare noisy andunreliable.1 In both
caseswe assumethateachrobotin theteamknows its own
position with highaccuracy andthatall sensorinformation
is acquiredby on-boardsensorsonly.

We apply thesemethodsto the RoboCup domain[10]
for themiddlesizeleaguewherein ourapproacha teamof
robotsmaintainsa consistentandaccurateworld modelof
teammates,opponentsandtheball. Note,however, thatthe
methodsaregeneralenoughto applyto otherdomains,too,
undertheassumptionsgivenabove.

The paperis organizedas follows. The next section
presentsour approachfor trackingmultiple andsingleob-
jectsby employingKalmanfiltering andMarkov localiza-
tion methods.Resultsusingthis approachare reportedin
Section3. In Section4 wediscussrelatedworkandSection
5 concludes.

2. Multi SensorFusion

Whendevelopingan object trackingmethod,one usu-
ally hasto dealwith trackinitiation, trackupdateincluding
prediction anddataassociation,andtrackdeletion[1, 3, 4].
Thissectiondescribesthestepsin oursystemnecessaryfor
trackingobjectsin theRoboCup environment.

1By reliablewemeanthatthereareusuallynoincorrect measurements,
that is, no false positives, whereasunreliablemeansthat a robot might
senseobjectsthatareactuallynotpresent.



Fig.1 depictsourperceptionmodulewhichis at thecore
of each robot. We refer to [7] for a completedescriptionof
this system.Briefly, a robotfirst localizesitself by match-
ing a scanobtainedby theLRF with ana priori line model
of the RoboCup environment. Experimentsshow that this
localizationtechniqueis very accurate(usually � 2 cm and�	��
 ) andthat it is fasterandmorerobust thancompeting
methods[8].
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Fig. 1. Perceptionmodulerunningoneachrobot.

After estimatingitsownposition, therobotextractsother
playersthat arepresentin the field by discardingall scan
pointsbelongingto field wallsandclusteringtheremaining
ones. For each clusterthe centerof gravity is assumedto
correspondto the centerof anotherrobot. Inherentin this
approachis the systematicerror dueto the differentrobot
shapes.However, it can be notedthat measurementsare
usuallyreliable(no falsepositives).

Sinceour lasersaremountedat a level thatprohibits the
detectionof the ball, we usea camerafor obtaining infor-
mationaboutwherethe ball is. Unfortunatelyour vision
systemhasa limited qualityandcolorsaredifficult to train.
Thus,ball observationsarenoisyandunreliable.

All playerssendtheir own position, the position of ob-
servedotherplayersandtheposition of theball (if detected)
to aglobalsensorintegrationunitwhichin ourcaserunson
a centralcomputeroutside thesoccerfield. Herethemea-
surementsarefusedin thefollowing way.

For aplayer’sown position,nofurtheractionshave to be
carriedout sincethe robots alreadydeterminedtheir own
position with high accuracy. However, for eachplayer a
trackis initiatedfor fusingplayerobservationscomingfrom
its teammates.

For eachplayerdetectedby a robot,a new track is ini-
tiated or, if the player can be associatedwith an already
existing track, it is fusedwith this track. We usea geo-
metricmethodfor dataassociationandKalmanfiltering for
datafusion. Trackscontaining measurementsfrom anown
playeraremarkedasteammate, all othersasopponent.

The ball position is determinedby a probabilistic inte-
grationof all ball measurementscomingfrom the players.

We usea combinationof Kalmanfiltering andMarkov lo-
calizationfor achievingmaximumaccuracy androbustness.

If no measurementscanbeassociatedwith a track for a
certainamountof time (e.g.5 secsin our implementation),
thetrackis deleted.

The fusedpositions of playersandball aresentbackto
all robotson a regularbasiswherethey are integratedinto
eachrobot’s world model. This enablesa playerto extend
its own view with objectsit doesnotcurrentlyperceive and
alsotoknow aboutwhichplayeris friendor foe. As aresult,
our playershave a much greaterknowledgeof the world
thanwhenusinglocalperceptiononly. Especiallyknowing
wheretheball is, appearstobeusefulin almostall situations
andwe usethe sharingof this information for developing
sophisticatedskills [22].

2.1.Multi-Object Tracking fr om ReliableData

Consider thetrackingof ana priori unknown numberof
objectsby a teamof robotsunderthe assumptionthat the
measurementsarereliablebut mightbecorruptedby Gaus-
siannoise. This scenario occursin the RoboCup environ-
mentwhenplayersextractedfrom therobot’s rangefinders
arefusedin theglobalsensorintegrationmodule.

Eachof our robotsdetectsotherplayersin thefield from
datarecordedby the LRF andcomputesheadingandve-
locity informationbasedon the last few observations be-
longing to this playerusingdifferentiation.Position, head-
ing andvelocity of eachobjectare thencommunicatedto
themulti-sensorintegrationmodule.Thus,theobservation
modelis a randomvariablex��
��������������������������� !��"$# with
mean %x� andcovariance & � where �'� � ��� � " is theposition,�(� theheadingand�)� and !� arethetranslational androta-
tionalvelocitiesof theobjectrespectively.

As our robotsknow their own position with high accu-
racy and the LRF providesaccuratedata,we assumethat
for playerobservations &*� is a constantdiagonalmatrix

&+�,
 -�.�/�01��2�3465 ��273895 ��2)3: 5 ��2)3;95 ��273<75 " (1)

where -�.�/�01��=�=�=>" is a squarematrix with its diagonalele-
mentssetto thegivenargumentsandall otherelementsset
to 0, and 2 4�5 , 2 8�5 , 2 : 5 , 2 ;�5 and 2 : 5 areconstantstandard
deviations for position, headingandvelocity which we de-
terminedthrough experiments.

Whenever a robotsendsinformation abouta playerfor
whichnoalreadyexistingtrackcanbefound,i.e. if thedis-
tancetoall existingtracksexceedsacertainthreshold,anew
trackis initiated.TracksaremodeledasGaussianvariables
x ? with mean %x ? andcovariance&@? . Thus,wheninitiating
a new track,it is setto

%x? 
A%x � � & ? 
A& � (2)

For predicting thestateof atrackovertime,weuseasimple
motionmodelwherewe assumethat theobjectmovesand



rotateswith constantspeed.Givena certaintime interval B ,
thetrackis projectedaccordingto

%x ?DC EF� �G%x ? ��B9"H

%�I?KJML�N�O�� %��?6" %��?GB%� ? JPORQ>S@� %� ? " %� ? B%� ? J % ? B%��?% !?

(3)

& ?DC TUEI� & ?VTUE #� JW&HX��'B9" (4)

whereTUE � is theJacobianof E � and & X �'B9" is thecovariance
of someadditive Gaussiannoisewith zeromean:

& X �'B9"Y
 -�.�/�01��2 34�Z B���2 38�Z B���2 3: Z B���2 3;9Z B���2 3<)Z B9" (5)

with 2 4 Z , 2 8 Z , 2 : Z , 2 ; Z and 2 < Z beingsomeconstantstan-
darddeviations whichwe estimatedthrough experiments.

Now, whena new measurement %x � arrivesfrom oneof
our robotswhich correspondsto a trackx ? , we fuseobser-
vationandtrackaccordingto:

%x?DC �G&K[F\? J]&*[I\� "�[I\��G&^[F\? %x? J_&*[I\� %x � " (6)&+? C �G&K[F\? J]&*[I\� "�[I\ (7)

Note,thatsinceour sensormodeldoesdirectlyobserve the
systemstate, we can utilize the simplified Kalman filter
equationsfoundin Maybeck[13].

Thesuccessof aKalmanfilter dependsonareliabledata
associationmethod. A greedymethodfor finding a corre-
spondencepartnerfor eachplayerobservedby ourrobotsis
to searchthe globalworld model for the track whosepre-
dictedmeanis closestto theobservation.However, suchan
approachdoesnotalwaysyield optimalresults.Sinceplay-
ersareextractedfrom a rangescanandsentto the sensor
integration moduleall at once,onecando betterby simul-
taneouslymatchingall playersobservedby a robot.

Fig. 2 illustratesthis. On the left, two observedplayers` \ and ` 3 arematchedoneafteranotherto thetracksa \ anda 3 in the globalworld modelusingthe greedymethod. If
we assumethatmultiple assignmentsof playersto a track
are not allowed then, after matching ` \ to a 3 , the second
observation ` 3 eitherhasto bematchedto track a \ produc-
ing a large error or, if this distanceexceedsthe threshold
for objectassignment,a new trackis initiated.On theother
hand,anoptimal solution is possibleasshown on theright
sideof Fig. 2 where ` \ and ` 3 aresimultaneouslyassigned
to a \ and a 3 respectively.

In our implementationwe usea geometricmethodde-
velopedby Velosoet al. [21] that assignsmeasurements
to tracksby minimizing thesumof squarederrordistances
betweenobservationsandtracks. To be moreprecise,we
searchfor a setof pairs � `(b ��a b " whereobservation `�b is as-
signedto track a b , andwherethesumof squareddistancesc

bed \
-�. ` B9� ` b ��a b "f3 (8)

r1 s1

r2 s2
r2 s2

s1r1

(a) (b)
Fig. 2. Solving the correspondenceproblem. Greedymethod(a)
andoptimalsolution(b).

is minimal. This is doneby first computinga distancetable
of all � ` b ��a b " pairs. This tableis thensearched for a com-
binationwhereno two observations correspondto thesame
track,thenumberof assignmentsis maximal,andwhere(8)
is minimized.

This is the weightedmatching problem which could be
solved using an algorithm with polynomial time. How-
ever, in practice, it turns out that a simple generateand
test methodwith a straight-forward heuristicscan be ap-
plied. Thereasonis thatonly a few differentpairsarepos-
siblewhenadistancethresholdfor objectassignmentis em-
ployed. In our experimentsandin realgamesituations we
observed usuallyno more than 4 or 5 possiblecombina-
tions.

Although this geometricmethodalreadyyields reason-
ableresultsin practice,wewantto notethattheapplication
of aprobabilisticmethodsuchasjoint probabilistic dataas-
sociationfilters (JPDAF) [1, 4, 17] might still improve our
results.

2.2.Single-ObjectTracking fr om NoisyData

Often the taskis not to trackmultiple objectsbut a sin-
gle object where observationsare both noisy and unreli-
able. Considerthe caseof keepingtrack of the ball in the
RoboCup scenario. Therecanonly be oneball in thefield
duringagame.However, sincefor ball recognitiononeusu-
ally employsvision,accuracy androbustnessarein general
low comparedto LRFs which – in our case– aremounted
above a heightwherethey candetecttheball.

Againweusea Kalmanfilter asdescribedin Section2.1
for accuratelytrackingthe ball. Eachof our agentsregu-
larly sendsball observations to theglobalsensorintegration
module. However, the vision sensoris only able to deter-
mine the headingto the ball with goodaccuracy but fails
to provide accuraterangedata,especiallyif the ball is far
away from the robot. For a ball observation %x g we cannot
assumea constantcovariance& g dueto thischaracteristics.

Given the range %ahgi
 � %�Fg!j %��?RkGg�" 3 JW� %�hg!j %�h?GkRg�" 3
andheading %l g 
nmGo�S [F\ � %� g j %� ?RkGg "�p6� %� g j %� ?GkGg " of theball
with respectto therobotlocatedatposition � %�q?GkGg�� %��?GkRg�" , we
modeltheuncertainty&*?Gr of theball position as

&+?Rr 
 -�.�/�0s� %a�g�2�3?�t ��2)3r�t " (9)



where 2�?�t and 2�r�t aresomeconstantstandarddeviations
we empiricallydetermined.Fromthis,we cancomputethe
observationerroras

&+g,
 Tvu &!w TUu # (10)

where

u � %a6g�� %l g�� %�(g�� %��g�� % xg�"y

%�F?RkGg+J %a�g�L�N�O�� %�(gxJ %l g�"%�h?RkGgxJ %a�g)ORQ>S@� %��gzJ %l g�"%�(g%��g% g

&+w 
 -�.�/�01� %a�g�2�3?�t ��2)3r�t ��2)3: t ��2)3; t ��273< t "
and 2 : t , 2 ; t and 2 < t are further constantstandarddevia-
tions we estimatedby experiments.

For trackinitiationwe createa new trackx ? andsetit to
thelastball observation:

%x? 
A%x g � & ? 
A& g (11)

For predicting theball stateover timeweuseasimilar func-
tion asfor playermovementsbut assumethattheball rolls
in a straightline andslowsdown with deceleration/ g ,

%x ?_C{EFg ��%x ? ��B9"H

%� ? JPL�N�O�� %� ? "G� %� ? j]/ g B�|}"'B�|%� ? JMORQ>S@� %� ? "G� %� ? j~/ g B�|�"�B�|%� ?%�h?�j~/�g�B�|% !?

(12)

&+? C�TUE g�&+? TUE #g J_& | X ��B9" (13)

whereB�|I
n��Q>S��'B�� %��p�/hg�" and &I|X �'B9" is asimilarconstantco-
variancematrixas &HX���B9" to flattentheGaussiandistribution
over time. Finally, fusingnew observations to this track is
analogousto equations(6) and(7).

It shouldbe notedthat a Kalmanfilter with this sensor
modelproducesmoreaccurateresultswhen fusing obser-
vationsfrom different viewpoints than e.g. a simple av-
eragingmethod. This canbe seenfrom Fig. 3 wherethe
ball estimatesof two players (indicatedby grey circles)
are integrated. Even thoughthere is a large rangeerror,
theKalmanfilter caneffectively triangulatemeasurements
from two separateviewpoints to localize the objectmuch
moreprecisely, becausetheangularerroris small.

TheKalmanfilter for ball trackingpresentedin thissec-
tion assumesnoisybut reliabledata,that is, no outliersare
integrated.However, in oursystemwesometimesobserved
completelywrongball measurementsby oneof our robots
due to reflectionson walls or poorly trainedcolors. One
possibility to filter out suchoutliers is to usea validation
gatethat discardsmeasurementswhoseMahalanobisdis-
tanceis largerthana certainthreshold- , where - is chosen
from a � 3 distribution.

Fig. 3. Kalmanfilter for integratingball observations.

Sucha validation gate,however, hasthe problemthat
when one robot is constantlysendingout wrong obser-
vationsand the Kalman filter for somereasonsis track-
ing thesewrongobservationsandfilters out all others,the
globalball position becomesunusable.Furthermore,when
therobotstopssendingwrongobservations it takesseveral
cyclesuntil otherobservationsaretakenintoaccountagain.
For thesereasonswe decidedto develop a moresophisti-
catedfilter methoddescribedin thenext section.

2.3.Mark ov Localization asObservation Filter

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

In this paper, we follow the sameidea and show how
to use a Markov processas an observation filter for our
Kalman filter. We use a grid-basedapproachwith a 2-
dimensional�'�H����" gridwhereeachcell � reflectstheproba-
bility ������" thattheball is in thiscell. We initialize thisgrid
with a uniform distribution beforeany observation is pro-
cessed. The integrationof new ball measurementsis then
donein two steps:predictionandupdate.

In theprediction step,ball motionis modeledby a con-
ditionalprobability �1���v���7|�" which denotestheprobability
thattheball is at position � giventhat it wasat position �@| .
Uponball motion,thenew ball position is calculatedas:

�1����" C ��� �1������� | "��1��� | " (14)

Grid-basedMarkov localizationcan be computational
expensive if the size and especiallythe dimensionof the
grid is large. For efficiency, we only usea 2-dimensional
grid thatdoesnotstoreany headingor velocity information
of theball,whichmeansthatwecannotaccuratelyestimate
the position when the ball moves. For the motion model�1��������|}" we assumethatall directionsareequallypossible
andvelocitiesarenormallydistributedwith zeromeanand



covariance2 3; . Therefore,�1���P�H� | " canbe expressedasa
Gaussiandistributionaround�)| :

�1������� | "�� ����� | ��-�.�/�01��2)3; B���2)3; B9"G" (15)

whereB is thetimepassedduringball motion.
In theupdatestep,anew ball observation ��g is fusedinto

theprobability distribution according to Bayes’law:

�1����" C ������g^����"'�1����"� � �1���(gK��� | "'�1��� | " (16)

The sensormodel �1��� g ����" determinesthe likelihood of
observing��g given the ball is at position � . We model it
accordingto:

�1��� g ����"Y� ��� %� g �9& | g " (17)

where %�(g arethe �'�@����" componentsof ball observation %x g
asdefinedin Section2.2and &H|g is theupperleft ����� sub
matrixof &zg ascalculatedin equation(10).

Maintaining the multi-modal probability grid makesit
very easyto distinguishwhich ball measurementshouldbe
integratedby theKalmanfilter andwhichnot. After updat-
ingthegridwith anew measurementwedeterminethemost
likely ball position, that is, thecell with thehighestproba-
bility. Only measurementsthatarecloseto themostlikely
position arefusedinto the Kalmanfilter andall othersare
consideredasoutliers. Furthermore,if the currentstateof
theKalmanfilter doesnotcorrespondto themostlikely ball
position in thegrid, we re-initialize theKalmanfilter using
this position. By usingthis dual probabilistic localization
methodwe achieve highaccuracy through Kalmanfiltering
togetherwith highrobustnessthroughMarkov localization.
Experimentalresultsusingthis techniquearepresentedin
thenext section.

3. Results

Themethodspresentedin theprevioussectionhavebeen
implementedon our mobile robotsoccerteam(seeFig. 4)
andhave beensuccessfully employedsinceour participa-
tion in the RoboCup 1999 world competition. For our
first participation in 1998we developeda similar but much
simplerapproachfor fusing measurementsfrom different
robots [7]. In thisapproach,agreedynearest-neighborhood
methodhandleddataassociation.For computingobjectpo-
sitions,a weightedaveraging of observationsfrom thedif-
ferentplayerswasused. In this sectionwe comparethis
simpleaveragingmethodto ournew probabilisticapproach
from Section2.

In the caseof multi-object tracking, we generallyob-
served a more consistentworld model for the new track-
ing methodwith a slightly higherrun time dueto themore

Fig. 4. CS Freiburg players. Each one is a Pioneer I robot
equipped with SICK LRF, Cognachromevision system,Libretto
notebook, WaveLanwirelessethernet,andsemi-professional kick-
ing devicedeveloped by SICKAG. For anoverview, see[7, 22].

sophisticateddataassociationmethod. However, the dif-
ferencesin theworld modelwereonly marginal which we
attribute to the fact that after solving the correspondence,
themethodsarevery similar.

On the otherhand,we got much betterresultsfor our
new single-object trackingalgorithmcomparedto thesim-
ple algorithm. Therefore,our main focusin this sectionis
onresultsobtainedby thesingle-object tracker.

3.1.An AmbiguousSituation

We now show how thealgorithm for trackingsingleob-
jectsperformsin anambiguoussituation. Fig. 5 displaysa
setupwheretwo robots,Player1 and3, seethe ball at the
truelocationin frontof thegoalbutonerobot,Player2,gets
it all wrongandthinks theball is somewhereon thecenter
line.

Fig. 5. Player2 observesa falsepositiveon thecenter line.

If we assumethatall threeplayerssendtheirball obser-
vationsto theglobalsensorintegrationmoduleonaregular
basis,wegettheprobability distributionsasshownin Fig.6.

When integrating the first three measurements, all of
themarefusedby theKalmanfilter sincenoneof themhas
beendetectedto beanoutlier yet. Notethatafterupdating
thegridwith the2ndmeasurement,theprobability distribu-
tion hasa sharppeakat the centerline causedby the low
uncertainmeasurementof Player2 which thinks theball is
close. After integratingmoremeasurements,the probabil-
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Fig. 6. Evolutionof thepositionprobabilitygrid.

ity distributionconcentratesmoreandmoreonthetrueloca-
tionof theball andfurthermeasurementsfromPlayer2 (left
graphonbottom row in Fig.6) cannotout-weigh thetruelo-
cationof theball anymore. Thus,after thefirst integration
of observationsfrom all players,subsequentreadingsfrom
Player2 arefilteredoutandtheKalmanfilter trackstheball
basedonobservationsfrom Player1 and3 only.

3.2.RealGameScenarios

Another example is shown in Fig. 7. This situation has
beenrecordedin thefinal gameagainsttheCoPSStuttgart
team[15] during theGermannationalVisionCup competi-
tion heldin October1999.

Fig. 7. Simpleaveragingmethodfor fusingball observations.

Depictedis a situationwheretheball is at thewall close
toPlayer3,Player3and5observetheball approximatelyat
theright locationbutPlayer4 thinkstheball is right in front
of the opponentgoal. The simpleaveragingmethodcom-
putesa global ball position somewherebetweenall these
measurements which is shown asa white circle in Fig. 7.
It is obvious that this global ball position is unusableand

– if takenseriouslyby Player3 – couldleadto a disadvan-
tageoussituationwhere,afterPlayer3 moving towardsthe
globalball position, the opponentplayercloseto Player5
couldtakeover ball control.

Using our single-object trackingmethod,the measure-
mentsfrom Player5 arereliablyfilteredout andtheglobal
ball position actuallyrepresentsthetruelocationof theball
(seeFig. 8). Takingthis information into account, Player3
cansafelyapproachtheball andclearthesituationby push-
ing theball towardstheopponent’shalf.

Fig. 8. Singleobjecttrackingusingcombination of Markov local-
izationandKalmanfiltering.

In a further investigation, we examined data from the
RoboCup 2000competitionheld in Melbourne,Australia.
Duringthiscompetition, ourrobotsrecordedatotalof about
120,000ball observationsin 10 gameswith a total playing
time of morethan2 hours.2 It turnsout that in only about
0.7% of all ball observations (about50 secs)our Markov
localizationapproachdetectedan outlier. This low num-
bercanbeexplainedby thefact thatfalsepositivemeasure-
mentsarerareandsimultaneousobservationsby 2 or more
robotsdo not occurall the time. If we compareour dual
approachto onewherea Kalmanfilter aloneintegratesall
measurementsthenin 72%of thefilteredcasestheball po-
sition changesby morethan30 cm. Of courseit is hardto
tell which methodis closerto thereal world asthereis no
groundtruth informationfrom thegames.

3.3.Accuracy

In ordertofindoutabouttheaccuracy of ourmethodswe
conductedseveral experimentsin our laboratory. We did
threeexperimentseachemploying threerobotsobserving
theball: onewhereboth,ball androbots,arestationary, one
were the ball is stationarybut robotsmove, andonewere
robotsarestationaryandtheball rolls over thefield.

Fig. 9 displaysthesetupfor thestationaryball together
with themeasurementsof theindividual robots.Shown are
the position of the robotsfor the static situation. For the
experimentwith moving robotswe usedthesamesetupbut
let the robotsrotateat constantspeedor joystickedthem

2Seehttp::/www.informatik.uni-freiburg.de/� robocupfor watchinglog
files of CSFreiburg’s competitiongamesin aJavaapplet.



Ball

Fig. 9. Setupfor determiningaccuracy for stationaryball: theball
is placedatthecenterof thefield with 3 robotsobserving it. Small
crosses, squaresanddiamondsindicatetheball measurementsof
theindividual robots.

aroundin the soccerfield. From a total of 2000measure-
mentswe computedthemeandistanceerrorto thetrueball
position using the simpleaveragingmethodand our new
Kalmanfilter approach.

Furthermore,Fig. 10shows thesetupfor therolling ball
situation. The ball waskicked from the lower left corner
to theupperright one. In thisexperimentwe computedthe
meandistanceerrorto theactualball trajectory.

In all of theseexperimentstherewerenounreliableball
measurements, thus all observationswere integratedinto
theKalmanfilter.

Fig. 10.Setupfor determiningaccuracy for rolling ball: theball is
kicked from the lower left cornerto theupperright one. The in-
dividualmeasurementsof 3 robotsaredisplayedby smallcrosses,
squaresanddiamondsrespectively.

Resultsareprintedin Fig.11. If both,ball androbots,are
stationary, theKalmanfilter computesa significantly better
estimate(10 cm) of the ball position thanthe simpleaver-
agingone(49cm).

If theball staysstationarybut robots move, theaccuracy
of the Kalmanfilter degrades(30 cm) but still staysahead
of the averagingone (46 cm). One reasonwhy the accu-
racy degradescomesfrom the fact that whenrobotsmove
(e.g. rotate)the ball is not visible to all robotsat all times
anymore, thusthe ball statesometimesis computedfrom
observations originatingfrom oneor two robotsonly.

Finally, in therolling-ballsituation,ourKalmanfilter ap-
proachreportsa meanerrorof 38cm to thetrueball trajec-
torywhereastheerrorof thesimpleaveragingoneis 48cm.

In short,ourKalmanfilter methodis amoreaccurateap-
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Fig. 11. Meanerror obtainedusingthe simpleaveragingmethod
andour Kalmanfilter approach. Error barsindicatethe95%con-
fidence interval of themean.

proachthanthesimpleaveragingonewith a mean distance
errorof 10-40cm dependingon thestateof ball androbots.

4. RelatedWork

Ourwork is relatedtotworesearchareas:objecttracking
andmulti-robotsystems.

Kluge et al. [11] track multiple moving objectsaround
a wheelchairby employinga maximum-flow algorithm for
dataassociation.We usea similar geometricmethodbut
alsoprobabilistically integratethemeasurementsusingmo-
tion andsensormodels.

Schulzet al. [17] useJPDAFs [4] for trackingmultiple
movingtargetsaroundtheirrobotandemployparticlefilters
for achieving robuststateestimation.However, they report
a running timeof 2 scanspersecondwhich is infeasibleon
our systemwhereeachrobot sendsall of its observations
every 100ms.

Multi-robot systemsgainedsignificantattractionin re-
centyears.For all differentaspectsof mobilerobotnaviga-
tion, multi-robot solutions have beendevelopedthat make
useof theexchangeof informationabouttherobots’ beliefs
andtheir intentions[2, 5, 12, 20].

Algorithmsfor multi-robotmappinghavebeenpresented
in [12, 20] wherethe task is to mapan unknown environ-
mentwith multiple robots by simultaneouslocalization and
mapping(SLAM). While thisisachallengingresearcharea,
currentmethodsarelimited to almoststaticenvironments.
In ourapproach,we takethemuchsimplerassumptionthat
all robotsknow theirposition at all times,thustheproblem
is reducedtocooperatively estimatingthepositionsof other
objectsin theworld.

Probably, the most relatedwork to oursis that of other
teamsin theRoboCup middlesizeleague.TheCMU Ham-
merheadsRoboCup teamalsousesKalmanfiltersfor object
stateestimationandreportspromising resultson theaccu-
racy of this method[18]. However, they donotapplyamo-
tion modelto thestates,thusobservationshave to betaken
at thesametime. Furthermore,they donotconsiderdataas-



sociationandusevalidationgatesfor detectingoutliers.We
usea moresophisticatedoutlier detectionmethodwhich is
superiorto simplevalidationgates.

A similarprobabilisticapproachtooursis thatof theAg-
ilo team[16]. They usean iterative optimizationtechnique
for estimatingobjectpositions[9] andemployJPDAFs for
dataassociation[16]. However, they do not dealwith out-
liers in theway wedo.

5. Conclusion

We developednew methodsfor tracking multiple and
single objectsfrom noisy and unreliablesensordataand
comparedthemto asimpleaveragingmethod.Experiments
resultsshow thatthemethodsaremorerobustandmoreac-
curatethanthe simpleaveraging onedue to betterproba-
bilistic modelingof motion andsensingof objects,anda
dual sensorintegration approachinvolving Markov local-
ization and Kalman filtering. The accuracy of our ball-
trackingapproachlies within 10-40cm dependingon the
situationof ball androbots.

Ourapproachisverysimilartoadecentralizedfilter with
feedbackto local filters [3, pp. 371-377]. As decentralized
filters canbe sub-optimal, it would be interestingto com-
pareour resultsto a centralfilter that readsall sensordata
from our robots.3 This is partof futurework.
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