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Summary

The objectivesof the PhaseI effort wereto develop a preliminarymathematicalandsimulation
framework for cooperative decisionmaking and assessits feasibility within the context of au-
tonomousmobile robotsanddistributedsensors.In particular, the resultsof PhaseI effort have
demonstratedthe viability of usingthe coupledselectionequationsto implementrobust anddy-
namicdecisionmaking.

We applied this formulation to variousscenariosof task assignmentbetweenmultiple mobile
roboticagents,andwereableto demonstrate� robustnessto device failures,� resistanceto communicationloss,aswell asthe� ability to form multi-dimensionalteamsin a realtimemanner.
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Chapter 1

Concept of Self-organized Control

1.1 Areas of Application

The Self-organizedControl Systemwill benefita numberof sectorsin the NASA Mission. We
givea few exampleshere.Theapproachof usingdynamicalsystemsfor planningandscheduling
addressestwo importantaspectsin particular:

1. Redundancy: In hostileenvironments,like spacestationsandcolonieson distantplanets,
systemfailuresandthelossof particulardevicescanaffect theentiremission.In caseof the
breakdown of onedevice,otheravailableunitsshouldfill in, or somedeviceshouldchange
theirpreviousassignmentto fill thegap.

2. Modular Components: Theuseof smaller, moreversatileunitshastheadvantageof easy
replacementandtransportabilityto thespacestation.In recentyearspromisingconceptsof
versatilerobots,suchascellular robots,have beendeveloped.Theseunitscanform teams
in orderto performtaskssuchasmoving largepiecesof material,or hold themin placefor
assembly.

The computersimulationsof variousscenariosdemonstratethe capabilityandfeasibility of the
self-organizedcontrol systembasedon CoupledSelectionEquations.This approachcanalsobe
usedfor adifferentkind of autonomousagents,namelyintelligentsensors.

2



CHAPTER1. CONCEPTOFSELF-ORGANIZEDCONTROL 3

1.1.1 Space Colonies

Theconstructionandoperationof spacecolonieswill beacomplex enterprisethatrequiresa large
numberof devices,suchasmannedandunmannedvehiclesandrobots.A greatdealof planning
andschedulingis requiredto navigatethosevehiclesin anefficient manner. Thecoordinationof
themany differenttypesof vehiclesoperatingat a majorairport illustratessomeof thechallenges
facingthemanagementof a spacecolony.

1.1.2 Space Port

Figure1.1: InternationalSpaceStation(source:NASA)

At today’s airports,all airplanesand groundvehiclesmust receive permissionfrom the tower
beforethey cantravel to their destination.In contrastto this entirelycentralizedcontroller, self-
organizedplannersmake localizednavigationdecisionsvia communicationbetweenthenetwork
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of mobile devices. Thereby, the controlling is distributedamongthe variousunits, and canbe
restrictedwithin certainareas.

Theself-organizedcontrolsystemwill beableto handlebothmannedandunmannedvehiclesto
optimizeresources.Theentiresystemswill includea multitudeof unmannedvehicle,or robots.
However, thesystemcanalsoassignspaceshipsandshuttlesto landingdocksbasedon theavail-
ability of supportingdevicesandsuppliesat thoselocations.

1.1.3 Robots for Planetary Exploration

Theself-organizedcontrolsystemcanbeimplementedin roboticexplorerssuchastherobotswim-
mers,proposedPhysicalSciencesInc. [10]. Theconceptinvolvesnumeroussmall( � 10cmscale),
autonomous,robotic swimmerswhich as individuals and as a cooperative group sensethe ice,
ocean,andseafloor environmentandmeasurethephysicochemicalpropertiescharacterizingthe
presenceof life on theJovianmoonEuropa.

Usingrobotsfor explorationsraisesanumberof concerns:� theenvironmentis notentirelyknow, thereforethesystemhasto beableto adjustto unknown
situations,� therecoveryof devicesis usuallynotanoption,thereforethefailureor lossof somedevices
shouldnot jeopardizetheentiremission,� anddifferenttypesof devices,suchasexplorers,carriersandcommunicationhubshave to
operatein concert.

Theconventionaltop-down control, i.e. the robotsareindividually controlledfrom a central(re-
mote)location,is not feasible.Communicationdelays,theamountof informationthathasto be
sentto thedecisionmakingsite,andthecomplexity of systemswith largernumberof robotsare
prohibitive.

1.1.4 Space Stations

SpaceStationslike the InternationalSpaceStationwould greatly benefit from the cooperative
roboticstechnology. Even though,stationsof the nearfuture are relatively small, they expose
surfacesof severaltenthousandsquarefeet.The70,000sq.ft. sizedsolarpanelof theInternational
SpaceStationarecritical to its functionality.
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Swarmsof robots,equippedwith testingdevices, could roam the solar panels,and issueearly
warning of damageor malfunction. They would cooperatewith a differentkind of robotsthat
canrepairthedamage.An autonomoussystemcouldachieve this by allowing thescientistsand
astronautsaboardthestationto concentrateontheirprimarymission.Controllerswouldbenotified
only whena problemcouldnot besolvedby therobot team.With increasedsophistication,these
robotscouldconductrepairsto thesolarpanelsandto otherpartsof thestation.A modularsystem
consistingof self transformingautonomousrobotscould tacklealmostany maintenanceon the
InternationalSpaceStation,combiningto increasetheir size, strength,usefulness.Even if the
robotscouldnotcompleterepairsthey couldassistany astronautson repairorientedspacewalks.



Chapter 2

Mathematical Model

2.1 Coupled Selection Equations and Assignment Problems

Assignmentof roboticunitsto targetsrequiresa specialselectionmechanism.Traditionallycom-
binatorialproblemsaresolved with integer algorithms[8]. However recentlyseveral dynamical
systemshavebeenproposedto solvecombinatorialproblems.Weuseasystemof CoupledSelec-
tion Equations(CSE)to solve assignmentproblemsof dimensionp. Hereby, p objects,eachof a
differentpopulation,haveto beassigned.Thatcanbe,for example,p � 1 differenttypesof robotic
units,eachwith differentfunctionality or tools, which have to be combinedto work togetheron
oneparticulartask. The populationsize for eachdimensionmay vary, however only complete
assignmentsshouldbeallowed.

In general,anassignmentproblemsof any dimensionp canberepresentedasmaximizationprob-
lemof thetotal gainfunction,or theminimizationof thetotal costfunctionrespectively,

wtot � ∑
i1 ��������� ip

wi1 ����� ip
	 ξi1 ����� ip (2.1)

with gainfunctionswi1 ����� ip for eachcombination,ξi1 ����� ip


�� 0  1 � thatcompliesto theconditions

∑�
i1 ����� ip ��� � i1 � ξi1 ����� ip

� 1 � i1 
∑�

i1 ����� ip ��� � i2 � ξi1 ����� ip
� 1 � i2  (2.2)

...

6
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∑�
i1 ����� ip ��� � ip � ξi1 ����� ip

� 1 � ip �
In the two dimensionalcase,i.e., the assignmentof exactly onerobotic unit to eachtarget, the
dynamicsof thecoupledselectionequations[7] is givenby

ξ̇i j
� κξi j

�
1 � ξ2

i j
� β ∑

i ���� i

ξ2
i � j � β ∑

j ���� j

ξ2
i j ��� (2.3)

with β � 1� 2, and a time scalingfactor κ which adjuststhe changeper time comparedto the
equationof motion(2.10).Non-negative initial values

ξi j � 0� : � wi j 0  wi j ! 1 � i  j (2.4)

ensurefor squarematrices� ξi j � thatthesystemwill alwaysasymptoticallyendin astablesolution
of permutationmatrices,i.e., thereis oneandonly onenon-vanishingelementwhich is equalto
1 in eachrow andin eachcolumn. A proof is given in [7]. Due to this fact, in the selectionof
the destinationthereis a oneto onecorrespondenceof robotic units to targets. In the caseof a
surplusof robotic units the coupledselectionequations(2.3) ensurethat thereis not morethan
onetargetasdestinationfor eachof the roboticunits. In referenceto theboundaryconditionsof
the maximizationproblemsomeof the sumsin (2.2) would actuallybecomezero. Becauseof
the propertyof selectionequationsto selectthe largestinitial valuein the long time limit, these
coupledselectionequationscanbe usedfor assignmentproblemsin combinatorialoptimization
[7]. Eventhoughtheglobaloptimumis not necessarilyreached,theoutcomecomparesvery well
to otheroptimizationalgorithms[8].

If the problemrequiresto assignexactly two robots,eachof a different type, to one target the
coupledselectionequationsfor a threedimensionaltensor

d
dt

ξi jk
� κξi jk

�
1 " � 3β � 1� ξ2

i jk
� β

�
∑
i � � j � ξ2

i � j � k " ∑
i � � k � ξ2

i � jk � " ∑
j � � k � ξ2

i j � k �#�$� � (2.5)

with β � 1� 3 have to besolved. Indicesi and j denoteroboticunitsof typeA, andB respectively;
targetsareidentifiedby index k.

In correspondenceto equations(2.3) and(2.5) we canwrite the coupledselectionequationsfor
dimensionp as

ξ̇i1 ����� ip
� κ 	 ξi1 ����� ip %& 1 " � pβ � 1� ξ2

i1 ����� ip
� β '( ∑�

i �1 ������� � i �p �)� � i �1 � ξ2
i �1 ��������� i �p " �*�*� " ∑�

i �1 ����� i �p ��� � i �p � ξ2
i �1 ����� i �p +,.-/(2.6)
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with β � 1� p. For non-negativeinitial valuestheassignmentemergesin thelimit of largetimesas
anasymptoticallystablepoint thatfulfills theconditionsin (2.2).

t � 0
A
B
C
D
E
F
G
H
I
J
K
L

0 1 2 3 4 5 6 7 8 9 t � 3
A
B
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D
E
F
G
H
I
J
K
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0 1 2 3 4 5 6 7 8 9

t � 6
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I
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Figure2.1: Two dimensional12 x 10 assignmentis shown on the Left. The valuesfor ξi j are
depictedassquareswith theareaproportionalto valueof thatmatrix element.Rows from ’A’ to
’L’ representthe roboticunits,columns’0’ to ’9’ the targets. Thevaluesmight actuallyincrease
afterinitialization,beforeall but onein arow (or column)vanish.Sincetherearemorerobotsthan
targetsin this examplethe coefficientsof two rows, ’C’ and’I’, all arezero. The middle figure
shows thedevelopmentof a threedimensional6 x 6 x 5 assignmentproblem.Two differenttypes
of robots,with ’A’ to ’F’ of onekind, and’G’ to ’L’ of theother, have to beassignedwith exactly
onedevice of eachkind to onetarget. Herethe threedimensionaltensorξi jk is mappedonto a
two dimensionalmatrix ξ̃ik

� ∑ j ξi jk thatrepresentstheassignmentof eachroboticunit to a target
individually, by summationof thecoefficientof all theotherrobots.Again,two robots,’E’ of type
one,and’I’ of typetwo, will not beassignedto any target. Thefigureon theRight shows a three
dimensional6 x 6 x 10 problemwith a surplusof targets. The systemperformsasexpectedby
alwaysassigningexactly two object,oneof eachkind, to onetarget. Targets’2’, ’4’, ’6’, and’7’
show only null valuesin their columns.

Figure2.1showsthetemporalevolutionof two andthreedimensionalcoupledselectionequations.

For theinitial valuesof ξi j we usethelineartransformedEUCLIDeandistanceof theroboticunits
to thetargetsat g j

ξi j � 0� � 1 � 0 ri � 0� � g j 0
max
i � � j �21 0 ri � � 0� � g j � 043 � (2.7)

Using this transformation,targetswhich arelocatedcloserto theroboticunits thanothersobtain
larger initial values,i.e., a larger preferencefor the final selection. From the definition follows
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directly thatξi j

65 0  17 for all i  j. However, moresophisticatedcostfunctionsincludingmanufac-

turingcostsat thetarget’s location,couldbeconsideredaswell.

Thetime dependentmatrix � ξi j � � t � depictsthepreferencesthateachof theroboticunitshasfor a
certaintarget,or thepreferencesthetargetshave for beingservedby aspecificrobot.

2.2 Behavioral Force Model to Navigate the Robotic Units

A Behavioural ForceModel is usedto guideautonomousmobileroboticunits throughtheir envi-
ronment. In the Behavioral ForceModel any events,suchasthe presentsof otherrobotsor any
obstaclesin theway, arerepresentedasforcetermsthatyield theobjectto thetypicalbehaviour of
this situation.

In analogyto physicalsystemstheintendedchangeof theobjectsvelocityvectorsvi � t � 
 R2 (or R3 �
is usuallydefinedas[2] [5]

d
dt

vi � t � � 1
τ 1 v0

i e0
i � t � � vi � t � 3 " ∑

i ���� i

fr
ii � � ri � � ri �8" ∑

k

fo
ik � xk

� ri � (2.8)

and
r
dt

ri � t � � vi � t � (2.9)

eventhoughnoexternalforcesareexertedontotheroboticunits.

Thedirectionto thedestinationof aroboticunit is givenby anormalizedvectore0
i � t � 
 R2 (or R3 �

which points in direction of the target that hasbeenassignedto this unit. Usually the robotic
devicesoperatebestat a certainspeedv0 
 R which is determinedby the natureof the robotic
units, similar to the constantwalking speedwe observe with mostpedestrians.Within a certain
relaxationtime τ theunitsrecover from any deviationof theirpath.

We simplify thedynamicsof (2.8) and2.9) by expressingthemovementof therobotsasa direct
resultof thedestinationvectore0 andthebehavioral forces

d
dt

ri � r � � v0
i e0

i " ∑
i � �� i

fr
ii � � ri � � ri �9" ∑

k

fo
ik � xk

� ri � (2.10)

Theforceslosetheirmeaningin theNEWTONeansense,thoughtherepresentationof thedynamics
in first orderdifferentialequationsallowsmorereliablenumericalintegration.
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Theshortrangeforcefieldsfor collisionavoidancearedefinedby

fr � o
ii � � r � �;: � tang � r̃ � � g � r̃ �<� r=

r
= for 0 ! r̃  σr � o

0 for r̃ � σr � o
g � r̃ � � π

2 1 r̃
σr > o � 13 (2.11)

with r beingthe distancebetweenthe centersof the robotsandthe obstacles,̃r � 0 r 0 � dr
i � 2 �

dr � o
i � � 2 beingthedistancebetweentheir perimeters,and 0 	 0 is theEUCLIDeannorm,aroundeach

of the otherunits i ? at the locationsri � with diameterdr
i � andobstaclesat the locationsxi � with

diameterdo
i � (seeFig. 2.2).Thedistancesbetweenroboticunitsandobstaclescanbeadjustedwith

dr
i

2
dr @ o

i A
2

r̃ BDC r C9E dr
i

2 E dr @ o
i A
2

C r C

roboti roboti F or obstacle

Figure2.2: Definitionof distancebetweena roboti andanotherroboti ? or anobstacle.

appropriaterangeparametersσr andσo. Figure2.3showsaplot of theusedshortrangeforce.

Theuseof shortrangepotentialforceavoidsunwantedlocal minimaor spuriousstateswherethe
systemcould get stuck in. Theserepulsive forcescanbe calculatedwith the information from
infraredor ultrasonicsensorsthatdetecttheproximity to anobstaclewithin a givenrange.Many
mobileroboticunitsareequippedwith a numberof suchsensorsaroundtheir perimeter. To avoid

0
0

dr > o
2 σr � o 0 r 0

0 fr � o
ii � � r � 0

Figure2.3: Plotof theusedshortrangeforcefr � o
ii � � r � definedin (2.11).
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thestagnancy of this multiple particlessystemat unstablestationarypoints,smallfluctuationsare
addednearstationarypoints.

b B 0

T0

A

b B 1

T0

A

b B 0 G 5
T0

A

b B 2

T0

A

Figure2.4: The trajectoryof a singlerobot passingan obstacleis shown for variousdistancesb
from theobstacleto therobot’s path. Collision avoidanceis obtainedby therepulsive forceterm
in equation(2.11). In caseof centralcollision, i.e. b � 0, theunstableequilibriumcanbeavoided
by smallfluctuations.Thefinite rangeof therepulsivepotentialhasbeenchosenwith σ � 1. For
obstaclesand robotic units with a diameterof one length unit each,the minimum distancefor
passingtheobstaclewithoutdeviation is b � 2.

Trajectoriesasa resultof thenavigationmodelaredepictedin Figure2.4. Theexamplesshow a
roboticunit passinganobstaclein variousdistances.

2.3 Integrated Decision and Navigation System

The preferencethat eachof the robotic units hasfor the targetscan be directly linked into the
dynamicsof themobileunitsby choosingthedestinationvector

e0
i � t � � Nγδ

�
∑

j
ξi j � t � Nγ � δ � 1 g j

� ri � t � 3 � (2.12)

asa linearcombinationof thedifferencevectorsof theroboticunit i to all targets.This linearcom-
binationof thewith ξi j � t � weightednormalizeddifferencevectorsNγ � δ � 1 g j

� ri 3 is demonstrated
in figure2.5.
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ξXi B 0 G 5, ξX j B 0 G 5

Ti

Tj

X

Ti

Tj

X

Ti

Tj

X

ξXi B 0 G 7, ξX j B 0 G 3

Ti

Tj

X

Ti

Tj

X

Ti

Tj

X

ξXi B 1, ξX j B 0

Ti

Tj

X

Ti

Tj

X

Ti

Tj

X

Figure2.5: Theroboticunit “X” standscloseto two targets.Outlinedarrows depicttheunit vectorse0
i to

target“Ti” ande0
j to target“Tj”. Solid arrows representtheunit vectorsmultiplied by thecoefficientsξXie0

i

andξX je0
j andtheir linearcombinationξXie0

i H ξX je0
j . Thefiguresshow theresultingorientationvectorfor

variousvaluesof ξ.

ThefunctionNγδ � x � � 1=
x
=JI

1KML γ = x =NI δ O 	 x with γ  δ � 0 mainly normalizesthevectorx but avoidsa
singularityat x � 0.

Oncethe dynamicalsystemof coupledselectionequationshasreacheda stablepoint, therewill
be exactly onedestinationvector left for eachof asmany robotic units astherearetargets. All
remainingunitswill stopmoving assoonasall of their correspondingcoefficientsconvergeclose
enoughto zero.
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Figure2.6: FunctionN is usedto normalizevectorsthe the unit lengthwithout running into a
singularityat 0.



Chapter 3

Self-organized Task Assignment, Teaming

Thedistributedcontrolsystemhasbeenimplementedin a simulationprogram.In this chapterwe
presentsomeof thesimulationresults.Weuseoneor two populationof vehicles,with unitsof the
samepopulationareconsideredto beexchangeable.

3.1 Two-indexed Assignment

The first scenario,asdepictedin Figure3.1, could be an examplefor robotsfueling spacecrafts
afterthey arrived,or vehiclesthatpickupcargo andpassangers.Fromthepersepctiveof therobot
population,only thetasksthatneedtherobots’serviceswill beincludedin their decisionprocess.
Figure3.1showstenpendingtasksat differentlocationsat thetime t � 0. At this timeweassume
thattwelvedevicesareavailable.

Whenthecontrolprocessstarts,therobotsstart“negotiating”abouttheirassignments.They define
their initial preferences,basedon their positionto thevarioustargets.Then,thosepreferencewill
beexchangedamongtherobots,andconsideredby themin their decisionprocess.

Theexampleshowstwo morerobotsthanpendingtasks.Two of thoserobotswill realizethatthey
arenotneeded,andsuspendthemselvesuntil new tasksemerge.

14
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Figure3.1: Scenario:Robotsdeliver supplyto thespacecrafts. Thefigureshows thepositionof
therobotsatvarioustimes.Below thecorrespondingstateof thepreferencematrix � ξi j � is shown.
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3.2 Heterogenous Robot Teams

Two differentrobotpopulations.For every taskoneof eachhasto bepresent.This couldbe the
casefor somerepairjob whereonerobotcanhold thematerialwhile anotheroneis equippedwith
aweldingtool.
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Chapter 4

Robustness to Device Failures

4.1 Automatic Activation of Spare Units

If morerobotsareavailablethantherearependingtasks,someof theunitswill notpersuea target,
but stopandwait. Thesystemoffersanintrinsic functionalityto activatethesespareunits in case
oneof therobotsbreaksdown.

Figure4.1 shows the progressof the robotsup to a certaintime, whenoneof the units fails. A
breakdown of the robotic unit “A” at time t � 7 � 4 (left), andtheself-organizedrecovery, i.e., re-
placementby unit “L” to providetarget“T0” (middle)is shown. At thetimetherobotbreaksdown,
it hasalreadydevelopeda preferencefor target “T0”. Oncethefailure is detectedall coefficients
ξi j that correspondto “A” aresetto zero. The idle units “K” and“L”, in competition,gainpref-
erencetowardsthe releasedtarget (right, highlightedrows), andstartmoving. Finally, robot “L”
takesover.

4.2 Re-teaming

A greaterchallangeto thesystemis whena robotsof a teambreakdown. It wouldn’t make sense
for the remainingteam-membersto persuewith the assignmentsincethey would not be ableto
performthetasks.Rather, roboticunit thata left in thebrokenteamhave to find new partners,and
eventuallypersueanew assignment.

Thisscenariois shown in Figures4.2and4.3.
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Figure4.1: BreakDown of units ’A’ at t � 7 � 5. Once,thepreferencesof ’A’ areerased,units ’K’
and’L’ becomeautomaticallyactive,and’L’ will finally takeover.
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Figure4.2: Tentargetsthatrequirea teamof two robots.At t � 10 theunits’D’ and’L’ fail. The
remainingrobotsof thebrokenteamshave to find new partners.
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Figure4.3: Fivetargetsthatrequireateamof two robots.Whentwo unitsbreakdown, theremain-
ing deviceshave to re-team.
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4.3 Time Scaling

The time scalesof the decisionprocess(2.6) andthe navigationprocess(2.10)arelinkedby the
controlparamterκ. This parameterdetermineshow fastthedecisionprocessrunswith respectto
thenavigationof therobotsto their destination.In many situationsit maybedesirableto have the
assignmentquickly, andthelet theunitsmovestraightto their destination(seeFig. 4.4c).

However, Figure4.4shows a scenariothatcouldrepresentthedeliveryof goodsfrom onecentral
location(in thebottomleft corner)to severaldestinations.Thedelivery off the goodsis crucial,
andthetransportvehiclesareathight risksto fail. Onextraterrestrialmissionsthatmayvery likely
bethecase.Thecontrolparametercanbechoosein a way thatdelaysthedecisionprocess,while
thevehiclesarealreadymoving in thegeneraldirectionto thedestinations.Beforetheassignments
havebeenfinalized,therobotshavealreayageneralideaabouttheoutcome,basedonthestronger
elementsof theirpreferencevector. As aresult,thevehiclesarein abetterpositionto changetheir
coursesuddenlywhenoneunit fails. Onecansendacertainnumberof additionaltransporters,just
to ensurethatall destinationpointsreceive their goods.
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Chapter 5

Communication

An importantpartof theself-organizedcontrolsystem,aswith any distributedsystem,is theaspect
of communication:thevehicleshave to receive informationaboutpendingtasks,andthey have to
exchangetheir intentionsin form of preferencesξi j. Figures5.1and5.2show two conceptswhich
differ in thewaytheroboticvehicleswouldbeawareof pendingtasks.In thefirst model(Fig. 5.1)
targetwould announceits presenceandserviceneedsvia broadcastingmessages.E.g.a docking
spacecraft couldannounceits demands,includingits location,theamountof cargo etc.

Thesecondmodel(Fig. 5.2assumesthatthetaskswill beidentifiedby therobotsthemselves,e.g.
survaillancerobotscansendmessageswhenthey detecta problemto themaintenanceandrepair
devices.

All communicationscanbeimplementedin multicastmessagepassing,i.e. amessagesentby one
unit, will bereceivedby all robots(in range).Therobotsbroadcasttheir preferencesperiodically,
therefore,a confirmationprotocolthatensuresthatevery messagereachesthe receiver is not re-
quired;the lossof informationdoesnot have a significantimpactif theupdatemessagesaresent
frequently.

Thenatureof theCoupledSelectionEquations(2.6) allows to divide thesystemin local regions,
andto implementahierarchicalcommunicationstructure(seeFigure5.3).

Equation(2.6) only considerspositive preferencesfrom the other robots. If the preferencesof
anotherrobotarenotknown, they wontcontributeto thesum,andwonthave impacton therobots
decision.Units thatareoutof rangedon’t competefor thesametasks,whichwill in mostcasesbe
very reasonable,becausethey areto far away to getto thejob-site.
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Figure5.1: MulticastCommunication,TargetDemand:taskrequirements,location,Preferences:
packagesof therobots � ξi � -vectors.Robotslearnaboutpendingtasksby receiving targetdemand
packages.They periodicallybroadcastupdatesof theirpreferences.
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Figure 5.2: Multicast Communication,Target Detection: e.g. vision, Target Demand: task re-
quirements,location,Preferences:packagesof therobots � ξi � -vectors.Robotsdetecttargets,and
recognizetheirdemands.They periodicallybroadcastupdatesof theirpreferencesandinformation
abouttargetsthatthey havedetected.
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Figure5.3: Limited rangeof communication.Robotsconsideronly targetsin their range.Selected
units canaggregatepreferencesof robotsin their immediaterange,broadcastthe informationto
otherregions.
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5.1 Demonstrating the Fault Tolerance

Thefollwowing shows resultswith simulatedcommunicationerrors:messageswill berandomly
droppedwith a givenprobability p. As a result,therepresentationof thedecisionstatewill even-
tually differ amongtherobots.

Thesimulationprogramis basedon theequations(2.6) and(2.10)asdescribedin section2. The
differentialequationshave beenintegratedby usingthe EULER-forward methodwith time steps
∆t � 0 � 05 for thenavigationpart(2.10).Thetimescaleof thecoupledselectionequations(2.6) is
acceleratedby factorκ � 3.

Everyrobotreceivesanupdateof theotherrobots’preferencesin intervalsof Θ � 1 � 00. After n �
Θ
∆t iterationsthesimulationprogramwill copy theeachrobot’scurrentpreferencesinto thematrix� ξi j � of any otherunit. Basedon a randomnumber, that will be generatedfor eachtransaction,
and the packageloss probability p, the programwill decidewhetherthe matrix elementswill
actuallybecopied. It is assumedthat the robotscommunicateby sendingdata-packagesusinga
non-confirmedprotocol,suchasUDP. Therefore,adata-packagecontainingtherecentpreferences
of onerobot,mightbereceivedby somebut notall devices.

Tensimulationshavebeenrun for eachof tenvaluesfor p. Table5.1shows theelapsedtimeuntil
every robotof thesystemreacheda targetandthefinal targetassignmentof the robots(A–J) for
eachof thesimulationruns.

Thecollision avoidancemaneuver of therobotsextendsthetime they needto reachtheir destina-
tion. If a certainnumberof messagesgot lost, robotsmight chooseaslightly differentassignment
which canactuallyresultin shortertravel times,becausethenew pathcollideslessoftenwith ob-
stacles.Thisexplainswhy in thepresentedsimulationstheaverageelapsedtimeof tensimulation
runswith 20%packagelossprobabilityis lower thanthevaluein the0% case(Fig. 5.4).

Higher ratesof packagelosseswill violate theconstraintof assigningexactly onerobot to every
target. Simulationswith packagelossprobability p S 0 � 6 may result in unfeasibleassignments,
wheremorethanonerobotapproachesthesametarget(Figure6.3.d).

Theincreaseof theseincidentswith morefrequentcommunicationdrop-outsis depictedin Figure
5.5. Evenwith no communicationat all, robotsstill would approacha target. The targetof their
choicewould dependon the initialization valueξi j � 0� . However, several devicesmay selectthe
sametarget,andsometargetsmight beleft out.

Our resultsshow that the useddistributedcontrol [5] [9] is extremelystableandrobust against
communicationdrop-outsup to 50%.
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Table5.1: Simulationresultsfor differentprobabilitiesp for messageloss. The tableshows the
elapsedtime ttotal until every robotof thesystemreacheda target,andthefinal targetassignment.
Non-feasibleassignmentsarewritten in brackets.

p # ttotal AssignmentA–J

0 1 27.1 2 1 3 8 7 4 6 9 5 0
2 27.1 2 1 3 8 7 4 6 9 5 0
3 27.1 2 1 3 8 7 4 6 9 5 0
4 27.1 2 1 3 8 7 4 6 9 5 0
5 27.1 2 1 3 8 7 4 6 9 5 0
6 27.1 2 1 3 8 7 4 6 9 5 0
7 27.1 2 1 3 8 7 4 6 9 5 0
8 27.1 2 1 3 8 7 4 6 9 5 0
9 27.1 2 1 3 8 7 4 6 9 5 0

10 27.1 2 1 3 8 7 4 6 9 5 0
0.1 1 29.3 2 1 3 8 7 4 6 9 5 0

2 26.8 2 7 3 8 1 4 6 9 5 0
3 28.0 2 1 3 8 7 4 6 9 5 0
4 32.5 1 7 3 8 2 4 6 9 5 0
5 26.6 2 1 9 8 7 4 6 3 5 0
6 21.6 2 1 3 8 7 4 0 9 5 6
7 28.5 2 1 3 8 7 4 6 9 5 0
8 27.6 2 1 3 8 7 4 0 9 5 6
9 28.2 2 1 3 8 7 4 6 9 5 0

10 22.7 2 1 3 8 7 4 0 9 5 6
0.2 1 24.3 2 1 0 8 7 4 6 9 5 3

2 23.9 2 1 3 8 7 4 0 9 5 6
3 27.2 2 1 3 8 7 4 6 9 5 0
4 30.6 7 1 9 8 2 4 6 3 5 0
5 22.0 2 1 3 8 7 4 0 9 5 6
6 27.0 2 1 3 8 7 4 6 9 5 0
7 34.0 1 7 3 8 2 4 6 9 5 0
8 21.3 2 1 3 8 7 4 0 9 5 6
9 26.5 2 6 0 8 7 4 1 9 5 3

10 24.1 2 7 3 8 1 4 0 9 5 6
0.3 1 26.1 0 1 3 8 2 4 7 9 5 6

2 26.4 6 7 0 8 1 4 2 9 5 3
3 27.3 2 1 9 8 7 4 6 3 5 0
4 42.5 2 0 3 1 8 4 7 9 5 6
5 24.5 4 1 3 8 7 6 5 9 0 2
6 28.6 2 1 3 8 9 4 7 6 5 0
7 38.8 2 1 3 8 0 4 7 9 5 6
8 27.7 3 1 6 8 7 4 2 9 5 0
9 28.5 3 1 0 8 2 4 7 9 5 6

10 32.5 2 7 3 8 0 1 4 9 5 6
0.4 1 30.0 2 1 3 8 5 4 6 9 7 0

2 42.0 8 7 4 3 2 1 6 9 5 0
3 29.1 2 1 3 8 7 4 6 9 5 0
4 37.2 3 1 0 8 4 2 6 9 5 7
5 25.8 2 1 3 8 1 7 6 9 5 0
6 27.9 2 1 0 8 6 4 7 9 5 3
7 44.5 6 1 9 8 2 4 0 7 5 3
8 29.2 0 7 3 8 1 4 6 9 5 2
9 27.2 2 1 3 8 7 4 6 9 5 0

10 49.3 9 1 3 8 2 4 6 7 5 0

p # ttotal AssignmentA–J

0.5 1 36.7 1 4 3 2 8 6 7 9 5 0
2 27.6 2 6 3 8 7 4 1 9 5 0
3 28.1 7 1 3 8 6 4 2 9 5 0
4 26.8 6 5 3 8 7 4 2 9 1 0
5 39.0 2 7 0 8 4 1 6 9 5 3
6 28.0 3 1 0 8 2 5 6 9 7 4
7 26.2 3 1 9 8 7 4 6 2 5 0
8 32.8 2 0 3 8 7 4 6 9 5 1
9 52.0 8 7 3 0 2 4 9 1 5 6

10 29.6 9 1 0 8 2 4 7 6 5 3
0.6 1 42.9 2 1 9 8 4 5 3 7 6 0

2 29.5 7 1 2 8 6 4 0 9 5 3
3 27.8 [7 1 0 8 9 4 2 8 5 3]
4 36.7 1 4 3 8 2 0 7 9 5 6
5 43.0 [7 5 4 2 8 3 6 9 8 0]
6 33.4 [8 7 3 2 1 4 4 9 5 0]
7 39.2 2 7 6 8 4 5 3 9 1 0
8 29.5 [2 1 3 8 7 4 7 0 5 9]
9 34.9 2 1 3 2 5 4 0 9 7 6

10 34.9 9 7 3 8 2 1 4 6 5 0
0.7 1 52.1 7 4 9 8 3 1 0 6 5 2

2 28.9 1 2 3 8 7 6 4 9 5 0
3 31.9 8 1 0 6 7 4 2 9 5 3
4 30.2 [7 8 8 3 2 4 1 9 5 6]
5 38.5 3 7 0 8 2 6 4 9 5 1
6 35.5 1 7 3 2 8 0 4 9 5 6
7 33.4 [1 7 3 8 2 4 0 9 5 9]
8 27.8 0 7 9 8 1 4 6 9 5 3
9 69.9 [2 7 3 8 9 4 6 9 1 0]

10 29.9 [8 1 9 3 7 4 6 0 5 3]
0.8 1 37.1 [3 0 9 1 2 4 8 6 5 9]

2 23.7 [3 7 9 8 2 4 1 9 5 9]
3 31.3 [2 1 3 8 1 4 0 9 5 6]
4 38.8 [6 5 0 8 7 4 9 9 1 3]
5 33.3 2 1 9 7 0 4 6 3 5 8
6 39.4 [3 7 4 9 8 5 0 9 5 6]
7 45.4 [5 1 8 8 2 3 0 9 2 9]
8 65.5 [9 5 3 8 8 0 7 9 4 6]
9 46.8 [5 1 3 9 8 7 6 9 5 4]

10 33.5 [7 1 3 8 9 4 6 0 5 3]
0.9 1 34.2 [2 1 9 8 0 4 0 6 5 3]

2 30.1 [2 1 8 8 7 4 4 9 5 0]
3 48.4 [2 7 9 8 5 1 7 9 5 4]
4 45.6 [2 1 9 7 8 4 7 9 5 0]
5 34.4 [4 1 9 9 8 5 2 9 5 3]
6 38.9 [2 7 9 8 5 6 4 7 5 0]
7 30.2 [2 1 9 8 8 4 0 9 5 3]
8 26.0 [2 4 9 8 2 4 7 9 5 3]
9 22.1 [9 1 3 8 7 4 4 9 5 6]

10 47.3 [4 1 2 8 8 5 7 9 7 3]
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The successof the control systemdependson the intervals betweenupdatesof the elementsof
thepreferencematrix � ξi j � . Both factors,thefrequency of datamessagesandtheprobability p of
packagelossescontributeto thequality of thetaskassignment.

Frequentpackagelossesin the communicationchannelcanbe compensatedby shorterintervals
betweenthebroadcastof updates.In a technicalimplementation,robotsshouldnotsendmessages
at a fixed rate,but ratherrandomlychangethe time betweentwo transmissions.This canavoid
periodicalpeeksin thedatatraffic, which yield to increasednumbersof packagecollisions(on an
wirelessethernet).



Chapter 6

Distributed Sensor Network

Theconceptof self-organizedtaskassignmentcanalsobeappliedfor autonomoussensors.Like
robots,thesesensorsareequippedwith sensingdevices,computationcapabilitiesandsomemeans
of communication.They usuallystayat thelocationthey weredeployedat.

A new paradigmin groundsurveillance,e.g.,consistsof swarmsof autonomousinternettedsensors
thatcanbeusedfor target localizationandenvironmentalmonitoring. Theindividual component
is aninexpensivedevicecontainingmultiplesensortypes,aprocessorandwirelesscommunication
hardware,andabatteryfor powersupply[1].

Scatteredoveracertainregion,thesedevicesareableto detectthedirectionor proximity of moving
objects.Varioustriangulationmethodsarediscussedin [6] for electro-magneticsensorswhichcan
alsobeappliedfor acousticandothersensors[3] Oneof themostlimiting factorof thedevicesis
thebatterysupply. In orderto conservepower, theseunitsshouldbeableto adjusttheiractivitiesto
thecurrentsituations.Energy consumingsignalprocessingshouldonly beperformedif thequality
of theraw sensordatapromisesasignificantimprovementto thelocalizationresults.

The self-organizedcontrol systemallows thedevicesto selectthealgorithms’complexity which
balancestherequirementsfor goodlocalizationperformanceandenergy conservation.Thedevices
make their selectionautonomously, basedon theirown sensorydata,informationthatthey receive
from otherdevicesin theregion,andtheamountof energy they have left.

UnattendedGroundsSensors(UGS),e.g.,maybe ableobtainsa Direction of Arrival (DOA) es-
timateby anarrayof acousticsensors,camerasor othertypeof detectors.WhentheUGSbegins
to estimatetheDOA, it is ableto determinea q � factorthatrepresentstheexpectedquality of the
receivedsignal. If theq � factoris high, theUGScontinuesprocessingto determineandcommu-
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nicatetheDOA. Otherwise,thesensorusesthevalueof theq � factorto obtaina roughestimateof
therangeto thetarget.

We usethestatisticsfor theq � factorasa functionof Signalto NoiseRation(SNR)for a narrow-
bandacousticsignalat a frequency of 200Hz [4]. given target signal s � t � . The statisticswere
generatedout of 1,024simulationruns. Figure6.1 shows first andsecondorderstatisticsof the
q � factorasa functionof SNR.Thesampledcanbefitted to approximatethedependency of the
statisticson SNRusinganalyticexpressions.TheseanalyticexpressionsareT � q �U� 2 � 765 V 104 (snr)2

110 " (snr)2
 (6.1)

and
STD� q �W� 812e X 2 � 6 Y log10(snr)X 1 Y 1 Z 5 � (6.2)

Further, weassumetheR2 energy dissipationlaw wherewesetthenominalSNRatonemeterfrom
thetargetto be60db,i.e.,106. Thisallows to expressthestatisticsof q asa functionof range.

6.1 Decision Making

It is critical that thesensorsusetheir energy resourcesasefficiently aspossible.For example,in
casethey arenot in a reasonablerangeof a target, they shouldnot proceedthe signalprocess-
ing steps,becausethequality of thelocalizationwould not justify the investedamountof energy.
Furthermore,if anumberof othersensorsareclosesothatthey producereliabledatafor thelocal-
ization,additionalinformationwill notsignificantlyimprovetheaccuracy of thetargets’estimated
positions.In suchacase,sensorscansuspend,andconserve their resources.

Thedecisionwhetherasensorshouldactivelyparticipatein thesurveillanceprocesshasto bemade
in considerationwith thestateof all theothersensors.This canbeachievedby themanagement
layer that overseesthe sensornetwork. In our approachwe usedynamicalsystemstheory to
implementa distributedproblem-solver. The conceptis basedon a specialfamily of dynamical
systems,calledselectionequations.

Thesensorssharetheir estimatedDOA with eachotherby broadcastingmessageswhich include
theirmeasurementsandthesensorspreferencefor performingthetask.Theformatof themessages
canbeof theformat:� Field 1: SensorIdentification,
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Figure6.1: Measuredstatisticsfor time delayandq [ factorestimatesasa function of SNR: (a)
meanof q [ factorand(b) standarddeviation of q [ factor.



CHAPTER6. DISTRIBUTED SENSORNETWORK 38\ Field 2: SensorPosition,\ Field 3: EstimatedDOA,\ Field 4: Preferenceξ ]_^ 0 ` 1a .
Eachsensorkeepstrack of the messagereceived from other sensors.Hereby, the exchangeof
messagesdoesnotrequireto besynchronous,nordoestheentiresystemcollapseif somemessages
get lost. Thetoleranceandresistivity of systemslike this with respectto communicationfailures
is similar to whathasbeendiscussedin section5.1.

The sensorsselecttheir modeof operationbasedon the their preferencecoefficient ξi which in-
cludestheq-factorof thelastmeasurementsandtheinformationgatheredfrom othersensors.The
developmentof thepreferencesis givenby thedynamicequation

d
dt

ξi b ξi c α2
i [ β ∑

i d�ef i

ξ2
i d#g ` (6.3)

with αi bih q j i
qmax

andthescalingfactorβ, which weightsthecontribution of theothersensors.For
constantconditions,theξ will convergeto avaluebetween0 and1 in thetimelimit. (SeeFig. 6.2).
Thedynamicsof thesystemallow only a few valuesto grow while themajority of theparameters
will becloseto zero.

Thepreferencevalueξ is a resultof two competingterms,thesensorsown ability to performthe
task,and the preferencesof the othersensors.The dynamicsof this valuefollows the dynam-
ical behavior of the q [ factor. However, even small q [ factorscan result in strongpreferences
whenthereno othersuitablesensorsaround.On theotherside,competitionamongthesensorsis
introducedto limit thenumberof activesensorsat a time.

Thesensorsselecttheirmodeof operationbasedon theirpreferencecoefficient ξ:

modei b kl�m active if ξi n Θ
observing if θ o b ξi o b Θ

suspended if θ n ξi

` (6.4)

wherean active sensorperformsDOA andcontributesto the target localizationprocess,an ob-
serving sensorstopsits signalprocessingafterdeterminingtheq [ factor, anda suspended sensor
turnsinto sleepmodefor agiventime for maximumenergy conservation.
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Figure6.2: Hyperplaneof stablesolutionsin the time limit of (6.3) for differentvaluesof α and
γ b ∑i d ef i ξ2

i d . For valuesγ n 1 thestablesolutionis alwaysξi b 0.

6.2 Simulation Results

Thesimulationshows 100sensorsthatarerandomlyscatteredwithin anareaof 4 squarekilome-
ters.Thatis equivalentto 2 p 5 q 10r 5 sensorspersquaremeterin average.

We createa distribution of q [ factorsasa function of the distancesbetweensensorsandtargets
accordingto (6.1)and(6.2). Basedon this distribution,a randomnumbergeneratorproducesthe
simulatedq [ factorfor eachsensor.

With thescalingfactorβ b 0 p 1 in (6.3) andthethresholdΘ b 0 p 7 in (6.4) theaveragenumberof
active sensorsis between4 and5. This dependson thedensityof thesensorsin a particulararea.
A scalingfactorof β b 0 p 05wouldallow 9 to 10 sensorsin averageto becomeactive.

Figure6.3 shows a sequenceof snapshotsof thesimulation. The target,depictedin shapeof an
arrow, movesfrom thelower left cornerof thepictureto theright. At certaintimes,morethanthe
desiredfour or fivesensorsareactive. (SeeFig. 6.3b-d.)However, someof thosepreferencesdrop
quickly, dueto thecompetitiontermin (6.3).

Wehaveshown, thatacousticsensorscanindeedevaluatethequalityof theirdata,andthatthiscan
beusedascriteriafor sensormanagement.Theproposedmanagementsystemis a distributedde-
cisionprocesswith eachsensorscomputingasegmentof thesolution.Theinformation,necessary
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Figure 6.3: Snapshotsof the simulationin time incrementsof 50 time steps(seconds).From
a) t b 850 to i) t b 1250. The sensorsare depictedas outlined circles. The size of the solid
corecorrespondsto thesensorspreferencevalueξi. Thearrow indicatesthetarget’s positionand
velocity. (Thesizeof thesymbolsis not in proportionto thescaleof theplot.)
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for thisdecisionprocessaddsonly asmallportionto theamountof data,thatsensorsexchangefor
targetlocalization.



Chapter 7

Conclusion and Outlook

Theobjectivesof this projectwereto developa preliminarymathematicalandsimulationframe-
work for cooperative decisionmakingandassessits feasibility within thecontext of autonomous
mobilerobotsanddistributedsensors.

In particular, theresultshavedemonstratedtheviability of usingthecoupledselectionequationsto
implementrobustanddynamicdecisionmaking.Whenappliedto asamplescenarioof taskassign-
mentbetweenmultiplemobileroboticagentstheformulationwasabletodemonstraterobustnessto
device failures,resistanceto communicationloss,aswell astheability to form multi-dimensional
teamsin a real time manner. Thesevery encouragingresultssuggesta morecomprehensive ap-
proachthatcanbeusedto supportthis PhaseII proposal.

CoupledSelectionEquationsarea family of coupleddifferentialequationswith thespecificchar-
acteristicthat every elementwill converge to either0 or one in the time limit. We canusethe
dynamicsto describecombinatorialproblems,suchasselectionprocesses.Boundaryconditions,
suchastherequirementof a permutation,e.g.matchingevery elementform onepopulationwith
anelementfrom thea secondone,canbeimplementedin thedesignof thefunctions.

So far CSE’s areknown only for a few typesof problems,which arepresentedherereport. E.g.
assignmentproblemswith varyingnumbersof agentsrequirespeciallydesignedequations.Future
researchwill targetdifferenttypesof boundaryconditions,andseekto designCSE’s that satisfy
these.
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