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Abstract. Globalvisionsystemsasfoundin thesmallsizeleagueareprohibited
in themiddlesizeleague.This paperpresentsmethodsfor creatingaglobalview
of the world by cooperative sensingof a teamof robots.We develop a multi-
objecttrackingalgorithmbasedon Kalmanfiltering anda single-objecttracking
methodinvolving a combinationof Kalmanfiltering andMarkov localizationfor
outlier detection.We applythesemethodsfor robotsparticipatingin themiddle-
sizeleagueandcomparethemto a simpleaveragingmethod.Resultsincluding
situationsfrom realcompetitiongamesarepresented.

1 Introduction

Mobile robotsusuallycanonly perceive a limited areaof their environmentat a time.
In general,sensorssuchas laserrangefinders(LRFs),ultrasonicsensorsor cameras
have a limited field of view, soanagentcannotsenseall objectsaroundhim from one
sensorframe.Furthermore,a robot doesnot know aboutobjectsthatareoccludedby
otherobjects,e.g.by walls in anofficeenvironment.

Thereare two ways to overcometheselimitations. For one,an agentcankeepa
history of sensorframes(or interpretationsthereof)to reasonaboutpossibleobjects
andtheir locationsin theenvironment.For example,a robotcanmapanenvironment
by maintainingan occupancy grid [9] wherethe grid cells representpossibleobject
locations.However, if theenvironmentis dynamic,thegrid cellsonly reflectsnapshots
of situationswhenthedatawasrecorded.

Anotherpossibility is to deploymultiple robotsin the environment,eachwith its
own sensors,andto communicatetheirsensorinformationsto amodulefor multi-agent
sensorfusion.Thisapproachis especiallyusefulfor dynamicenvironmentswheremov-
ing objectsarepresentthatcannotbereliably trackedby a singlerobot.

This work addressesthe secondclassof methods.We develop methodsfor two
differentkindsof scenariosin dynamicenvironments.One,whereanunknown number
of multipleobjectshaveto betrackedby agroupof robotsundertheassumptionthatthe
senseddatais noisybut reliable,andsecond,thetrackingof a singleobjectby a group
of robotswheresensorreadingsarenoisyandunreliable.1 In bothcasesweassumethat�
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1 By reliablewemeanthatthereareusuallynoincorrectmeasurements,thatis,nofalsepositives,
whereasunreliablemeansthatarobotmightsenseobjectsthatareactuallynotpresent.



eachrobot in the teamknows its own positionwith high accuracy andthat all sensor
informationis acquiredby on-boardsensorsonly.

Weapplythesemethodsto theworld of RoboCupfor themiddlesizeleaguewhere
in our approacha teamof robotsmaintainsa consistentandaccurateworld modelof
teammates,opponentsandtheball.Note,however, thatthemethodsaregeneralenough
to applyto otherdomains,too,undertheassumptionsgivenabove.

2 Multi Sensor Fusion in the RoboCup Environment

Whendeveloping an object trackingmethod,oneusually hasto dealwith track ini-
tiation, track updateincluding predictionanddataassociation,and track deletion[1,
2]. This sectiondescribesthestepsin our systemnecessaryfor trackingobjectsin the
RoboCupenvironment.

Eachrobot first localizesitself by matchinga scanfrom theLRF with an a priori
line modelof thesoccerfield. Experimentsshow thatthis localizationtechniqueis very
accurate(usually � 2 cmand �	��
 ) andthatit is fasterandmorerobustthancompeting
methods[5].

After estimatingits own position,the robot extractsotherplayersthat arepresent
in the field by discardingall scanpoints belongingto field walls andclusteringthe
remainingones.For eachclusterthecenterof gravity is assumedto correspondto the
centerof anotherrobot. Inherentin this approachis the systematicerror due to the
differentrobotshapes.However, it canbenotedthatmeasurementsareusuallyreliable
(no falsepositives).

Sinceour lasersaremountedat a level thatprohibitsthedetectionof theball, we
useacamerafor obtaininginformationaboutwheretheball is.Unfortunatelyourvision
systemhasa limited qualityandcolorsaredifficult to train.Thus,ball observationsare
noisy andunreliable,e.g.we hadproblemswith white field markingsbecausewhen
trainingtheball color, shiny reflectionson theball appearedto have a similarcolor.

All playerssendtheir own position,thepositionof observedotherplayersandthe
positionof the ball (if detected)to a global sensorintegrationunit which in our case
runsonacentralcomputeroutsidethesoccerfield. Herethemeasurementsarefusedin
thefollowing way.

For aplayer’sown position,nofurtheractionshaveto becarriedoutsincetherobots
alreadydeterminedtheir own positionwith high accuracy. However, for eachplayera
trackis initiatedfor fusingplayerobservationscomingfrom its teammates.

For eachplayerdetectedby a robot,a new track is initiatedor, if theplayercanbe
associatedwith analreadyexisting track,it is fusedwith this track.Weuseageometric
methodfor dataassociationand Kalman filtering for datafusion. Trackscontaining
measurementsfrom anown playeraremarkedasteammate, all othersasopponent.

The ball position is determinedby a probabilisticintegrationof all ball measure-
mentscoming from the players.Herewe usea combinationof Kalmanfiltering and
Markov localizationfor achieving maximumaccuracy androbustness.

If nomeasurementscanbeassociatedwith a trackfor acertainamountof time (e.g.
5 secsin our implementation),thetrackis deleted.

Thefusedpositionsof playersandball aresentbackto all robotson aregularbasis
wherethey areintegratedinto eachrobot’sworld model.Thisenablesaplayerto extend
its own view with objectsit doesnot currentlyperceive andalsoto know aboutwhich
playeris friend or foe. As a result,our playershave a muchgreaterknowledgeof the



world than when using local perceptiononly. Especiallyknowing wherethe ball is,
appearsto beusefulin almostall situationsandwe usethesharingof this information
for developingsophisticatedskills [14].

Detailsaboutourprobabilisticsensorfusionmethodsfor trackingmultipleandsin-
gleobjectsaredescribedin thenext section.

2.1 Multi-Object Tracking from Reliable Data

Considerthetrackingof ana priori unknown numberof objectsby ateamof robotsun-
dertheassumptionthatthemeasurementsarereliablebut might becorruptedby Gaus-
siannoise.This scenariooccursin theRoboCupenvironmentwhenplayersextracted
from therobot’s rangefindersarefusedin theglobalsensorintegrationmodule.

Eachof our robotsdetectsotherplayersin thefield from datarecordedby theLRF
andcomputesheadingandvelocity informationbasedon thelast few observationsbe-
longingto thisplayerusingdifferentiation.Position,headingandvelocityof eachobject
arethencommunicatedto the multi-sensorintegrationmodule.Thus,the observation
modelis a randomvariablex ��
�������������������������������� � with mean !x � andcovariance"#�
where ��� � ��� � � is the position, � � the headingand � � and � � arethe translationaland
rotationalvelocitiesof theobjectrespectively.

As our robotsknow their own positionwith high accuracy andthe LRF provides
accuratedata,weassumethatfor playerobservations," � is aconstantdiagonalmatrix" � 
%$'&�(�)*�,+*-.0/ ��+*-1�/ ��+*-2 / ��+*-3�/ ��+*-4�/ � (1)

where $'&�(�)*�65�5�5 � is a squarematrix with its diagonalelementsset to the given argu-
mentsandall otherelementssetto 0, and + .7/ , + 1�/ , + 2 / , + 3�/ and + 2 / areconstantstan-
darddeviationsfor position,headingandvelocitywhichwe manuallyadjustedthrough
experiments.

Whenever a robot sendsinformationabouta playerfor which no alreadyexisting
trackcanbefound,i.e. if thedistanceto all existing tracksexceedsa certainthreshold,
anew trackis initiated.TracksaremodeledasGaussianvariablesx 8 with mean !x 8 and
covariance" 8 . Thus,wheninitiating a new track,it is setto!x 89
:!x � �;"<89
=" � (2)

For predictingthestateof a trackover time, we usea simplemotionmodelwherewe
assumethat the object moves and rotateswith constantspeed.Given a certaintime
interval > , thetrackis projectedaccordingto

!x 8#?A@ ����!x 8 �B>��C
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whereWX@ � is theJacobianof @ � and " Y �O>�� is thecovarianceof someadditiveGaussian
noisewith zeromean:"#Y'�O>���
=$'&,(Z)*�,+*-.Q[ >���+*-1K[ >���+*-2 [ >���+*-3\[ >���+*-4][ >�� (5)



with + . [ , + 1 [ , + 2 [ , + 3 [ and + 4 [ beingsomeconstantstandarddeviationswhich we
estimatedthroughexperiments.

Now, whenanew measurement!x � arrivesfromoneof ourrobotswhichcorresponds
to a trackx 8 , we fuseobservationandtrackaccordingto:!x 8#? �,"_^a`8 G "_^a`� �\^a`���"X^b`8 !x 8RG "X^b`� !x ��� (6)" 8c? �,"_^a`8 G "_^a`� �\^a` (7)

Note,thatsinceoursensormodeldoesdirectlyobserve thesystemstate,we canutilize
thesimplifiedKalmanfilter equationsfoundin Maybeck[8].

The successof a Kalmanfilter dependson a reliabledataassociationmethod.In
our implementationwe useageometricmethodthatassignsmeasurementsto tracksby
minimizing the sumof squarederror distancesbetweenobservationsandtracks[13].
Although this alreadyyields reasonableresultsin practice,we want to note that the
applicationof a probabilisticmethodsuchasjoint probabilisticdataassociationfilters
(JPDAF) [2, 11] mightstill improve our results.

2.2 Single-Object Tracking from Noisy Data

Oftenthetaskis not to trackmultipleobjectsbut asingleobjectwhereobservationsare
bothnoisyandunreliable.Considerthecaseof keepingtrackof theball in theRoboCup
scenario.Therecanonly beoneball in thefield duringa game.However, sincefor ball
recognitionone usually employsvision, accuracy and robustnessare in generallow
comparedto LRFs which – in our case– aremountedabove a heightwherethey can
detecttheball.

Againwe useaKalmanfilter asdescribedin section2.1for accuratelytrackingthe
ball.Eachof ouragentsregularlysendsball observationsto theglobalsensorintegration
module.However, thevisionsensorisonly abletodeterminetheheadingto theball with
goodaccuracy but fails to provideaccuraterangedata,especiallyif theball is far away
from therobot.For a ball observation !xd we cannotassumea constantcovariance"<d
dueto thischaracteristics.

Giventherange !e dR
:f � !�gdCh !�g8�iBdK� - G � !��djh !��8�i�d�� - andheading !k dR
ml�n N ^b` � !��d7h!��8�iBd\��o]� !�]dph !�]8�i�dK� of theball with respectto therobot locatedat position � !�g8�i�d�� !��8�iBd\� ,
wemodeltheuncertainty" 8�q of ball positionas"<8�qr
=$s&�(Z)t� !e d�+*-86u ��+*-q�u � (8)

where +g86u and +vq�u aresomeconstantstandarddeviationswe adjustedby hand.From
this,we cancomputetheobservationerroras"9d�
 WXw "px WXw � (9)

where
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and + 2 u , + 3 u and + 4 u arefurtherconstantstandarddeviationswe estimatedby hand.
For trackinitiation we createa new trackx 8 andsetit to thelastball observation:!x 89
 !xd��;"<89
="9d (10)

For predictingtheball stateover timeweuseasimilarfunctionasfor playermovements
but assumethattheball rolls in a straightline andslows down with deceleration( d ,
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where >6{�
�� MON �O>�� !�0o7( d � and "c{Y �~>�� is a similar constantcovariancematrix as " Y �O>��
to flattentheGaussiandistribution over time. Finally, fusing new observationsto this
trackis analogousto equations(6) and(7).

It shouldbenotedthata Kalmanfilter with this sensormodelproducesmoreaccu-
rateresultswhenfusingobservationsfrom differentviewpointsthane.g.a simpleaver-
agingmethod.This canbeseenfrom Fig. 1(a)wheretheball estimatesof two players
(indicatedby grey circles)areintegrated.Eventhoughthereis a largerangeerror, the
Kalmanfilter caneffectively triangulatemeasurementsfrom two separateviewpointsto
localizetheobjectmuchmoreprecisely, becausetheangularerroris small.

(a) (b)

Fig. 1. Fusingball observations.Triangulation(a)andfalsepositive observationsby Player2 (b).

TheKalmanfilter for ball trackingpresentedin this sectionassumesnoisy but re-
liable data,that is, no outliersare integrated.However, in our systemwe sometimes
observedcompletelywrongball measurementsby oneof our robotsdueto reflections
on walls or poorly trainedcolors.Onepossibility to filter out suchoutliersis to usea
validationgatethatdiscardsmeasurementswhoseMahalanobisdistanceis larger than
acertainthreshold� , where � is chosenfrom a �C� distribution.

Sucha validationgate,however, hastheproblemthatwhenonerobotis constantly
sendingoutwrongobservationsandtheKalmanfilter for somereasonsis trackingthese
wrongobservationsandfiltersoutall others,theglobalball positionbecomesunusable.
Furthermore,whenthe robotstopssendingwrongobservationsit takesseveral cycles
until otherobservationsaretakeninto accountagain.For thesereasonswe decidedto
developamoresophisticatedfilter methoddescribedin thenext section.



2.3 Markov Localization as Observation Filter

In localizationexperimentscarriedout on a mobilerobot,Gutmann,Fox, Burgardand
Konoligefoundout thatMarkov localizationis morerobust,while Kalmanfiltering is
moreaccuratewhencomparedto eachother[3]. They proposeto usea combinationof
bothmethodsto getamaximumrobustandaccuratesystem.

In this paper, we follow thesameideaandshow how to usea Markov processas
an observation filter for our Kalman filter. We usea grid-basedapproachwith a 2-
dimensional���a���0� grid whereeachcell � reflectsthe probability �a���0� that the ball is
in thiscell. We initialize this grid with a uniformdistribution beforeany observationis
processed.Theintegrationof new ball measurementsis thendonein two steps:predic-
tion andupdate.

In thepredictionstep,ball motionis modeledby a conditionalprobability �a�����7��{|�
which denotestheprobability that theball is at position � giventhat it wasat position��{ . Uponball motion,thenew ball positionis calculatedas:�a���0� ?����K� �b�,���Z� { ���b�,� { � (13)

Grid-basedMarkov localizationcanbecomputationalexpensive if thesizeandes-
peciallythedimensionof thegrid is large.For efficiency, we only usea 2-dimensional
grid that doesnot storeany headingor velocity informationof theball, which means
that we cannotaccuratelyestimatethe positionwhenthe ball moves.For the motion
model �a�,���C��{�� we assumethat all directionsareequallypossibleandvelocitiesare
normally distributedwith zeromeanandcovariance + -3 . Therefore,�a���m���Z{~� canbe
expressedasa Gaussiandistribution around�Z{ :�a�,����� { ���%���,� { ��$'&,(Z)t��+ -3 >���+ -3 >���� (14)

where> is thetimepassedduringball motion.
In theupdatestep,anew ball observation �Pd is fusedinto theprobabilitydistribution

accordingto Bayes’law:

�b�,�7� ? �a���Kd��7�0���a���0�� �\� �b�,� d ��� { ���a��� { � (15)

Thesensormodel �b�,� d �'�7� determinesthe likelihood of observing� d given theball is
atposition � . Wemodelit accordingto:�a��� d ���7�S�=�I� !� d ��" {d � (16)

where !�Kd arethe ���a���0� componentsof ball observation !xd asdefinedin section2.2and";{d is theupperleft �r��� submatrix of "<d ascalculatedin equation(9).
Maintaining the multi-modal probability grid makesit very easyto distinguish

whichball measurementshouldbeintegratedby theKalmanfilter andwhichnot.After
updatingthegrid with a new measurementwe determinethemostlikely ball position,
that is, the cell with the highestprobability. Only measurementsthat arecloseto the
most likely positionare fusedinto the Kalmanfilter andall othersareconsideredas
outliers.Furthermore,if the currentstateof the Kalmanfilter doesnot correspondto
the most likely ball position in the grid, we re-initialize the Kalmanfilter usingthis
position.By usingthisdualprobabilisticlocalizationmethodweachievehighaccuracy
throughKalmanfiltering togetherwith high robustnessthroughMarkov localization.
Experimentalresultsusingthis techniquearepresentedin thenext section.



3 Results

Themethodspresentedin theprevious sectionhave beenimplementedon our mobile
robotsoccerteam(seeFig.2) andhavebeensuccessfullyusedsinceourparticipationin
theRoboCup1999world competition.For our first participationin 1998we developed
asimilarbut muchsimplerapproachfor fusingmeasurementsfrom differentrobots[4].
In this approach,a greedynearest-neighborhoodmethodhandleddataassociation.For
computingobject positions,a weightedaveragingof observationsfrom the different
playerswasemployed.In this sectionwecomparethissimpleaveragingmethodto our
new probabilisticapproachfrom Section2.

Fig. 2. CSFreiburg players.EachoneisaPioneerI robotequippedwith SICKLRF, Cognachrome
vision system,Librettonotebook,WaveLanwirelessethernet,andsemi-professionalkicking de-
vicedevelopedby SICKAG. For anoverview, see[4, 14].

In thecaseof multi-objecttracking,we generallyobserveda moreconsistentworld
model for the new trackingmethodwith a slightly higher run time due to the more
sophisticateddataassociationmethod.However, the differencesin the world model
wereonly marginalwhichweattributeto thefact thataftersolvingthecorrespondence,
themethodsareverysimilar.

On the otherhand,we got muchbetterresultsfor our new single-objecttracking
algorithmcomparedto thesimplealgorithm.Therefore,our mainfocusin this section
is onresultsobtainedby thesingle-objecttracker.

3.1 An Ambiguous Situation

Wenow show how thealgorithmfor trackingsingleobjectsperformsin anambiguous
situation.Fig. 1(b) displaysasetupwheretwo robots,Player1 and3, seetheball at the
true locationin front of the goal but onerobot,Player2, getsit all wrong andthinks
theball is somewhereon thecenterline. If we assumethatall threeplayerssendtheir
ball observationsto theglobalsensorintegrationmoduleon a regularbasis,we getthe
probabilitydistributionsasshown in Fig. 3.

Whenintegratingthefirst threemeasurements,all of themarefusedby theKalman
filter sincenoneof themhasbeendetectedto beanoutlieryet.Notethatafterupdating
thegrid with the2ndmeasurement,theprobabilitydistribution hasa sharppeakat the
centerline causedby thelow uncertainmeasurementof Player2 which thinkstheball
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Fig. 3. Evolution of thepositionprobabilitygrid.

is close.After integratingmoremeasurements,theprobabilitydistributionconcentrates
moreandmoreon thetruelocationof theball andfurthermeasurementsfrom Player2
(graphin thecenterof bottomrow in Fig. 3) cannotout-weighthetruelocationof the
ball anymore.Thus,after the first integrationof observationsfrom all players,subse-
quentreadingsfrom Player2 arefilteredoutandtheKalmanfilter trackstheball based
onobservationsfrom Player1 and3 only.

3.2 Real Game Scenarios

Anotherexampleis shown in Fig. 4(a). This situationhasbeenrecordedin the final
gameagainsttheCoPSStuttgartteamduringtheGermandomesticVisionCupcompe-
tition heldin October1999.

(a) (b)

Fig. 4. Ball tracking using simple averaging(a) and combinationof Markov localizationand
Kalmanfiltering.

Depictedis a situationwheretheball is at thewall closeto Player3, Player3 and
5 observe the ball approximatelyat the right locationbut Player4 thinks the ball is
right in front of the opponentgoal. The simpleaveragingmethodcomputesa global
ball positionsomewherebetweenall thesemeasurementswhich is shown asa white
circle in Fig. 4(a).It is obvious that this globalball positionis unusableand– if taken
seriouslyby Player3 – could leadto a disadvantageoussituationwhere,afterPlayer3
moving towardsthe global ball position,the opponentplayercloseto Player5 could
takeover ball control.



Usingour single-objecttrackingmethod,themeasurementsfrom Player5 arereli-
ably filteredout andtheglobalball positionactuallyrepresentsthetruelocationof the
ball (seeFig. 4(b)). Takingthis informationinto account,Player3 cansafelyapproach
theball andclearthesituationby pushingtheball towardstheopponent’s half.

In a further investigation,we examineddatafrom theRoboCup2000competition
held in Melbourne,Australia.During this competition,our robotsrecordeda total of
about120,000ball observationsin 10 gameswith a total playing time of morethan2
hours2. It turnsout that in only about0.7%of all ball observations(about50 secs)our
Markov localizationapproachdetectedanoutlier. This low numbercanbeexplainedby
the fact that falsepositive measurementsarerareandsimultaneousobservationsby 2
or morerobotsdonotoccurall thetime.If wecompareourdualapproachto onewhere
only a Kalmanfilter integratesall measurementsthenin 72%of thefilteredcasesthe
ball positionchangesby morethan30 cm. Of courseit is hardto tell which methodis
closerto therealworld asthereis nogroundtruth informationfrom thegames.

A last experimentwascarriedout to find out aboutthe accuracy of our approach
comparedto thesimpleaveragingone.In our laboratory, theball wasfixedat thecenter
of thefield (theorigin of our globalworld model)with threerobotsaroundobserving
it. From2000measurementsthesimpleaveragingmethodreporteda meanof (18 cm,
0 cm)with standarddeviation (47 cm,19 cm)whereasourmethoddelivereda meanof
(-2 cm, 4 cm) with standarddeviation (8 cm, 9 cm). Thus,our new methodis signifi-
cantlymoreaccuratethantheaveragingone.

4 Related Work

Ourwork is relatedto two researchareas:objecttrackingandmulti-robotsystems.
Kluge etal. [7] trackmultiple moving objectsarounda wheelchairby employinga

maximum-flow algorithmfor dataassociation.Weusea similar geometricmethodbut
alsoprobabilisticallyintegratethemeasurementsusingmotionandsensormodels.

Schulzetal. [11] useJPDAFs [2] for trackingmultiplemoving targetsaroundtheir
robot andemployparticlefilters for achieving robust stateestimation.However, they
reporta runningtime of 2 scansper secondwhich is infeasibleon our systemwhere
eachrobotsendsall of its observationsevery 100ms.

Multi-robot systemsgainedsignificantattractionin recentyears.For all differentas-
pectsof mobilerobotnavigation,multi-robotsolutionshave beendevelopedthatmake
useof theexchangeof informationabouttherobots’beliefsandtheir intentions.

Probably, themostrelatedwork to oursis thatof otherteamsin theRoboCupmid-
dle sizeleague.The CMU HammerheadsRoboCupteamalsousesKalmanfilters for
objectstateestimationand reportspromisingresultson the accuracy of this method
[12]. However, they do not applya motionmodelto thestates,thusobservationshave
to betakenat thesametime.Furthermore,they donotconsiderdataassociationanduse
validationgatesfor detectingoutliers.We usea moresophisticatedoutlier detection
methodwhich is superiorto simplevalidationgates.

A similar probabilisticapproachto oursis thatof theAgilo team[10]. They usean
iterativeoptimizationtechniquefor estimatingobjectpositions[6] andemployJPDAFs
for dataassociation[10]. However, they do not dealwith outliersaswe do.

2 Seehttp::/www.informatik.uni-freiburg.de/� robocupfor watchinglog files of CS Freiburg’s
competitiongamesin a Java applet.



5 Conclusion

We developednew methodsfor trackingmultiple andsingleobjectsfrom noisy and
unreliablesensordataandcomparedthemto a simpleaveragingmethod.Experiments
show thatthemethodsaremorerobustandaccuratethanthesimpleaveragingonedue
to betterprobabilisticmodelingof motion andsensingof objects,anda dual sensor
integrationapproachinvolving Markov localizationandKalmanfiltering.

Our approachpresentedin this paperis very similar to a decentralizedfilter with
feedbackto local filters [1, pp.371-377].As decentralizedfilters canbesub-optimal,it
would beinterestingto compareour resultsto a centralfilter that readsall sensordata
from our robots.3 This is partof futurework.
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