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Summary

The objectvesof the Phasd effort wereto develop a preliminary mathematicabnd simulation
framework for cooperatre decisionmaking and assessts feasibility within the context of au-
tonomousmobile robotsanddistributed sensors.In particular the resultsof Phasd effort have
demonstratedhe viability of usingthe coupledselectionequationgo implementrobustanddy-

namicdecisionmaking.

We appliedthis formulation to various scenariosof task assignmenbetweenmultiple mobile
roboticagentsandwereableto demonstrate

e rohustnesdo devicefailures,
e resistanceéo communicatiorioss,aswell asthe

e ability to form multi-dimensionateamsin arealtime manner



Chapter 1

Concept of Self-organized Control

1.1 Areasof Application

The Self-oganizedControl Systemwill benefita numberof sectorsin the NASA Mission. We
give a few exampleshere. The approaclof usingdynamicalsystemdor planningandscheduling
addressetwvo importantaspectsn particular:

1. Redundancy: In hostileervironmentslik e spacestationsandcolonieson distantplanets,
systemfailuresandthelossof particulardevicescanaffectthe entiremission.In caseof the
breakdown of onedevice, otheravailableunitsshouldfill in, or somedevice shouldchange
their previousassignmento fill thegap.

2. Modular Components. The useof smallef moreversatileunits hasthe advantageof easy
replacemenandtransportabilityto the spacestation.In recentyearspromisingconceptof
versatilerobots,suchascellular robots,have beendeveloped. Theseunits canform teams
in orderto performtaskssuchasmoving large piecesof material,or hold themin placefor
assembly

The computersimulationsof variousscenarioslemonstratehe capability and feasibility of the
self-oganizedcontrol systembasedon CoupledSelectionEquations.This approachcanalsobe
usedfor adifferentkind of autonomousgentsnamelyintelligentsensors.
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1.1.1 Space Colonies

Theconstructiorandoperationof spacecolonieswill beacomplec enterprisghatrequiresalarge
numberof devices,suchasmannedandunmannedrehiclesandrobots. A greatdealof planning
andschedulings requiredto navigatethosevehiclesin an efficient manner The coordinationof
the mary differenttypesof vehiclesoperatingat a majorairportillustratessomeof the challenges
facingthe managementf a spacecolory.

1.1.2 SpacePort

Figurel.1l: InternationalSpaceStation(source:NASA)

At todays’s airports, all airplanesand ground vehiclesmust receve permissionfrom the tower
beforethey cantravel to their destination.In contrastto this entirely centralizedcontroller self-
organizedplanneramake localizednavigation decisionsvia communicatiorbetweerthe network
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of mobile devices. Thereby the controlling is distributed amongthe variousunits, and can be
restrictedwithin certainareas.

The self-olganizedcontrol systemwill be ableto handleboth mannedandunmanned/ehiclesto
optimizeresources.The entire systemswill includea multitude of unmanned/ehicle,or robots.
However, the systemcanalsoassignspaceshipsandshuttlesto landingdocksbasedon the avail-
ability of supportingdevicesandsuppliesatthoselocations.

1.1.3 Robotsfor Planetary Exploration

Theself-oiganizedcontrolsystemcanbeimplementedn roboticexplorerssuchastherobotswim-
mers,proposedPhysicalSciencednc. [10]. Theconcepinvolvesnumerousmall(x=10cmscale),
autonomousyrobotic swimmerswhich asindividuals and as a cooperatre group sensethe ice,
ocean,andseafloor ervironmentand measurehe physicochemicapropertiescharacterizinghe
presencef life ontheJovian moonEuropa.

Usingrobotsfor explorationsraisesa numberof concerns:

e theenvironmentis notentirelyknow, thereforehesystemhasto beableto adjustto unknavn
situations,

e therecoveryof devicesis usuallynotanoption,thereforethefailure or lossof somedevices
shouldnot jeopardizehe entiremission,

e anddifferenttypesof devices,suchasexplorers,carriersandcommunicatiorhubshave to
operatdan concert.

The corventionaltop-down control, i.e. the robotsareindividually controlledfrom a central(re-
mote)location,is not feasible. Communicatiordelays,the amountof informationthat hasto be
sentto the decisionmakingsite, andthe compleity of systemswith larger numberof robotsare
prohibitive.

1.1.4 Space Stations

SpaceStationslik e the InternationalSpaceStationwould greatly benefitfrom the cooperatre
roboticstechnology Even though, stationsof the nearfuture are relatively small, they expose
surfacef severaltenthousanasquardeet. The70,000sq.ft. sizedsolarpanelof thelnternational
SpaceStationarecritical to its functionality.
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Swarmsof robots, equippedwith testingdevices, could roam the solar panels,andissueearly
warning of damageor malfunction. They would cooperatewith a differentkind of robotsthat
canrepairthe damage.An autonomousystemcould achieve this by allowing the scientistsand
astronautaboardhestationto concentrat®ntheir primarymission.Controllerswould benotified
only whena problemcould not be solved by therobotteam. With increasedophisticationthese
robotscouldconductrepairsto the solarpanelsandto otherpartsof the station.A modularsystem
consistingof self transformingautonomousgobotscould tackle almostany maintenancen the
InternationalSpaceStation, combiningto increasetheir size, strength,usefulness.Eveniif the
robotscouldnot completerepairsthey couldassistany astronaut®n repairorientedspacewalks.



Chapter 2

M athematical M odel

2.1 Coupled Selection Equations and Assignment Problems

Assignmenf roboticunitsto targetsrequiresa specialselectionmechanismTraditionallycom-
binatorial problemsare solved with integer algorithms[8]. However recentlyseveral dynamical
systemshave beenproposedo solve combinatorialroblems We usea systemof CoupledSelec-
tion Equationg CSE)to solve assignmenproblemsof dimensionp. Hereby p objects,eachof a
differentpopulation have to beassignedThatcanbe,for example,p— 1 differenttypesof robotic
units, eachwith differentfunctionality or tools, which have to be combinedto work togetheron
one particulartask. The populationsize for eachdimensionmay vary, however only complete
assignmentshouldbeallowed.

In generalanassignmenproblemsof any dimensionp canberepresentedsmaximizationprob-
lem of thetotal gainfunction,or the minimizationof thetotal costfunctionrespectiely,

wiot — > Wipip-irp (2.1)
i1, ip
with gainfunctionsw;, _j, for eachcombination§;, i, € {0,1} thatcompliesto theconditions
Gipip = 1 Vi,
{iz--iph\{ia}

&irip = 1 Vio, (2.2)
{i1-ipF\{i2}
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ipip, = 1 Vip.
{iz--ipf\{ip}

In the two dimensionalcase,i.e., the assignmenbf exactly onerobotic unit to eachtarget, the
dynamicsof thecoupledselectionequationg7] is givenby

i = K&j <1—Ei2j—l325 BZE ) (2.3)
I Ik

with B > 1/2, and a time scalingfactor k which adjuststhe changeper time comparedto the

equationof motion(2.10). Non-ngyative initial values

&ij(0) = W 0<wj<1 Vi, | (2.4)

ensurdor squaremnatrices(;;) thatthe systemwill alwaysasymptoticallyendin astablesolution
of permutationmatrices,i.e., thereis oneandonly onenon-vanishingelementwhich is equalto

1 in eachrow andin eachcolumn. A proofis givenin [7]. Dueto this fact, in the selectionof

the destinationthereis a oneto one correspondencef robotic units to targets. In the caseof a
surplusof robotic units the coupledselectionequationq2.3) ensurethat thereis not morethan
onetargetasdestinationfor eachof the robotic units. In referenceo the boundaryconditionsof

the maximizationproblemsomeof the sumsin (2.2) would actually becomezero. Becauseof

the propertyof selectionequationgo selectthe largestinitial valuein the long time limit, these
coupledselectionequationscanbe usedfor assignmenproblemsin combinatorialoptimization
[7]. Eventhoughtheglobal optimumis not necessarilyeachedthe outcomecomparewvery well

to otheroptimizationalgorithmg[8].

If the problemrequiresto assignexactly two robots, eachof a differenttype, to one tamget the
coupledselectiorequationdor athreedimensionatensor

d
aaijk = KEIJk (1+(3B 1 E”k (ZE, J’k+ |]kl+ ZEWW)) . (25)

|I,]I
with B > 1/3 have to be solved. Indicesi and j denoteroboticunitsof type A, andB respectrely;
targetsareidentifiedby index k.

In correspondenct® equationg2.3) and (2.5) we canwrite the coupledselectionequationsfor
dimensionp as

Sipeip = K-8y |1+ (PB-DE, ;,-B| 5 & L+ S & ;136

{i,ip\in} {in- i ip}
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with > 1/p. For non-n@ativeinitial valuestheassignmenémepgesin thelimit of largetimesas
anasymptoticallystablepoint thatfulfills the conditionsin (2.2).

tﬁﬂmszﬂsg t§-‘123456739 t§4£)94 t;—’kaa4 t§4&456789 t§4&456789
.......... Al = nummnn AENEmmnnm ANEmmnE A=mmms= LIL] AREEEEEEEESR
Bl= «slee i aaas Bu« ajm=musuan BEm=m®m BEEEE®m BesmEmssunmnm BEsEEss=sENE
Clwlsve o oo Cumm s ma=m . » Cumn=snmnm CEEsEE Cnm DI [ ] CEsmEE=nN:=N
D« e ona-un D=+*"s=um:nn Desmsm DesEmm DeEsssmemss DeNssEEEN==
Elv v ns an oo« Em=nssnasss EmmEsnn ENmEmNE Essmsssnmn ENsmEEssmEnnm
Ele v o v nine oo Fuomsmnsnnsn Fumsmn FeERsE® Fesmmssmmnn FEssmmsmmnn
G e e G= +===snm-= ] Gusmnm GuasEER GeuEEEsEEEES GuEs s EEEN=-=
Ho= = = - =+ - = H=m Hum- =« HEER=m® H= EE s -mmE L] Hessams -munlll
IRRRRDDnnnn ||aa/n anmmnan | mm | EEm | " mmm " EE | e e EEEEEEN
Jlo e e Je s nnmnnn Jumnmnm JimEER JeumemsummEn JEEEEEEENEE
K= - efm e n e e ] Kmn - [ ] KEmssm KEEENs® K=nHEms« LIL) KemmmesememEn
Lo == Lems«ms=m-m Lem=mn LemsE= Lesmmssnnnn LEs s mE s
tﬁﬁ456789 t§-‘123456739 t;—’kﬁm t;—’k)? t§3ﬁ456789 t;;? 56/7/89
Am - ms s mmnn A ] AN EmENE A [ | A mman ] A N

BE - nsama-sas BE BEEsmE =) | B | | B | |
Cm= C Cam=m= c u C H cC L]
D - =« «m m-E. D [ | De"H=m D [ | D | | D | |
Em«m-nnmas-a» E (] EEmsmm E E -smmm = E ]
F=»m-#nan-un F [ | Femsmm F [ | FH - = |- FE

G- - m: G [ ] GusH=®m G L] G u G u
He-m- - H W HEm-u= H W H H H ]
|[w/«/n - mmwu [ | | A mm | |- mmms =m | | |
Jiosa-nmman n J | | JenmmEm J [ ] J mmsm mm J n

K e K n KEmms® Kl K L] K u
L= == - == u - L . Lemsmn L . L. . . L.

Figure 2.1: Two dimensionall2 x 10 assignments shovn on the Left. The valuesfor &;; are
depictedassquareswith the areaproportionalto value of that matrix element.Rows from A’ to
'L’ representherobotic units,columns’0’ to’'9’ thetargets. The valuesmight actuallyincrease
afterinitialization, beforeall but onein arow (or column)vanish.Sincetherearemorerobotsthan
targetsin this examplethe coeficientsof two rows, 'C’ and’l’, all arezero. The middle figure
shawvs the developmentof athreedimensionab x 6 x 5 assignmenproblem. Two differenttypes
of robots,with A’ to'F’ of onekind, and’G’ to’L’ of theother have to be assignedvith exactly
onedevice of eachkindNto onetamget. Herethe threedimensionattensoré;jx is mappedonto a
two dimensionamatrix&ix = ¥ & jk thatrepresentsheassignmenof eachroboticunit to atarget
individually, by summatiorof thecoeficient of all theotherrobots.Again,two robots,E’ of type
one,and’l’ of typetwo, will notbeassignedo ary tamget. Thefigure on the Right shovs athree
dimensionalb x 6 x 10 problemwith a surplusof tamgets. The systemperformsas expectedby
alwaysassigningexactly two object,oneof eachkind, to onetamget. Tamgets’'2’, '4’, '6’, and’7’
show only null valuesin their columns.

Figure2.1shovsthetemporalevolution of two andthreedimensionatoupledselectionequations.

For theinitial valuesof &;j; we usethelineartransformedEucL ipeandistanceof theroboticunits
to thetargetsat g;

__ ni©@-gill
T’?X(Hfi'(o)—gj'ﬂ)

Using this transformationtargetswhich arelocatedcloserto the robotic units thanothersobtain
larger initial values,i.e., a larger preferencefor the final selection. From the definition follows

&ij(0) = (2.7)
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directlythaté;; € [0, 1] for all i, j. However, moresophisticatedostfunctionsincludingmanutc-
turing costsat thetarget’s location,couldbe consideredswell.

Thetime dependenmmatrix (&jj)(t) depictsthe preferenceshateachof the robotic units hasfor a
certaintarget, or the preferenceshetargetshave for beingsenedby a specificrobot.

2.2 Behavioral Force Model to Navigate the Robotic Units

A Behavioural ForceModel is usedto guideautonomousnobile robotic unitsthroughtheir ervi-
ronment. In the Behavioral Force Model ary events,suchasthe presentof otherrobotsor ary
obstaclesn theway, arerepresentedsforcetermsthatyield the objectto thetypical behaiour of
this situation.

In analogyto physicalsystemsheintended:hangeof theobjectsvelocity vectorsvi(t) € R? (or R®)
is usuallydefinedas[2] [5]

%Vi(t) = %(vioao(t) —Vvi()) +_;_firi’(ri’ _ri)""gfiok(xk_ri) (2.8)
i and
ari(t) = vi(t) (2.9)

eventhoughno externalforcesareexertedontotheroboticunits.

Thedirectionto thedestinatiorof aroboticunit is givenby anormalizedvectore?(t) € R? (or R3)
which pointsin direction of the target that hasbeenassignedo this unit. Usually the robotic
devices operatebestat a certainspeed® € R which is determinedby the natureof the robotic
units, similar to the constantwalking speedwe obsene with mostpedestrians Within a certain
relaxationtime 1 the unitsrecover from ary deviation of their path.

We simplify the dynamicsof (2.8) and2.9) by expressinghe movementof the robotsasa direct
resultof the destinatiorvectore® andthe behaioral forces

%ri(r) = V?Qo‘f‘i;if{i’(ri’ —ri)+ Zf?k(xk_ i) (2.10)

Theforceslosetheirmeaningn the NEwTONeansensethoughtherepresentationf thedynamics
in first orderdifferentialequationsallows morereliablenumericalintegration.
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Theshortrangeforcefieldsfor collision avoidancearedefinedby

fI’,O(r) _ (tang(r) - g(r)) ﬁ for 0 < r S O-r’o
L ¢ for F>o"° (2.11)

9(fF) =5 (5=—1)

with r beingthe distancebetweerthe centersof the robotsandthe obstaclesf = ||r|| — df /2 —

dir,’°/2 beingthe distancebetweertheir perimetersand|| - || is the EucLIiDeannorm,aroundeach

of the otherunitsi’ at the locationsr; with diameterd], and obstaclesat the locationsx;: with

diameterd? (seeFig. 2.2). Thedistancebetweerroboticunitsandobstaclexanbe adjustedvith
[Ir]]

< »

N
P!

df
2

roboti roboti’ or obstacle

Figure2.2: Definition of distancebetweeraroboti andanothemroboti’ or anobstacle.

appropriateangeparameters’ ando®. Figure2.3 shows a plot of theusedshortrangeforce.

The useof shortrangepotentialforce avoids unwantedlocal minimaor spuriousstatesvherethe
systemcould get stuckin. Theserepulsive forcescan be calculatedwith the information from
infraredor ultrasonicsensorghatdetectthe proximity to an obstaclewithin a givenrange.Many
mobile roboticunitsareequippedwith a numberof suchsensoraroundtheir perimeter To avoid

I (0]

0

dr-o ‘ ‘ ‘ ‘
0 % a"® |r]]

Figure2.3: Plotof the usedshortrangeforcefiri’,o(r) definedin (2.11).
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the stagnanyg of this multiple particlessystemat unstablestationarypoints,smallfluctuationsare
addednearstationarypoints.

Figure2.4: Thetrajectoryof a singlerobot passingan obstacleis shavn for variousdistances
from the obstacleto the robot’s path. Collision avoidanceis obtainedby therepulsve forceterm
in equation(2.11). In caseof centralcollision, i.e. b = 0, the unstablesquilibrium canbe avoided
by smallfluctuations.Thefinite rangeof the repulsve potentialhasbeenchoserwith o = 1. For
obstaclesand robotic units with a diameterof one length unit each,the minimum distancefor
passingheobstaclewithout deviationis b = 2.

Trajectoriesasa resultof the navigationmodelaredepictedin Figure2.4. The examplesshowv a
roboticunit passinganobstaclan variousdistances.

2.3 Integrated Decision and Navigation System

The preferencethat eachof the robotic units hasfor the targetscan be directly linked into the
dynamicsof themobile unitsby choosingthe destinationvector

g (t = Ny (2&] Nya/ j— i (U)) (2.12)

asalinearcombinatiorof thedifferencevectorsof theroboticuniti to all targets.This linearcom-
binationof the with &;; (t) weightednormalizeddifferencevectorsNy (gj — ri) is demonstrated
in figure2.5.
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&xi = 0.5,&xj =0.5 &xi =0.7,&xj = 0.3 &xi=1,&x; =0

D

Figure2.5: Theroboticunit “X” standscloseto two tamets. Outlinedarravs depictthe unit vectorse,o to
taget“Ti” ande‘j’ totamet“Tj”. Solid arravs representhe unit vectorsmultiplied by the coeficientsEXie,0

andExje? andtheir linear combinatiorgx;e® + Exje?. Thefiguresshaw the resultingorientationvectorfor
variousvaluesof €.

ThefunctionNys(x) = NS X with y, & > 0 mainly normalizeghe vectorx but avoidsa

singularityatx = 0.

Oncethe dynamicalsystemof coupledselectionequationshasreacheda stablepoint, therewill
be exactly one destinationvectorleft for eachof asmary robotic units astherearetargets. All
remainingunitswill stopmoving assoonasall of their correspondingoeficientscorverge close
enoughto zero.
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y=106=1 Yy =108 =1
T 1 T
09
0.8
0.7 +
0.6
0.5
0.4
0.3
0.2
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0 é 4‘1 (; é 10 0 0 26106 48-‘06 6el06 89l06 le-05

Figure 2.6: FunctionN is usedto normalizevectorsthe the unit length without runninginto a
singularityatO.



Chapter 3

Self-organized Task Assignment, Teaming

Thedistributedcontrol systemhasbeenimplementedn a simulationprogram.In this chaptemwe
presensomeof the simulationresults.We useoneor two populationof vehicles with unitsof the
samepopulationareconsideredo beexchangeable.

3.1 Two-indexed Assignment

Thefirst scenarioasdepictedin Figure 3.1, could be an examplefor robotsfueling spacecrafts
afterthey arrived,or vehiclesthat pickup caigo andpassangerd-romthe persepctre of therobot
population,only thetasksthatneedthe robots’ serviceswill beincludedin their decisionprocess.
Figure3.1shavstenpendingtasksat differentlocationsatthetimet = 0. At thistime we assume
thattwelve devicesareavailable.

Whenthecontrolprocesstarts therobotsstart‘negotiating” abouttheirassignmentsThey define
theirinitial preferencedhasedon their positionto the varioustargets. Then,thosepreferencewill
be exchangechmongtherobots,andconsideredy themin their decisionprocess.

Theexampleshovstwo morerobotsthanpendingtasks.Two of thoserobotswill realizethatthey
arenotneededandsuspendhemselesuntil new tasksemepe.

14
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Figure3.1: Scenario:Robotsdeliver supplyto the spacecrafts. Thefigure shavs the position of
therobotsat varioustimes. Below the correspondingtateof the preferencematrix (&;;) is shown.
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3.2 Heterogenous Robot Teams

Two differentrobot populations.For every taskoneof eachhasto be present.This could bethe
casefor somerepairjob whereonerobotcanhold the materialwhile anotheroneis equippedwith
aweldingtool.

0123456789
AEEEEsssEEDR
B EE=ssEEN
CEsEE:sEEENR
Dm= [ ] [ 3N |
ooy
FasemEssEEEN
BM GeEEEEEEENE=
He = m® = - m n m N
| s s EE e s EEE®
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Figure3.2: Three-indeed Problem
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Chapter 4

Robustnessto Device Failures

4.1 Automatic Activation of Spare Units

If morerobotsareavailablethantherearependingtasks someof theunitswill notpersueatarget,
but stopandwait. The systemoffersanintrinsic functionality to activatethesespareunitsin case
oneof therobotsbreaksdown.

Figure4.1 shaws the progressof the robotsup to a certaintime, whenone of the units fails. A
breakdevn of the roboticunit “A” attimet = 7.4 (left), andthe self-oiganizedrecovery, i.e., re-
placemenby unit“L” to providetarget“TO” (middle)is shavn. At thetimetherobotbreaksdown,
it hasalreadydevelopeda preferencdor taget“T0”. Oncethefailureis detectedall coeficients
&ij thatcorrespondo “A” aresetto zero. Theidle units“K” and“L”, in competition,gain pref-
erencetowardsthe releasedarget (right, highlightedrows), andstartmoving. Finally, robot“L”
takesover.

4.2 Re-teaming

A greaterchallangeto the systemis whenarobotsof ateambreakdown. It wouldn't make sense
for the remainingteam-member$o persuewith the assignmensincethey would not be ableto
performthetasks.Ratheyroboticunit thataleft in the brokenteamhave to find new partnersand
eventuallypersuea new assignment.

This scenarids shovn in Figures4.2and4.3.

18
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Figure4.1: BreakDown of units’A’ att = 7.5. Once,the preferencesf 'A’ areerasedunits’K’
and’L’ becomeautomaticallyactive,and’L’ will finally take over.
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Figure4.2: Tentargetsthatrequirea teamof two robots.At t = 10theunits’D’ and’L’ fail. The
remainingrobotsof the brokenteamshave to find new partners.
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Figure4.3: Five tamgetsthatrequireateamof two robots.Whentwo unitsbreakdown, theremain-

ing deviceshave to re-team.
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4.3 Time Scaling

Thetime scalesof the decisionprocesq2.6) andthe navigation procesg?2.10)arelinked by the
controlparamter. This parametedeterminedow fastthe decisionprocesgunswith respecto
the navigationof therobotsto their destinationln mary situationst maybe desirableo have the
assignmenguickly, andthelet the units move straightto their destination(seeFig. 4.4c).

However, Figure4.4 shavs a scenariadhatcouldrepresenthe delivery of goodsfrom onecentral
location(in the bottomleft corner)to several destinations.The delivery off the goodsis crucial,
andthetransportvehiclesareathightrisksto fail. On extraterrestriamissionghatmayverylikely
bethe case.The controlparametecanbe choosen away thatdelaysthe decisionprocesswhile
thevehiclesarealreadymoving in thegeneralirectionto thedestinationsBeforetheassignments
have beenfinalized,therobotshave alreaya generaideaaboutthe outcome pasecnthe stronger
elementof their preferencevector As aresult,thevehiclesarein abetterpositionto changetheir
coursesuddenlywhenoneunit fails. Onecansenda certainnumberof additionaltransportergust
to ensurehatall destinatiorpointsreceve their goods.
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Figure4.4:k =0.75,k = 1.5k = 10.0
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Chapter 5

Communication

An importantpartof theself-oganizedcontrolsystemaswith ary distributedsystemjs theaspect
of communicationthe vehicleshave to receve informationaboutpendingtasks,andthey have to
exchangeheirintentionsin form of preferences;;. Figures5.1and5.2shawv two conceptsvhich
differ in theway theroboticvehicleswould be awareof pendingtasks.In thefirst model(Fig. 5.1)
targetwould announcats presenceindserviceneedsvia broadcastingnessagesk.g. a docking
spacecraft couldannouncets demandsincludingits location,theamountof caigo etc.

Thesecondnodel(Fig. 5.2 assumeshatthetaskswill beidentifiedby therobotsthemseles,e.g.
sunaillancerobotscansendmessagewhenthey detecta problemto the maintenancendrepair
devices.

All communicationganbeimplementedn multicastmessag@assingj.e. amessagsentby one
unit, will berecevedby all robots(in range).Therobotsbroadcastheir preferencegeriodically
therefore,a confirmationprotocolthat ensureshat every messageeacheghe recever is not re-
quired;thelossof informationdoesnot have a significantimpactif the updatemessagearesent
frequently

The natureof the CoupledSelectionEquationy2.6) allows to divide the systemin local regions,
andto implementa hierarchicacommunicatiorstructure(seeFigure5.3).

Equation(2.6) only considerspositive preferencegrom the otherrobots. If the preference®of
anotherobotarenot known, they wont contrituteto the sum,andwont have impacton therobots
decision.Unitsthatareout of rangedon’t competeor the sametasks which will in mostcasede
veryreasonablehecausehey areto far away to getto the job-site.
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Figure5.1: Multicast Communication;Target Demand:taskrequirementslocation, Preferences:
package®f therobots(§;)-vectors.Robotslearnaboutpendingtasksby receving tagetdemand
packagesThey periodicallybroadcastipdatef their preferences.
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Figure 5.2: Multicast Communication,Target Detection: e.g. vision, Taget Demand: task re-
quirementsjocation, Preferencespackage®f the robots(&;)-vectors.Robotsdetecttargets,and
recognizeheirdemandsThey periodicallybroadcastipdate®f their preferenceandinformation
abouttargetsthatthey have detected.
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Figure5.3: Limited rangeof communicationRobotsconsideronly targetsin theirrange.Selected
units canaggraeatepreference®f robotsin theirimmediaterange,broadcasthe informationto
otherregions.
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5.1 Demonstrating the Fault Tolerance

The follwowing shows resultswith simulatedcommunicatiorerrors: messagewill be randomly
droppedwith a givenprobability p. As aresult,therepresentationf the decisionstatewill even-
tually differ amongtherobots.

The simulationprogramis basedon the equationg2.6) and(2.10)asdescribedn section2. The

differentialequationshave beenintegratedby usingthe EuLER-forward methodwith time steps
At = 0.05for the navigationpart(2.10). Thetime scaleof the coupledselectionequationg2.6)is

acceleratetby factork = 3.

Everyrobotrecevesanupdateof the otherrobots’preferences intervalsof © = 1.00. After n=
AQt iterationsthe simulationprogramwill copy the eachrobot’s currentpreferenceto the matrix
(&ij) of ary otherunit. Basedon a randomnumber thatwill be generatedor eachtransaction,
and the packageloss probability p, the programwill decidewhetherthe matrix elementswill
actuallybe copied. It is assumedhatthe robotscommunicatéy sendingdata-packagessinga
non-confirmedgrotocol,suchasUDP. Therefore a data-packageontainingtherecentpreferences
of onerobot, mightbereceved by somebut notall devices.

Tensimulationshave beenrun for eachof tenvaluesfor p. Table5.1 shavs the elapsedime until
every robotof the systemreacheda target andthe final target assignmenof the robots(A-J) for
eachof the simulationruns.

The collision avoidancemaneuer of the robotsextendsthe time they needto reachtheir destina-
tion. If acertainnumberof messagegot lost, robotsmight choosea slightly differentassignment
which canactuallyresultin shortertravel times,becausehe new pathcollideslessoftenwith ob-
stacles.This explainswhy in the presentedimulationsthe averageelapsedime of tensimulation
runswith 20% packagdossprobabilityis lower thanthe valuein the 0% case(Fig. 5.4).

Higher ratesof packagdosseswill violate the constraintof assigningexactly onerobotto every
target. Simulationswith packagdossprobability p > 0.6 may resultin unfeasibleassignments,
wheremorethanonerobotapproachethe sametarget(Figure6.3.d).

Theincreaseof theseincidentswith morefrequentcommunicatiordrop-outss depictedn Figure
5.5. Evenwith no communicatiorat all, robotsstill would approacha tamget. The tamget of their
choicewould dependon the initialization value&;; (0). However, several devices may selectthe
sametarget,andsometargetsmight beleft out.

Our resultsshav that the useddistributed control [5] [9] is extremely stableand robust against
communicatiordrop-outsup to 50%.
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Figure5.4: Elapsedimest;qy Until every robotreachedatarget. The solid line graphshows the
averagetime over the packagdossprobability p.
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Figure5.5: Numbemynfeasibie0f Unfeasiblesolutionsin dependencef the packagdossprobability
p. Unfeasiblesolutionsareassignmentthatallow morethanonerobotsto selectthe sametarget.
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Figure5.6: Simulationrunsfor differentvaluesof the datalossprobability p: a.no messagéoss,
the systenfindsits optimalassignmentatt = 27.1 eachrobothasreachedatamget; b. 20% of the
messagebetweerrobotsgotlost, the elapsedimeis 34.0;
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c. datalossprobabilityp = 0.4 d. datalossprobability p=0.7
Figureb.7: c. 40% packagdoss,t = 42.0 andd. 70%,t = 69.9.
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Table5.1: Simulationresultsfor differentprobabilitiesp for messagdoss. The table shows the
elapsedime tioiq Until every robotof the systenreacheda target, andthefinal targetassignment.
Non-feasibleassignmentarewritten in braclets.

| p # toa  AssignmeniA-J | | p #  total AssignmeniA-J |
0 1 27.1 2138746950 05 1 367 1432867950
2 271 2138746950 2 276 2638741950
3 271 2138746950 3 281 7138642950
4 271 2138746950 4 268 6538742910
5 271 2138746950 5 390 2708416953
6 271 2138746950 6 280 3108256974
7 271 2138746950 7 262 3198746250
8 271 2138746950 8 328 2038746951
9 271 2138746950 9 520 8730249156
10 271 2138746950 10 296 9108247653
0.1 1 293 2138746950 06 1 429 2198453760
2 268 2738146950 2 295 7128640953
3 280 2138746950 3 27.8 [7108942853]
4 325 1738246950 4 36.7 1438207956
5 266 2198746350 5 43.0 [7542836980]
6 216 2138740956 6 334 [8732144950]
7 285 2138746950 7 392 2768453910
8 276 2138740956 8 295 [2138747059]
9 282 2138746950 9 349 2132540976
10 227 2138740956 10 349 9738214650
02 1 243 2108746953 0.7 1 521 7498310652
2 239 2138740956 2 289 1238764950
3 272 2138746950 3 319 8106742953
4 30.6 7198246350 4 30.2 [7883241956]
5 220 2138740956 5 385 3708264951
6 270 2138746950 6 355 1732804956
7 340 1738246950 7 334 [1738240959]
8 21.3 2138740956 8 278 0798146953
9 265 2608741953 9 69.9 [2738946910]
10 241 2738140956 10 29.9 [8193746053]
03 1 26.1 0138247956 08 1 371 [3091248659]
2 264 6708142953 2 237 [3798241959]
3 273 2198746350 3 313 [2138140956]
4 425 2031847956 4 388 [6508749913]
5 245 4138765902 5 333 2197046358
6 286 2138947650 6 394 [3749850956]
7 388 2138047956 7 454 [5188230929]
8 277 3168742950 8 655 [9538807946]
9 285 3108247956 9 46.8 [5139876954]
10 325 2738014956 10 335 [7138946053]
04 1 30.0 2138546970 09 1 342 [2198040653]
2 420 8743216950 2 301 [2188744950]
3 291 2138746950 3 484 [2798517954]
4 372 3108426957 4 456 [2197847950]
5 258 2138176950 5 344 [4199852953]
6 279 2108647953 6 389 [2798564750]
7 445 6198240753 7 302 [2198840953]
8 29.2 0738146952 8 26.0 [2498247953]
9 272 2138746950 9 221 [9138744956]
10 493 9138246750 10 473 [4128857973]
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The succes®f the control systemdependn the intervals betweenupdatesof the elementsof
the preferencemnatrix (¢;;). Both factorsthefrequeng of datamessageandthe probability p of
packagdossescontrituteto the quality of thetaskassignment.

Frequentpackagdossesin the communicationchannelcanbe compensatetly shorterintervals
betweerthebroadcasof updatesin atechnicalimplementationrobotsshouldnot sendmessages
at a fixed rate, but ratherrandomlychangethe time betweentwo transmissions.This canavoid
periodicalpeeksin the datatraffic, whichyield to increasechumbersof packagecollisions(on an
wirelessethernet).



Chapter 6

Distributed Sensor Networ k

The conceptof self-olganizedtaskassignmentanalsobe appliedfor autonomousensorsLike
robots,thesesensorareequippedvith sensinglevices,computatiorcapabilitiesandsomemeans
of communicationThey usuallystayatthelocationthey weredeployedat.

A new paradignin groundsuneillance e.g.,consistof swarmsof autonomouiternettedsensors
thatcanbe usedfor tamgetlocalizationandenvironmentalmonitoring. Theindividual component
is aninexpensvedevice containingmultiple sensotypes,aprocessoandwirelesscommunication
hardware,anda batteryfor power supply[1].

Scatteredveracertainregion, thesedevicesareableto detecthedirectionor proximity of moving
objects.Varioustriangulationmethodsarediscussedh [6] for electro-magnetisensorsvhichcan
alsobe appliedfor acousticandothersensorg3] Oneof the mostlimiting factorof thedevicesis
thebatterysupply In orderto consere power, theseunitsshouldbeableto adjusttheir actiitiesto
thecurrentsituations Enegy consumingsignalprocessinghouldonly be performedf thequality
of theraw sensoidatapromisesa significantimprovementto the localizationresults.

The self-oiganizedcontrol systemallows the devicesto selectthe algorithms’compleity which
balancesherequirement$or goodlocalizationperformancendenepgy conseration. Thedevices
make their selectionrautonomouslybasecn their own sensorydata,informationthatthey receve
from otherdevicesin theregion, andtheamountof enegy they have left.

UnattendedsroundsSensorgUGS), e.g.,may be able obtainsa Direction of Arrival (DOA) es-
timateby anarrayof acousticsensorscamerasor othertype of detectors Whenthe UGS begins
to estimatehe DOA, it is ableto determinea g—factorthatrepresentshe expectedquality of the
recevedsignal. If the g—factoris high, the UGS continuesprocessingo determineandcommu-
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nicatethe DOA. Otherwisethesensomuseghevalueof the g—factorto obtainaroughestimateof
therangeto thetarget.

We usethe statisticsfor the g—factorasa function of Signalto NoiseRation(SNR)for a narrow-
bandacousticsignal at a frequengy of 200Hz [4]. giventamet signals(t). The statisticswere
generatedut of 1,024 simulationruns. Figure 6.1 shows first and secondorder statisticsof the
g—factorasa function of SNR. The sampledcanbe fitted to approximatehe dependeng of the
statisticson SNRusinganalyticexpressionsTheseanalyticexpressiongre

E{q} ~ 2.765x 1o4ﬂ, 6.1)
1104 (snry
and
STD{q} ~ 8126~ 26/1010(SNN-11** 6.2)

Further we assuméheR? enegy dissipatiorlaw wherewe setthenominalSNRatonemeterfrom
thetargetto be60db,i.e., 16P. This allows to expressthe statisticsof ¢ asa functionof range.

6.1 Decison Making

It is critical thatthe sensorsisetheir enegy resourcessefficiently aspossible.For example,in
casethey arenot in a reasonableangeof a target, they shouldnot proceedthe signal process-
ing steps becausehe quality of the localizationwould not justify the investedamountof enegy.
Furthermoreif anumberof othersensorareclosesothatthey producereliabledatafor thelocal-
ization,additionalinformationwill notsignificantlyimprovetheaccurayg of thetamgets’estimated
positions.In sucha case sensorgansuspendandconsere theirresources.

Thedecisionwhetherasensoshouldactively participatan thesurweillanceproces$iasto bemade
in consideratiorwith the stateof all the othersensors.This canbe achiezed by the management
layer that overseeghe sensornetwork. In our approachwe use dynamicalsystemstheory to
implementa distributed problem-soler. The conceptis basedon a specialfamily of dynamical
systemscalledselectionequations.

The sensorsharetheir estimatedOA with eachotherby broadcastingnessagewhich include
theirmeasurementndthesensorpreferencdor performingthetask. Theformatof themessages
canbeof theformat:

e Field 1: Sensoildentification,
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Figure6.1: Measuredstatisticsfor time delay and g—factor estimatesasa function of SNR: (a)
meanof g—factorand(b) standardleviation of g—factor
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e Field 2: SensoiPosition,
e Field 3: EstimatedDOA,
e Field4: Preferencg € [0,1].

Eachsensorkeepstrack of the messageeceved from other sensors.Hereby the exchangeof
messagedoesnotrequireto besynchronousnordoestheentiresystencollapsaf somemessages
getlost. Thetoleranceandresistvity of systemdike this with respecto communicatiorfailures
is similar to whathasbeendiscussedh section5.1.

The sensorsselecttheir modeof operationbasedon the their preferencecoeficient & which in-
cludesthe g-factorof thelastmeasuremensndtheinformationgatheredrom othersensorsThe
developmenf the preferencess givenby the dynamicequation

d. (2 2
aal - E.I (a| Bi;izﬂ) ’ (63)
<

with aj = % andthe scalingfactor 3, which weightsthe contritution of the othersensors For
constantonditionstheg will corvergeto avaluebetweerD andl in thetimelimit. (SeeFig. 6.2).
Thedynamicsof the systemallow only afew valuesto grow while the majority of the parameters

will becloseto zero.

The preferencevalueg is a resultof two competingterms,the sensorsown ability to performthe
task, andthe preference®f the othersensors.The dynamicsof this value follows the dynam-
ical behavior of the g—factor However, even small g—factorscanresultin strongpreferences
whenthereno othersuitablesensorsaround.On the otherside,competitionamongthe sensorss
introducedo limit thenumberof active sensoratatime.

The sensorselecttheir modeof operationbasedn their preferencecoeficienté;:

active if & >0
modge =< observing if B8<=¢& <=0 |, (6.4)
suspended if 6> §;

wherean active sensormperformsDOA and contributesto the target localizationprocessan ob-
serving sensoistopsits signalprocessingfter determininghe g—factor anda suspended sensor
turnsinto sleepmodefor agiventime for maximumenegy conseration.
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gamma ' 1

Figure6.2: Hyperplaneof stablesolutionsin the time limit of (6.3) for differentvaluesof a and
Y= i Eiz,. For valuesy > 1 the stablesolutionis always¢; = 0.

6.2 Simulation Results

The simulationshavs 100 sensorghatarerandomlyscatteredvithin anareaof 4 squarekilome-
ters. Thatis equivalentto 2.5 x 10~° sensorersquaremeterin average.

We createa distribution of g—factorsasa function of the distancedetweensensorsandtargets
accordingto (6.1) and(6.2). Basedon this distribution, arandomnumbergeneratoproduceghe
simulatedg—factorfor eachsensor

With the scalingfactorf = 0.1 in (6.3) andthethreshold® = 0.7 in (6.4) the averagenumberof
active sensorss betweend and5. This depend®n the densityof the sensorsn a particulararea.
A scalingfactorof 3 = 0.05would allow 9 to 10 sensorsn averageto becomeactie.

Figure 6.3 shawvs a sequencef snapshot®f the simulation. The target, depictedin shapeof an
arrov, movesfrom the lower left cornerof the pictureto theright. At certaintimes,morethanthe
desiredour or five sensorareactive. (SeeFig. 6.3b-d.)However, someof thosepreferencesrop
quickly, dueto the competitiontermin (6.3).

We have shavn, thatacousticsensorganindeedevaluatethe quality of their data,andthatthis can
be usedascriteriafor sensomanagementThe proposednmanagemergystemis a distributedde-
cisionprocessvith eachsensorcomputinga segmentof the solution. Theinformation,necessary



40

CHAPTERG6. DISTRIBUTED SENSORNETWORK

Figure 6.3: Snapshotof the simulationin time incrementsof 50 time steps(seconds). From
a)t =850to i) t = 1250. The sensorsare depictedas outlined circles. The size of the solid

corecorresponds$o the sensorgreferencesalueé;. Thearrav indicatesthetarget’s positionand

velocity. (Thesizeof thesymbolsis notin proportionto the scaleof theplot.)
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for this decisionprocessaddsonly a smallportionto theamountof data,thatsensorg&xchangdor
tamgetlocalization.



Chapter 7

Conclusion and Outlook

The objectvesof this projectwereto develop a preliminary mathematicandsimulationframe-
work for cooperatre decisionmakingandassesé#s feasibility within the context of autonomous
mobilerobotsanddistributedsensors.

In particular theresultshave demonstratetheviability of usingthecoupledselectionequationgo

implementrobustanddynamicdecisiormaking. Whenappliedto asamplescenariof taskassign-
mentbetweemmultiple mobileroboticagentgheformulationwasableto demonstrateobustnesso

device failures,resistancéo communicatiorioss,aswell asthe ability to form multi-dimensional
teamsin a real time manner Thesevery encouragingesultssuggest more comprehensie ap-

proachthatcanbeusedto supportthis Phasdl proposal.

CoupledSelectionEquationsarea family of coupleddifferentialequationswith the specificchar

acteristicthat every elementwill corverge to eitherO or onein the time limit. We canusethe
dynamicsto describecombinatorialproblems suchasselectionprocessesBoundaryconditions,
suchasthe requiremenof a permutatione.g. matchingevery elementform one populationwith

anelementfrom thea secondne,canbeimplementedn the designof the functions.

Sofar CSEs areknown only for a few typesof problems,which are presentecherereport. E.g.
assignmenproblemswith varyingnumbersf agentsequirespeciallydesignecequationsFuture
researchwill tagetdifferenttypesof boundaryconditions,andseekto designCSES that satisfy
these.
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