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Abstract

We introducea framework, called “physicomimetics, that providesdistributed control of large collectionsof
mobile physicalagentsin sensornetworks. The agentssenseand reactto virtual forces,which are motivated
by natural physicslaws. Thus, physicomimeticés foundedupon solid scienti ¢ principles. Furthermog, this
framavork providesan effectivebasisfor self-oganization fault-tolerance andself-repair Threeprimary factors
distinguishour framevork from others that are related: an emphasison minimality (e.g., costeffectivenes®of
large numbes of agentsimpliesa needfor expendableplatformswith few sensos), easeof implementationand
run-time efciency. Examplesare shownof how this frameavork hasbeenappliedto constructvariousregular
geometriclattice con gurations (distributed sensinggrids), as well as dynamicbehaviorfor perimeterdefense
and surveillance Analysesare providedthat facilitate systemundestandingand predictability including both
gualitativeandquantitativeanalyseof potentialenegy anda systenphasetransition. Physicomimetickasbeen
implementedothin simulationand on a teamof sevenmobilerobots. Speci csof the roboticembodimenare

presentedn the paper
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1. Intr oduction

Thefocusof ourresearclis to designandbuild rapidly deplo/able,scalableadaptve, cost-efective, androbust
networks of autonomouslistributedvehicles.This combinessensingcomputatiorandnetworking with mobility,
therebyenablingdeplg/ment, self-oganization,andrecon gurationof the multi-agentcollectve. Our objectve
is to provide a scienti c, yet practical,approacho the designandanalysisof aggr@atesensoisystems.

Thegenerapurposdor deplo/ing tensto hundredof suchagentscanbe summarizedis“volumetriccontrol!
Volumetriccontrolmeansmonitoring,detectingtracking,reporting,andrespondingo ervironmentalconditions
within a speci ed physicalregion. This is donein a distributed mannerby deplg/ing numerousvehicles,each
carryingoneor moresensorsto collect,aggr@ate,andfusedistributeddatainto atacticalassessment.heresult
is enhancedituationalawarenessndthe potentialfor rapidandappropriateesponseOur objective is to design
fully automatedcoordinatedmulti-agentsensosystems.

Theteamvehiclescould vary widely in type, aswell assize,e.g.,from nanobotsor micro-electromechanical
systemgMEMS) to micro-air vehicles(MAVs) andmicro-satellites.An agents sensorgerceve the world, in-
cludingotheragentsandanagents effectorsmale changeso thatagentand/ortheworld, includingotheragents.
It is assumedhatagentscanonly senseandaffect nearbyagentsthus,akey challengehasbeento design®local”
controlrules.Not only dowe wantthedesiredglobalbehaior to emegefrom thelocalinteractionbetweeragents
(self-oganization) put we alsorequirefault-tolerancethatis, the globalbehaior degradesvery graduallyif indi-
vidualagentsaaredamagedSelf-repailis alsodesirablein theeventof damage Self-oganizationfault-tolerance,
andself-repairare preciselythoseprinciplesexhibited by naturalphysicalsystems.Thus, mary answergo the
problemsof distributedcontrolcanbefoundin the naturallaws of physics.

This papemresenta framework, called“physicomimetics’or “arti cial physics”(AP), for distributedcontrol.
We usetheterm*“arti cial” (or virtual) becausalthoughwe aremotivatedby naturalphysicalforces,we arenot

restrictedto them[45]. Althoughthe forcesarevirtual, agentsact asif they werereal. Thusthe agents sensors



mustseeenoughto allow it to computethe force to which it is reacting. The agents effectorsmustallow it to
respondo this percevedforce.

We seetwo potentialadvantagedo this approachFirst, in thereal physicalworld, collectionsof smallentities
yield surprisinglycomplex behaior from very simpleinteractionsbetweerthe entities. Thusthereis a precedent
for believing thatcomplex controlis achierablethroughsimplelocal interactions.Thisis requiredfor very small
agents,sincetheir sensorsand effectorswill necessarilybe primitive. Second,sincethe approachis largely
independenof the sizeandnumberof agentstheresultsscalewell to largeragentsandlarger setsof agents.

Threeprimaryemphasedistinguishthe AP framewvork from othersthatarerelated:minimality, easeof imple-
mentation,andrun-timeefciency. First, AP formationsareachieved with a minimal setof sensorsandsensor
information. Therationalefor this emphasiss thatit will: (1) reduceoverall vehiclecost,(2) enablephysicalem-
bodimentwith smallagentsand(3) increasevehiclestealthines#f sensings active. Secondthe paperpresents
theoreticakresultsthattranslatedirectly into practicaladviceon how to setsystemparameter$or desiredswarm
performance.This makesthe roboticimplementatiorstraightforvard. Third, AP is designedo be computation-
ally efcient. Therefore we avoid physics-basedhulti-agentalgorithmssuchas[32], which computepotential

elds andthentransformto forcesatrun-time.Instead AP computegorcesonly at run-time.

The paperis organizedas follows. First, we presentthe generalAP framewvork, which is currently based
on Newtonianphysics,but is extendibleto othertypesof physics.Then,a sequencef examplesshavs how the
framavork hasbeenappliedto constructvarietyof bothstaticanddynamicmulti-agentformationsandbehaiors.
Thisincludesregulargeometridatticesfor distributedsensingaswell asdynamicbehaiors for suneillanceand
perimeterdefense.Fault-toleranceandself-repairareaddresseth the context of theseapplications.Theoretical
analysesare provided that facilitate deepersystemunderstandingnd predictability including qualitatve and
guantitatve analysef a systemphasetransitionand of systempotentialenegy. Then, detailsare provided
regardingthe physicalimplementatiorof AP on a teamof seven robotswith minimal sensingcapabilities. We

concludewith discussion®f relatedandfuturework.



2. The PhysicomimeticsFramework

The basicAP framework is elegantly simple. In essenceyirtual physicsforcesdrive a multi-agentsystemto
a desiredcon guration or state. The desiredcon guration (state)is onethat minimizesoverall systempotential
enegy. In essencehe systemactsasa moleculardynamicg ) simulation.

At an abstractlevel, AP treatsagentsas physicalparticles. This enableshe framewvork to be embodiedin
vehiclesrangingin size from nanobotso satellites. Particlesexist in two or threedimensionsand are point-
masses.Eachparticle hasposition andvelocity . We usea discrete-timeapproximationto the continuous
behaior of thesystemwith time-step . At eachtime step thepositionof eachparticleundegoesaperturbation

. Theperturbatiordepend®n the currentvelocity; i.e., . Thevelocity of eachparticleat eachtime
stepalsochangedy . Thechangen velocity is controlledby the force on the particle,i.e., ,
where is the massof thatparticleand is theforce on thatparticle! A frictional forceis included,for self-
stabilization.This is modeledasa viscousfriction term,i.e., the productof aviscositycoefcient andtheagents
velocity (independentlynodeledn the samefashionby Howardetal. [23]).

We requirethat AP map easilyto physicalhardware, and our modelre ects this designphilosophy Particle
massallows our simulatedrobotsto have momentum.Robotsneednot have the samemass.Thefrictional force
allows usto modelactualfriction, whetherit is unavoidableor deliberate With full friction, therobotscometo a
completestopbetweensensorreadingsandwith no friction the robotscontinueto move asthey sense.Thetime
step  re ects the amountof time the robotsneedto performtheir sensomreadings. If the time stepis small
therobotsgetreadingsrequently whereadf thetime stepis large readingsare obtainedinfrequently We have
alsoincludeda parameter , Which restrictsthe maximumforcefelt by a particle. This providesa necessary
restrictionon the acceleratiora robotcanachieve. Also, a parameter restrictsthe velocity of the particles,

whichis very importantfor modelingrealrobots.

1 and denotethemagnitudeof vectors and .



Althoughour framevork doesnot requirethem,our designphilosophyre ects furtherreal-world constraints.
The rst is thatAP beasdistributedaspossibleandthe seconds thatwe requireaslittle informationaspossible.
To this end,we assumehatsensorareminimal in informationcontentandthatthe sensorgpassie andactive)
areextremelylocalin nature.Occasionallywe have to rely on very smallamountsof globalinformationand/or
control, but this is doneasinfrequentlyaspossible.If real-world systemdhave aricher suiteof information,we
cantake advantageof it, but we do notrely onthatinformationfor the systemto function.

Dueto the particle-like natureof our simulation,oneimportantaspecbf therealworld is not modelednamely
collisionsof robotswith otherrobotsor objectsin the ervironment. This wasa deliberatedesigndecision,since
we wantedAP to be asplatformindependenaspossible.Oncea physicalplatformis selectedthataspecbf the
simulationmustbe modeledseparatelyand a lower-level algorithmis responsibldor collision avoidance. For
example,with small physicalrobots,gentlecollisions can be toleratedand dealtwith by using simple bumper
sensor@ndroutines.However, with MAVS, collisionsmustbe avoided. The AP frameavork canavoid collisions
throughstrongrepulsve forces,but if additionalguaranteearerequiredthenthey mustbe modeledseparately

Also, we do not modelthe behaioral dynamicsof the actualrobot. Although our robotscanstopandturnon
a dime, otherplatforms,suchas MAVs, may not have this capability AP is analgorithmthatdeterminesway
points”for the physicalplatforms.Lowerlevel softwareis necessaryo controlthe movementof therobotstoward
their desiredocations.

Given a setof initial conditionsandsomedesiredglobal behaior, it is necessaryo de ne what sensorsef-
fectors,andlocal force laws arerequiredfor the desiredbehaior to emege. This is explored,in the next few
sectionsfor a variety of staticanddynamicmulti-agentcon gurations. Our implementatiorwith robotsis dis-

cussedn Section?.



3. HexagonallLattices

Theexampleconsideredn this sectionwasoriginally inspiredby anapplicationthatrequiredaswarmof MAVs
to form a hexagonallattice, thuscreatinga distributed sensinggrid [25]. Suchlatticescreatea virtual antennaor

syntheticapertureradarto improve radarimageresolution.

3.1 DesigningHexagonalLattices

SinceMAVs (or othersmallagentssuchasnanobotsill have simplesensorsand primitive CPUs,our goal
wasto provide thesimplestcontrolrulesrequiringminimal sensorandeffectors.At rst blush,creatinghexagons
appearso be somavhatcomplicatedrequiringsensorghatcancalculatedistancethe numberof neighborstheir
anglesetc. However, only distanceandbearinginformationis required. To understandhis, recallan old high-
schoolgeometrylessonin which six circlesof radius can be dravn on the perimeterof a centralcircle of
radius . Figurel illustratesthis constructionlf the particles(shavn assmallcircularspots)aredepositechtthe

intersection®f thecircles,they form a hexagonwith a particlein themiddle.

Figure 1. Six circles can be drawn on the perimeter of a central circle, forming a hexagon at the
inter section of the circles.

The constructionindicatesthathexagonscanbe createdvia overlappingcirclesof radius . To mapthisinto
a force law, imaginethat eachparticle repelsother particlesthat are closerthan , while attractingparticles
thatarefurtherthan in distance. Thuseachparticle hasa circular “potential well” arounditself at radius
— andneighboringparticleswill be separatedby distance . Theintersectionof thesepotentialwells is a form

of constructie interferencethat creates'nodes” of low potentialenegy wherethe particlesarelikely to reside.



Thenodesarethe smallcircular spotsin the previous gure. Thusthe particlessene to createthe very potential
enegy suriaceto which they areresponding.Note thatthe potentialenegy surfaceis never actuallycomputed
by the robots. Robotsonly computelocal force vectors. Potentialenegy is only computedfor visualizationor
mathematicaanalysis.

With this in mind we de ned a force law , where is the magnitudeof the force

betweentwo particles and , and is the distancebetweenthe two particles. The variable is a userde ned

power, which rangesfrom -5.0to 5.0. When the force law is constantfor all distances.Unlessstated
otherwisewe assume and in this paper Also, for all particles. The “gravitational
constant” is setat initialization. The forceis repulsve if andattractve if . Eachparticlehas

onesensothatcandetectthe distanceandbearingto nearbyparticles. The oneeffectorenablesnmovementwith
velocity . Toensurdhattheforcelaws arelocal, we allow particlesto senseonly theirnearesheighbors.
In aperfecthexagon,nearesneighborsare  away, andnext nearesheighborsare ~ away. Hence particles
have avisualrangeof only

Figure 2 shavs the magnitudeof theforce , when , 1,200, , and (the system
defaults). Therearethreediscontinuitiesn the forcelaw. The rst occurswherethe force law transitionsfrom

to . The secondbccurswhentheforcelaw switchesfrom repulsve to attractve at . The
third occursat , whentheforcegoesto 0.

Theinitial conditionsarealsoinspiredby theMAV application.TheMAVs arereleasedrom acanistedropped
from a plane,thenthey propeloutward (dueto repulsve forces)until the desiredgeometriccon guration is
achieed. A two-dimensionalGaussiarrandomvariable (variance ) initializes the positionsof all particles.
Theirvelocitiesareinitialized to 0.0, althoughthe framewvork doesnot requirethis. An exampleinitial con gura-
tion for particlesis shavn in Figure3 (left). The200particlesmove for 1,000time stepsusingthisvery
simpleforcelaw (seeFigure3, right). For 50, 1,200providesgoodresults. Thesevaluesremain x ed

throughouthis paperunlessstatedotherwise.
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Figure 2. The force law, when 50, 1,200, 2 and 1. The force has a maximum
magnitude of 1 and a magnitude of 0 at 75. The force is repulsive when the distance is less
than 50 and attractive when the distance is between 50 and 75.

Figure 3. Initiall y, the particles are assumed to be in atight cluster 0 (left). Then particles repel
and after 1,000 time steps form a good hexagonal lattice (right).

Therearea numberof importantobserationsto make aboutFigure3 (right). First, areasonablyvell-de ned
hexagonallattice hasbeenformedfrom the interactionof simplelocal force laws thatinvolve only the detection
of distanceandbearingto nearbyneighbors.The hexagonallatticeis not perfect—thereis a aw nearthe center
of the structure. Also, the perimeteris not a hexagon, althoughthis is not surprising,given the lack of global
constraints. However, mary hexagonsare clearly embeddedn the structureand the overall structureis quite
hexagonal.Secondgeachnodein the structurecanhave multiple particles(“a cluster”). Clusteringis anemegent
propertythat providesrobustnessbecausehe disappearancfailure) of individual particlesfrom a clusterwill
have minimal effect. Clusteringdepend®nthevalueof , whichwe explorelaterin this section.

Theformationshowvn in Figure3 (right) is stable,anddoesnot changeto ary signi cant degreeas increases

pastl,000.Thedynamicsof thesystem(  1,000)is fascinatingo watch,yetis hardto simply corvey in apaper



As opposedo displayingnumeroussnapshotsye insteadmeasuravell-de ned characteristic®f the systemat

every time step.Thesecharacteristicprovide usefulinsightsinto the systemdynamics.

3.2 Evaluating Lattice Quality

The rst characteristieve consideredvasorientationerror, in thesensehatthe orientationof thelatticeshould
bethe sameeverywhere.To measurehis characteristicchooseary pair of particlesseparatethy . We use
insteadof  to smoothoutlocal noise,sincewe careaboutglobal error Speci cally, two particlesareseparated
by if . Thesetwo particlesform aline sggment. Thenchooseary otherpair of particles
separatetly , forminganothetine sgment.Measurgheanglebetweerthetwo line sggments.For ahexagonal
lattice,thisangleshouldbecloseto somemultipleof . Theerror is theabsoluteralueof thedifferencebetween
the angleandthe closestmultiple of 60. The maximumerroris andtheminimumis . To evaluatelattice
quality, we averagedheerrorover all distinctpairsof particlepairs.

Sinceerrorrangedrom to ,theaverageerrorat is . Thentheerrordecreases therateatwhich
thedecreaseccursindicateshow quickly the systemis stabilizing. For this systemtheerrordecreasesmoothly
until , resultingin a nal errorof over thewhole structure(averagedover 40 independentuns,with

). Furtherimprovementscanbe achiered by graduallyreducingfriction astime progresses.

3.3 Obsewing a Lattice PhaseTransition

The secondcharacteristiave consideredvasthe size of clustersat the lattice nodes. For eachparticle we
countedthe numberof particlesthatwerecloseto ( ). We alwaysincludedthe particle itself, so
theminimum cclustersizeis 1.0. This wasaveragedover all particlesanddisplayedfor every time step(Figure4,
left). At particlesareclosetogetheryielding a high clustering. Theparticlesthenseparatedueto repulsion,
so that by the particlesare apart. However, after clustersre-emege, with a nal clustersize of

roughly 2.5. The re-emegenceof clusterssenesto lower the total potentialenegy of the system,andthe size



of there-emegedclustersdependon , , andthegeometryof the system.We summarizehereoneinteresting
experimentwith . We continuedthe previous experiment,evolving the systemuntil 2,500. However, after

1,000, isloweredby  ateverytimestep.Theresultsareshavn in Figure4 (right).

Hexagonal Lattice Cluster Size Effect of Gravity on Cluster Size
T T T T T T T

3
2.8
2.6
2.4
2.2

2
1.8
1.6
1.4
1.2

20
18 |
16 |-
14
12
10

Size of Clusters

Size of Clusters
T T T T T T T T T
1 1 1 1 1 1 1 1 1

W T Y R T NN T

N A O

Lol e e L

1 (. 1 1 1 1 1 1
10 . 100 1000 1000 1200 1400 1600_1800 2000 2200 2400
Time Time

Figure 4. Initiall y, the particles have many nearby neighbor s. Then the particles repel and separate
at 6. As the hexagonal lattice forms, some particles form small clusters at the nodes of low
potential energy 10 (left). After 1,000 time steps is decreased linearl y. At 2,200 ( 700),
the small cluster s suddenly separate again, showing a phase transition (right). Note that the y-axis
scale is diff erent in the two graphs.

We expectedthe averageclustersize to linearly decreasavith |, but in fact the behaior was much more
interesting.Theclustersizeremainedelatvely constantuntil 2,000( ). At this pointtheclustersize
dramaticallydroppeduntil 2,200( ), wherethe particlesare separatedclustersizeis one). Thisis

very similarto a phaseransitionin naturalphysics.e.g.,from asolid to aliquid.

3.4 Analysisof the PhaseTransition

A primary objective of our researchis to modelandanalyzemulti-agentbehaior, thusenablingpredictions
and,if neededcorrections.Comple, evolving multi-agentsystemsarenotoriouslydif cult to predict.It is quite
disconcertingvhenthey exhibit anomaloudehaiors for which thereis no explanation.Becauseé\P is built upon
fundamentaphysicsprinciples,it canbe modeledandanalyzedusingtraditionalphysicstechniquesthusleading

to explanatoryphysics-basethws.
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Considerthe caseof the obsered phaseransitionjust described We rst conductecda qualitativeanalysisof
this transition. In particular we exploredmathematicalisualizationsof the virtual potentialenegy (PE) elds.
By de nition, , Where is the traditional variableusedfor PE. This line (path)integral is a
measuref thework doneby avirtual particle to getto somepositionin theforce eld.

A line integral may be usedto calculatePE if the forceis (or is approximately)conserative becausen that
casethework to getfrom point to point is independentf the pathtaken. Theforce eld is conserative if its
curl (ameasuref rotationof the vectorforce eld nearapoint)is zero. Dueto the radial symmetryof our force
law, thecurlis zeroeverywhereandthe PE eld is meaningful.

Figure 5 (left) illustratesthe PE eld for a systemof seven particlesthat have stabilizedinto a hexagonal
formation( 1,200).Lightershadingepresentsigh positve PE,while blackrepresent®w (zeroor negative)
PE.It isimportantto realizethatthe PE eld shavn doesnotillustratethestability of thesevenparticles becausé
is notfrom the point of view of ary of thoseserenparticles.Indeed;t is possibleto construcsuch eld diagrams,
andthey shaw thatall sesen particlesarevery stable.However, Figure5 (left) illustrateswhatwould happenf a
new eighthvirtual particlewerebroughtinto thesystem.Thus,the PE eld is from the pointof view of thatvirtual
particle,andthePEateach( ) positionis computedrom the pointof view of avirtual particleatthatposition.
Positve PE indicatesthatwork is requiredto pushthe virtual particleto thatposition. Negative PE indicatesthat
work is requiredto pushthevirtual particleawayfrom thatposition. A virtual particleplacedin this eld moves
from regionsof high PEto low PE.For example,considerthe centralparticle,whichis surroundedy aregion of
low PE.A virtual particlethatis closeto the centralparticlewill staynearthatcenter Thusthe centralparticle
is in a PEwell thatcanattractanotherparticle. This is not surprising,sincewe shaved earlierthata  of 1,200
resultsin clustering.

Now lower to 800. Figure5 (center)illustratesthe PE eld. While the centralPEwell is not aslarge asit
waspreviously, it canstill attractanotherpatrticle. Finally, lower to 600 (Figure5, right). The centralPE well

no longerexists. The centralparticleis now surroundedy regionsof lower PE — thusa virtual particlenearthe
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Figure 5. The PE eld when 1,200 (left), 800 (middle), and 600 (right), for a system
of seven particles. The PE eld at each position is computed from the point of view of a
virtual particle at that position. Bright areas represent areas of positive potential energy, while black
represents negative potential energy. A potential well surrounds the central particle for 800 but
that well disappear s when 600.

centralparticlewill move away from thatparticle. A phasdransitionhasoccurredandclusteringceases.

Visualizationof the PE eld hasled to anunderstandingf whythe behaior of the dynamicalsystemexhibits
aphasdransition.Large forcesresultin deeppotentialwells, allowing particlesto form very stablesensinggrids,
with multiple particlesclusteringat nodesof low PE. In this situationthe formationactslike a solid. The phase
transitionoccurswhenthe potentialwells disappearAt this point, the forcesthat promoteclusterfragmentation
arestrongerthantheforcesthatpromoteclustercohesionln this situationthe formationactslike aliquid.

We have now setthe stagefor a quantitativeanalysisof the phasdransition.In particular we wantto calculate
thevalueof (in termsof otherparametesettingswherethe phasdransitionwill occur Basedonthequalitatve
analysiswe derived a standardbalanceof forceslaw to predictthe phaseransition. This quantitatve law states
thatthe phasetransitionwill occurwhenthe cohesionforce, which keepsa particle within a cluster equalsthe
fragmentatiorforce, which repelsthe particlefrom the cluster[19]. To specifythislaw, it is necessaryo derive
theexpressiongor theseforces.

Figure5 (right) indicatesthata particleplacednearthe centralparticlewill escapealongtrajectorieghatavoid
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theperimetelparticles.Thishasbeencon rmed via obserationof thesimulation.We depicttheseescapgathsin
Figure6. In this gure, therearetwo particlesatthecenterof theformation,andoneparticleeachatthe perimeter
nodes. Label one of the two particlesin the centeras“A.” Dueto symmetry without lossof generalitywe can
focusonary of theescapgathsfor particleA. Let usexaminetheescapgathsalongthe horizontalaxis. Particle
A canbe expelledalongthis axis by the othercentralparticle,which exertsarepulsve force of (because

is small). Thereforethefragmentatiorforce uponparticleA is

Figure 6. If two particles are at the center of a hexagon formation, one particle can escape along any
of the six paths directed between the outer particles.

Next, we derve an expressiorfor the cohesiorforce on A. Particle A is held nearthe centerby the perimeter
particles. Without loss of generalitywe againfocus on the horizontalaxis. Considerthe force exertedby the
four perimeterparticlesclosestto the horizontalaxis, on particleA. If A movesslightly to theright (or left), two
particleswill pull A backto the center(attraction)while two particleswill pushA backto the center(repulsion).
All four particlescontrilute to the cohesiorof the centralcluster For eachparticle,the magnitudeof this force
is . The projectionof this forceon the horizontalaxisis ~  timesthe magnitudeof this force — because
the anglebetweenthe chosenperimeterparticlesandthe horizontalaxisis . Sincetherearefour perimeter
particlesexertingthisforce (theremainingtwo have aforceof 0 afterprojection) we multiply thisamountby four
to getatotal cohesiorforce of

Whenthe cohesiorforceis greaterthanthe fragmentatiorforce, the centralclusterremainsintact. Whenthe
fragmentatiorforceis greaterthe centralclusterseparatesThe phasetransitionoccurswhenthe two forcesare

in balance: B . Thusthe phasetransitionwill occurwhen . We denotethis
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valueof as . Thusourphasdransitionlaw is:

We testedthis law for varying valuesof , , and . Theresultsareshavn in Table 1, averagedover
10 independentuns,with . The systemevolved until equilibriumwith ahighvalueof . Then was
graduallylowered.Clustersizewasmonitoredandwe notedthevalueof =~ whentheaverageclustersizedropped
belov 1.5. Theobseredvaluesarevery closeto thosethatarepredictedwithin 6%), despitetheenormougange
in the magnitudeof predictedvalues(approximatelyfour orders). The varianceamongrunsis low, with the

normalizedstandardleviation beinglessthan5.7%.

Table 1. The predicted/obser ved values of for different values of , , and . The three
columns under have 2. The three columns under have 1. The predicted values
are very close to those that are obser ved.

0.5 1.0 2.0 15 2.0 3.0

25 90/87 180/173 361/342 36/35 902/874 4,510/4,480
50 361/355 722/687  1,440/1,430, 102/96  5,100/5,010 36,100/35,700
100 | 1,440/1,410 2,890/2,840 5,780/5,630| 289/277 28,900/28,800 289,000/291,000

Theseresultsindicatethatwe have avery goodpredictorof , which incorporateshe mostimportantsystem
parameters, , and . Noticethat (the numberof particles)doesnot appearin our law. The phase
transitionbehaior is largely unafectedby , dueto thelocal natureof theforcelaw.

Therearesereralusesfor this equation.Not only canwe predictthevalueof  atwhich the phasetransition
will occur but we canalsouse  to helpdesignour system.For example,a value of will yield the
bestunclusteredormations while a valueof will yield the bestclusteredormations.Thereasorfor

thisis exploredin the next section.
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3.5 Consewation of Energy and the Role of Potential Energy

Becausdhe forceis conserative, AP shouldobey conseration of enegy. Furthermoreaswe shall see,the
initial PE of the startingcon gurationyieldsimportantinformationconcerninghe dynamicsof the system.

First, we measuredhe PE of the systemat every time step,usingthe pathintegral shavn earlier Thisis the
amountof work requiredto pusheachparticleinto position, one after anothey for the currentcon guration of
particles.Becausehe forceis conserative, the orderin which the particlesarechoseris not relevant. Thenwe
alsomeasuredhekineticenegy (KE) of theparticles( ). We modeledfiction asheatenegy. If thereis no

friction, the heatenegy components zero.

Conservation of Energy
100 ————

BO [y e e Energy ]

60 |- Heat Energy

40 |

Energy

20 | Potential Energy

Kinetic Energy

-20

Time
Figure 7. Conservation of energy, showing how the total energy remains constant, although the
amount of diff erent forms of energy changes over time. In the beginning, all energy is potential

energy. This is transformed to kinetic energy when the particles move, and nall y to heat as the
particles stabiliz e due to friction.

Figure7 illustratesthe enegy dynamicsof AP. As expected thetotal enegy remainsconstanovertime. The
systenstartswith only PE.Notethatthegraphillustratesoneof thefoundationaprinciplesof AP, namely thatthe
systemlowersPE until aminimum s reached.This re ects the stability of the nal aggrg@atesystemrequiring
work to move the systemaway from desiredcon gurations(thusincreasingPE).

As the systemevolves, PE is corvertedinto KE and heat, and the particlesexhibit maximummotion (see

Figure7). Finally, the particlesslow, andonly heatremains.Note that PE is negatve aftera certainpoint. This
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The Best Hexagonal System Configuration when p = 2 The Best Hexagonal System Configuration when p = 3
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Figure 8. The amount of potential energy of the initial con guration of the hexagonal lattice system
is maximiz ed when 1,300 and 65,000, for a 200 particle system, when 2 (left) and

3 (right). The arrows show the values of and , Where is the maxim um setting
of

illustratesstability of individual particles(aswell asthe collectve) — it would requirework to pushindividual
particlesout of thesecon gurations. Hencethis graphshaws that the systemis resilientto moderateamountsof
forceactingto disruptit, oncestablecon gurationsareachieved. Thisissuewill beaddresseth the next section.

The initial con guration ( ) PE also predictsimportantpropertiesof the nal evolved system,namely
how well it evolvesandthe sizeof the formation. Higherinitial PE determineshat morework will be doneby
the system- andthe creationof biggerformationsrequiresmorework. Higherinitial PEis alsocorrelatedwith
betterformations becauséiigherPE leadsto greateiinitial linearmomentunof the particles.As with simulated
annealingthis momentuncanhelp overcomeproblemswith local optima.

For example considetFigure8 (left), which shavs the PE of theinitial con gurationof the200particlesystem,
when , for differentvaluesof . Inthegraphs, isthevalueof atwhich PEis maximized,and
is the largestusefulsettingof . Interestingly PEis maximizedat the rangeof valuesof  (1,200-— 1,400)that
have beenfoundempiricallyto yield thebeststructuresTo testthis hypothesisye recalculatedPE for thesystem
when . Theresultsareshavn in Figure8 (right). Again, maximumPEis achievedfor a valuethatis very
closeto thosethatyield the beststructures.

As with thephasdransitionanalysisthegoalis to derive agenerakxpressiorfor . We rst needo calculate
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Figure 9. The force law, when 4,000 (left) and 5,625 (right), representing the second and
third situations. The force has a maximum magnitude of 1 and a magnitude of 0 at 75. The

force is repulsive when the distance is less than 50 and attractive when the distance is between 50
and 75.

thepotentialenegy, . We begin by calculatingthe PE of atwo particlesystem.

It is necessaryo considerthreedifferentsituations,dependingon the radial extentto which dominates
the force law . Recallthatagentsuse when . This occurswhen or,
equvalently when . The rst situationoccurswhen is usedonly at closedistances,
i.e.,when (seeFigure2). The secondsituationoccurswhen . Thethird situation
occurswhen . In the third situationthe force law hasa constanimagnitudeof ,and remains

constantwith increasing (seeFigure9, left andright).

Let usnow computethe PEfor the rst situation which requireshecalculationof threeseparaténtegrals. The

rst representtheattractve forcefelt by oneparticleasit approachethe other from adistanceof to .The
seconds therepulsve force of when and . Thethird representshe repulsve force
of when . Then:

The rst termis negative becaus¢heforceis attractve, whereaghelattertwo termsarepositve becauseheforce
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is repulsve. We assumehat , SinceAP is notrunwith thatsetting.Solvingandsubstitutingior  yields:

Thesecondsituationis similar. The computatiorof PEis:

Solvingandsubstitutingfor  yields:

Finally, thethird situationis:

Solvingandsubstitutingfor  yields:

The rst situationoccurswith low , when . The secondsituationoccurswith highervalues
of , when . Thethird situationoccurswhen . In the third
situationthe PE of the systemremainsconstantas  increasegvenfurther Thusthe maximumusefulsettingof

is . We canseethisin Figure8 (whichrepresenthefull curvesover all threesituations)
for valuesof 5,625and 421 ,875espectiely. Above thesevaluesof , PE staysconstant.

It is now simpleto generalizéahecomputationgor to particlesdenotechs . Regardles®f thesituation,

we canbuild the particlesystemoneparticleatatime,in ary order(becausdorcesareconserative), resulting
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in anexpressiorfor thetotalinitial PE:

where is de ned above for thetwo particlesystem.

Now that we have a generalexpressionfor the potentialeneqgy, , we needto nd thevalueof that
maximizes . First, we needto determinewhetherthe maximumoccursin the rst or secondsituation. The
slopeof the PE equationfor the secondsituationis strictly negatve; thusthe maximummustoccurin the rst
situation.To nd themaximum,wetakethederivative of  for the rst situationwith respecto , setit to zero,

andsolvefor . Theresultingmaximumis:

The value of doesnot dependon the numberof particles,which is a nice result. This simpleformulais

surprisinglypredictve of the dynamicsof a 200 particle system. For example,when , , and

. 1,406, which is only about7% higherthanthe value shavn in Figure 8 (left). Similarly, when

: 64,429 ,which is very closeto the valueshavn in Figure8 (right). The differencesn valuesarise

becauseur simulationhasinitial conditionsspeci ed by a 2D Gaussiarrandomvariablewith a small variance
, whereaur analysisassumes . Despitethis difference theequatiorfor worksquitewell.

In Section3.4, empirical obserationssuggestedhat the bestclusteredformationsoccurwhen

Thisis equvalentto statingthat , becausenaximum is correlatedvith thebestformations.Using

our prior expressiongor and ,theratiois:
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Theratiodepend®nly on andthesensorangebut noton or .For and we getratiosof 1.9
andl.77respectrely, which agreenicely with empiricalobserations.

Our nal obsenrationisthatas isincreasedeyondtheoptimalpoint , PEdecreasegijeldinglessenegy
to build large formations.As anexample,for , with , we foundempiricallythatwhen 1,200,
thenumberof clustersn the nal formationwas29. When wasdoubledto 2,400the numberof clustershalved
to 16. Finally, when wasdoubledagainto 4,800the numberof clusterswas?. In this situation 5,625.
When is setto the maximum,aminimal structureconsistingof four clustersan a diamondformationis created.
Thisresultappeargo holdin generalyegardlessof systemparameters.

In summarywe have built apictureof how to setthevalueof , givenothersystenparameterst-or unclustered
behaior, set to beslightly lower thanthe phasetransitionpoint . For the bestclusteredbehaior with the
largestformations,set to (whichis greatetthan ). For the smallestformationswith maximalclustering,

set to . We arecurrentlyattemptingto predictthe numberof clustersgiven

3.6 Robustness

If , andthe systemhasreachedequilibrium, thenit is very robust with respecto the disappearance
of numerousatrticles. Sincelattice nodesof low PE arecreatedvia the intersectionof mary circular PE wells,
theremoval of particlesfrom a nodedecreasethe PE well depthof neighboringnodesbut usuallydoesnot alter
the lattice structure. The lattice is also presered becausenon-neighboringhodesare unafectedby the particle
removal — sincethey areout of sensingange.However, if enoughparticlesdisappeafrom anode the balanceof
forcesat neighboringnodescanchangeenoughto causeparticlesin thoseneighbomodesto mave. In particular
if the clusterfragmentatiorforce exceedshe cohesiorforce at a neighbormode,thenoneor moreparticleswill
be ejectedfrom thatcluster Neverthelessan ejectedparticlewill move to anothemodeof low PE. If this node
waspreviously empty thenthe movementjust describedwill partially repairthe lattice. In summarythe lattice

structuredegradesslowly, exceptfor possiblefragmentationinto disjoint setsin very rare situations,or whena

20



very large percentagef particlesareremoved. Figure 10 shaws this clearly Beginning with 99 particles,10
particlesareremoved, thenanother20, and nally another20. Remaoed particlesarerandomlychoserfrom the
interior and perimeterof the lattice. The latticeis reducedn overall size,but its overall structureand integrity

remainintact. Thelinesin this gure representheforcebondsbetweemarticles,andareusefulfor visualization.

F= 9000/ @) * @0) forr<L§ R& F<1.0

F= 9000/ ()~ 20) forr<1S R & F<L.0 . F=9000/ (" 2.0)fo

Figure 10. Beginning with 99 particles (top left), 10 particles are randoml y removed (top right), then
another 20 (bottom left), and nall y another 20 (bottom right). The overall structure and integrity
remain intact, demonstrating robustness.

The conceptof PE alsoprovidesa naturalmechanisnfor self-repairof formationsif they aredisturbed.The
disturbance#ncreasePE, andthe systemattemptgo correctitself by lowering PE again. To testthe ef cacy of
this approachwe addeda simulatedblast(e.g.,an explosionthat causes gustof wind) to our simulation. Weak
gustswhich causebendsin the formation,areeasilyrepairedwith AP. More seseredisturbanceghatdistortthe

shapeof the perimeterrequiremonitoring,checking,.andsteeringtechnique$18].
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4. Square Lattices

Giventhesuccess$n creatinghexagonallattices,we investigatedtherregular structures.The squardatticeis

anolviouschoice,sinceit alsotilesa 2D plane.

4.1 DesigningSquare Lattices

The succes®f the hexagonallattice hingeduponthe factthatnearesnheighborsare in distance.Thisis not
truefor squaressinceif thedistancebetweerparticlesalonganedgeis |, thedistancealongthediagonais
Particleshave no way of knowing whethertheir relationshipto neighborss alonganedgeor alonga diagonal.

Onceagainit appearshatwe needto know anglesor the numberof neighbordo solve this dif culty . However,
amuchsimplerapproactwill dothetrick. Supposesachparticleis givenanotherattribute, called“spin”. Half of

the particlesareinitialized to be spin“up”, whereaghe otherhalf arespin“down”.?

Figure 11. Square lattices can be formed by using particles of two “spins”. Unlike spins are  apart
while like spins are apart.

Considerthe squaredepictedin Figure11. Particlesthatarespin up areopencircles,while particlesthatare
spindown are lled circles.Particlesof unlike spinaredistance from eachother whereagarticlesof like spin
aredistance ~ from eachother This “coloring” of particlesextendsto squardattices,with alternatingspins
alongtheedgesf squaresandsamespinsalongthediagonals.

Figurellindicateshatsquardatticescanbe createdf particlessensenotonly distanceandbearingto neigh-
bors,but alsotheir spin. Thussensorsnustdetectonemorebit of information,spin. We usethe sameforcelaw as
before: . However, isrenormalizedo ~ if two particleshave thesamespin. Onceagainthe

forceis repulsve if andattractve if . The oneeffectorenablesnovementwith velocity

23pinis merelya particlelabelandhasno relationto therotationalspin usedin navigationtemplateg43].
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Figure 12. Using the same initial conditions as for the hexagonal lattice , 200 particles form a square
lattice by 4,000, but global a ws exist.

To ensurghattheforcelaw is local, particlescannotseeotherparticlesthatarefurtherthan , where if
particleshave like spinand1.7 otherwise.

Theinitial conditionsare the sameasthosefor the hexagonallattice. The 200 particlesmove for 4,000time
steps(the systemis somavhat slower to stabilizethanthe hexagon),usingthis very simpleforcelaw. The nal
resultis shavn in Figure12. Again, we measurerientationerrorby choosingpairsof particlepairsseparatetby

. By insistingthateachparticlepair haslik e spins,we ensurethatpairsarealignedwith the rows andcolumns
of thelattice. In this casethe anglebetweernhe two line sggmentsshouldbe closeto somemultiple of . The
erroris theabsolutevalueof thedifferencebetweertheangleandtheclosesmultiple of 90. Themaximumerroris

while theminimumis . Averagedver40independentuns,the nal errorwasabout , With

Theresultsareclearly suboptimal.Locally, the particleshave formedsquardattices. This canbe obsered by
notingthatthe spinsalternatealongthe edgesf squareswhereaspinsarethe samealongdiagonals Onceagain
each“node” in the lattice canhave multiple particles,providing robustnesqthe averageclustersizeis roughly
1.75). However, large global a ws split the structureinto separatesquardattices. Thus,althoughthe local force
laws work reasonablyvell, they (not surprisingly)do not rule out dif culties atthe globallevel. The questionis

whetherglobalrepairis neededr whetherocal repairswill sufce.
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Figure 13. Using “spin-ip” local repair, the 200 particles form a better square lattice at 4,000.
Global a ws are almost absent although some local a ws still exist.

4.2 Local Self-Repairof Square Lattices

As with otherphysicalsystemsnoisecanhelpremove global awsin structuresFurthermoresystemshould
alsoself-repairatthelocallevel. For example,if all particlesataparticularlatticenodearedestryed,alocal hole
opendn thelattice. Ourgoalis to provide asimplemechanisnthatrepairshothlocal andglobalfaults. To achieve
this goalwe focusedagainon the conceptof spin. Figure12 indicatesthat clustersarealmostalwaysmadeup of
particlesof like spin. Thereis anaversionto having clustersof unlike spins.

Spinsaresetatinitialization. Whatwould happenthough,if oneparticlein aclusterof like spinschangespin?
It could y away from that clusterto anotherclusterwith the samespinasit now has. It could alsoland at an
emptynodewhich, althoughempty is still anareaof verylow PE.In essence;lustersepresenhodeswith excess
capacityandthatexcesscan x problemsn the structureasthey arise.Our hypothesigs thatthisincreasedo w
of particles(noise)canrepairbothlocal andglobal awsin thesquardattice.

Testingthis hypothesionly requiredonechangeo the code.Again, particlesareinitialized with a givenspin.
However, if a particlehasa very closeneighbor( ), theparticlemay ip its spinwith a small probability
Particleshave oneadditionaleffector—they canchangetheir own spin. This doesnot createstructuraholes,since

aparticleonly leavesaclusterif thereis excesscapacityin thatcluster
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Onceagain,the 200 particlesmaoved for 4,000time steps,usingthe sameforce law, coupledwith this simple
spin- ip repairmechanismTheinitial conditionswerethe sameasthosein the previous section. Theresultsare
shawvn in Figure 13. The previously shavn global aws areno longerin evidence,althougha minor portion of
thelatticeis still misaligned.Many of the aws thatremainarelocal andarea resultof a still operatingspin- ip
repairmechanisnthatcontinuedo occasionallysendparticlesfrom clusterto cluster Obserationof the evolving
systemshavsthatholesarecontinually lled, asparticledeavetheirclusterandheadtowardopenareasf low PE.
An exactWilcoxon rank-sumestindicateghatthe meanerrorwith spin- ip repair( ) is statistically

signi cantly less( ) thanthemeanerrorwithoutspin- ip repair( , ).

4.3 PhaseTransition Analysis

Squardatticesalsodisplaya phasetransitionas decreasesThe deriation of a quantitatve law for square
latticesis a straightforvard analogueof the analysisfor hexagonallattices. The onedifferenceis thatin a square
lattice, one of the two particlesin the centralclusteris expelledalonga pathto one of the perimeterparticles,

ratherthanbetweerthem(seeFigurel4).

Figure 14. If two particles are at the center of a square formation, one particle can escape along any
of the eight paths directed towards the outer particles.

In Figurel4,therearetwo particlesin the centerof theformation,andoneparticleeachat the perimetemodes.
Label oneof the two particlesin the centeras“A.” Using the samereasoningasbeforethe fragmentatiorforce
uponparticleA is . Particle A is held nearthe centerby the perimetermarticles.Using the geometryof the

situationaswe did with hexagons the total cohesionforceon A is B [19]. The phasetransition
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will occurwhen B . Thephasdransitionlaw for squardatticesis:

Table 2. The predicted/obser ved values of for different values of , , and . The three
columns under have 2. The three columns under have 1. The predicted values
are very close to those that are obser ved.

0.5 1.0 2.0 15 2.0 3.0

25 65/69 130/136 259/278 26/26 647/651 3,236/3,312
50 259/272 519/530 1,036/1,066| 73/74 3,662/3,730  25,891/26,850
100| 1,036/1,112 2,071/2,138 4,143/4,405| 207/206 20,713/21,375 207,125/211,35(

We testedthis law for varyingvaluesof , , and . Theresultsareshavn in Table?2, averagedover 10
independentuns,with . Theobsenredvaluesarevery closeto thosethatarepredictedwithin 7%), and

thenormalizedstandardieviationis lessthan6.2%.

4.4 Potential Energy Analysis

We canalsocomputethe PE of theinitial con guration. This computatioris slightly moredif cult thanbefore
becauseherearetwo “species’of particles(spinup andspindown), with differentinterspeciesandintra-species
sensorranges. The computationis performedin threestages.First assemblall spin up particlestogetherin a
cluster Thenassemblall spindown particlesin a cluster Finally, join thesetwo clusterstogether We consider
only the rst situation( ), sincethis is wherethemaximumPE occurs.

First, computethe PE of theinitial con guration of two spinup particles.Whenparticlesof like spininteract,

isrenormalizedby , andtheir sensorangeis . Thus:



Solvingandsubstitutingfor  yields:

The computatiorfor  is very similar to thatfor the hexagonallattice, differing only by a constantactorof

andthesensorange.We now generalizéo  spinup particles:

The computationfor spindown particlesis identical. We now combinethe two clustersof  spinup and

spindown patrticles:

Solvingandsubstitutingfor  yields:

To determinghevalueof for which PEis maximized we take the derivative of with respecto , setit

to zero,andsole for

Notethatin thiscase  dependsn the numberof particles . It occursbecausef the weightedaverage
of differentinterspeciesandintra-speciesensorranges.However, becausehis differenceis not large, the de-

pendeng on is alsonotlarge. For example,with , , and , then 1,466if there
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Figure 15. The amount of potential energy of the initial con guration of the square lattice system is

maximiz ed when 1,466 and 67,330, for a 200 particle system, when 2 (left) and
3 (right). The arrows show the values of and , Where is the maxim um setting
of
are200 particles.With only 20 particles 1,456. Similarly, when , 67,330and 66,960

respectrely, for 200and20 particlesystemgFigure15).
As we did with the hexagonallattices,we canalsocomputethe valueof , whichis the highestvalueof

thatwill have ary effect onthesystem.For squardatticeswe get:

For our standardsettingswhen , 7225,andwhen , 614,125(Figurel15).

5. Perfect Lattices and Transformations

Transformationgreeasilyachievedin AP. For the original hexagonalandsquardattices,transformationsare
accomplishedby ignoring or not ignoring spins. Figure 16 illustratesa transformatiorfrom a squardatticeto a
hexagonallattice, to anothersquardattice,andto a nal hexagonallattice. Thereis no guaranteghatthe same
latticewill appeaundersuccessie transformations.

By addingotherattributes[45], perfecthexagonalandsquardattices(andtheirtransformationsarealsoeasily

achieved. Eachparticlecarrieswo differentsetsof attributes,onefor hexagonalatticesandonefor squardattices.
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Figure 16. Agents can transf orm smoothl y between hexagonal and square lattices. A square lattice
(top left) transf orms to a hexagonal lattice (top right), back to a square lattice (bottom left) and nall y
back to a hexagonal lattice (bottom right).

Whenthe systemswitchesfrom one pair to the other it transforms.Figure 17 illustratesa transformatiorfrom
a perfectsquardattice to a perfecthexagonallattice (given the numberof particles). The squardattice structure
is thoroughlydestrged, shaving almostno structureat all. Despitethis catastrophiaisturbancehe hexagonal

structureeventuallyemepges,illustratingextremerobustnessThereversetransformatiorworks equallywell.

6. Other Formations in Two and ThreeDimensions

Our simulationtool generalizeasilyto threedimensionswhich is necessaryor the MAV task. Figure 18
shawvs 499 simulatedMAVSs in threeseparatglanesof hexagonallattices. Both top-davn and side views are
shavn. Cubic latticesare alsorelatvely easyto form, asareregular structureswith triangularfacets(suchas
triangularpyramidsor regularicosahedrons)We have obsered, however, aswith naturalcrystalsthatit is often

easierto build thesestructuregarticleby particle,asopposedo building themin “batch?”
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Figure 17. Agents can also transform from perfect square lattices to perfect hexagonal lattices
(shown) and back (not shown).

The previous sectionshave describedormationsthathave beenplannedin advance.However, our simulation
tool providesthe opportunityto changeforce law parametersn arbitraryandunusualways. The resultsare of-
tensurprising,yielding unanticipatedtructuresespeciallyin two dimensions Figure 19 shavs two unusualbut
potentiallyusefulstructuresWe have foundthatsomestructuresanbeassemble@asilyby xing therelevantpa-
rametersatthe beginning. Others however, areeasietto createdynamicallyvia transformationasparameterare
slowly changedThis alsoraisesthe possibility of searchinghe spaceof forcelaws (e.g.,with geneticalgorithms

[22, 17, 44)) to createdesiredbehaior.

7. Dynamic Behaviors: ObstacleAvoidance

Previoussectionof this paperave focusedon the creationof formations but for mostapplicationdormations

will have to move (oftentowardsomegoal). Also, for groundplatforms,obstacleposea seriouschallengeto the
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Figure 18. Three planes of MAVs in hexagonal lattices, shown from top-do wn and side views. There
are 499 particles in this simulation.

Figure 19. Unusual two dimensional formations can be achieved by changing the system parameter s.
These particular formations could be useful for perimeter defense applications.

movementof the formation. To addresghis, we have extendedour simulationto include goals(both stationary
andmoving) aswell asobstaclesLargerobstaclesarecreatedrom multiple, point-sizedobstaclesthis enables
e xible creationof obstacle®f arbitrarysizeandshape While theobstaclesrestationarythegoalcanbe moved
by the mouseasthe simulationis running.

As a generalizatiorto our standardparadigm,goalsare attractve, whereasobstaclesarerepulsve (similar to
potential eld approaches.g.,[26]). Thegoalcanbe sensedta fardistanceof , while obstaclesaresensed

atavery shortdistanceof . If thegoalandobstaclgorcesareconstantwe achieve goodresults.
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Usingthis generalizegbaradigmwe rantwo setsof experimentsin the rst, , to remove clusteringand
to have uid-lik e particle o w. The particles o w naturallyaroundthe obstaclesanddo not retainary particular
formation.In thesecond, , to enhancéhecreationof clustersandrigid formations.Over numerous
runs,threetypesof behaior areobsered. First, the formationavoids obstaclesia a sequencef rotationsand
countefrotationsof the whole collectve. If this cannotbe accomplishedthe formationdeformsby stretching
force bondsbetweerparticles,diverging aroundobstacleglirectly in their path,andthencorvemging againinto a
cohesie formationafterthe obstacleis passed.In the third situation,force bondsare broken andthe formation
fragmentsaroundan obstacleandthenre-coalescesOne dangemwith this third situationis that particlescanbe
permanentlyseparatedrom the mainformation.

In the previous experimentghe goalwasstationary Preliminaryresultsindicatethatslowly moving goalsare
successfullgrackedwithoutdif culty .3 Thelow  (liquid) versiongenerallyperformsbetteron thistask.Onecan
easilyimaginea situationwherethe formationlowers to move aroundobstaclesandthenraises to achiee
betterformationsafterthe obstaclesiave beenavoided.

It is importantto emphasizehatthis simulationmodelsobstacleavoidanceat anabstractevel, andary appli-

cationto platformswith complex dynamicg(suchasMAVs) will requireadditionalmodeling.

8. Dynamic Behaviors: Surveillanceand Perimeter Defense

We have alsoexploredsuneillanceandperimeterdefenseaasks. By usingananalogywith the motionof gas
moleculesin a container AP is successfubn both of thesetasks. The algorithmfor suneillanceis simpleand
elegant— agentsrepeleachother andare alsorepelledby the perimeterboundary Friction is neggligible. The
suneillancetaskis shavn in Figure 20 (left). Particlesstartat the centerand move toward the perimeter due
to repulsion. They actlike a gasin a container If particlesare destrged, the remainingparticlesstill search

the enclosedarea,but with lessvirtual “pressuré. Likewise, the additionof particlesis alsotreatedgracefully

3ag|only© isrelativeto . In therealworld, fastermotionimpliessmallervaluesof  (i.e., sensingmustoccurmoreoften).
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increasinghepressuren thesystem.Thetwo smallsquaresnsidetheperimeterepresenintruders.Particlesare

attractedowardsintruders but sincethey alsorepeleachother the numberof particlesthatcancover anintruder

is limited.

Figure 20. Simulated agents perform surveillance (left) and perimeter defense (right). For surveil-
lance, agents are repelled by each other and by walls, while they are attracted by objects of interest.
For perimeter defense agents repel each other and are drawn to the corridor between the two walls
(the inner wall is porous and excess capacity is stored in the interior area). Friction is zero, because
constant movement is required.

Perimetedefenseas hardlymorecomplex (seeFigure20, right). Onceagain,particlesstartfrom the centerand
repeleachother Theinnerandoutersquaregorm a corridorto be monitoredby the particles.Theinnersquards
porousto the particles.Both theinnerandouterwalls areattractve, andparticlesaredravn to the spacebetween
them. Oneintruderis shavn, which is attractve. Notice that someparticlesremainin the centralarea. This
represents situationof over-capacity— therearetoo mary particlesfor the corridor If particlesin the corridor
die, particlesin thecentralareamoveto thecorridorto replaceghem. Thisis anicedemonstratiof therobustness
of thesystem.An interestingohasedransitionof this systemdepend®nthevalueof . When ishigh, particles

Il the corridoruniformly, providing excellenton-the-spotoverage.When is low, particlesmove toward the
cornersof the corridor, providing excellentline-of-sightcoverage.Dependingon whetherthe physicalrobotsare

betterat motionor sensingthe parametecanbe tunedappropriately Analysisof thesedynamicsystemswill
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centeraroundthekinetic theoryof gasesashasbeeninitiatedby Jantzet. al. [24].

9 Application to a Teamof Mobile Robots

The currentfocusof this projectis the physicalembodimenof AP on a teamof robots. Our choiceof robots
andsensorexpresses preferencdor minimal expenseandexpendableplatforms.

For our initial experimentswe have usedinexpensve kits from KIPR (KISS Institutefor PracticalRobotics).
Thesekits comewith avarietyof sensorandeffectors,andtwo micro-computers theRCX andtheHandyBoard.
Dueto its generalityandeaseof programmingwe arecurrentlyusingthe HandyBoard. The HandyBoardhasa
HC11 Motorolaprocessowith 32K of staticRAM, atwo line LCD screenandthe capacityto drive severalDC
motorsandsenos. It alsohasportsfor avariety of digital andanalogsensors.

Our roboticplatformhastwo independendrive trainsandtwo castersallowing the platformto turnonadime
andmove forward andbackwvard. Slot sensorareincorporatednto the drive trainsto functionasshaftencoders,
yielding reasonablyrecisemeasuresf theangleturnedby therobotandthedistancemoved. Thetransmissions
aregeareddown 25:1to minimizeslippagewith the oor surface.

The“head” of therobotis asensomplatformusedto detectotherrobotsin thevicinity. For distancanformation
we useSharpGP2D12IR sensorsThis sensomprovidesfairly accuratedistancaeadingg10%errorover arange
of 6 to 50inches).Thereadingsarerelatvely non-in uencedby the materialsensedunlessthe materialis highly
re ective. However, the angleof orientationof the sensedbjectdoeshave signi cant effects, especiallyif the
objectis re ective. As aconsequencesach*head” is a circular cardboardnon-re ective) cylinder, allowing for
accurateeadingsdy thelR sensors.

Theheads mountechorizontallyonaseno motor. With of seno motion,andtwo Sharpsensorsnounted
onoppositesidestheheadprovidesasimple®vision” systemwith a view. After a scanobjectdetection
is performed.A rst derivative lter detectsobjectboundariesevenunderconditionsof partialocclusion.Width

Iters areusedto ignorenarrav andwide objects(chairlegs andwalls). This algorithmdetectsnearbyrobots,
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Figure 21. Example of robot detection where there are ve nearby robots, one partially occluded
by two others. The scan produces a graph of distance values (top). The r st derivative Iter
looks for large positive or negative values of the deriv ative, whic h yield object boundaries (middle).
Regions between boundaries are potential objects. Objects that are too wide or are really empty
space are lItered, producing an object list (bottom). The narrow false object to the right in the object
list is also Itered.

producinga “robot” list thatgivesthe bearinganddistanceo eachneighboringobot(Figure21).
Oncesensingandobjectdetectioris completethe AP algorithmcomputeghevirtual forcefelt by thatrobot. In
responsetherobotturnsandmovesto someposition. This “cycle” of sensingcomputatiorandmotioncontinues
until we shutdown therobotsor they run out of power. Figure22 shavs the AP code. It takesa robot neighbor
list asinput, andoutputsthe vectorof motionin termsof aturn anddistanceo move.
For our experimentswe built sevenrobots. Eachrobotranthe samepieceof software. The objective of the

rst experimentwasto form ahexagon.The desireddistance betweerrobotswas23inches.Usingthetheory
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void ap() {

int theta,
float r,
float VX,

index = 0;

F, fx, fy, sum_fx

vy, delta_vx,

0.0, sum_fy = 0.0;

delta_vy, delta_x, delta_v;

vx = vy = 0.0; // Set x and y components of velocity to 0, full friction.
of robots[][]
/[ Column 0/1 has the bearing/range to that robot.
while  ((robots[index][0]
theta =
r = robots[index][1];

Il Row i

if (r > 15

else {

robots[index][0];

F=G/ (r *r);

if
if
}
fx
fy
sum_fx
sum_fy
index++;
}
delta_vx
delta_vy
VX = vX +
vy = vy +

delta_x
delta_y
distance

* R) F = 0.0

I

for

the ith robot located.

-1)) { /[ For all neighboring robots do:
/I get the robot bearing
/I and distance.

/[ If robot too far, ignore it

Force law, with p = 2.

(F > F_MAX) F = F_MAX;
r <R) F=-F

=+
=+

= (int)sqrt(delta_x*delta_x

F * cos(theta);
F * sin(theta);

= fx;

:fy,

delta_T*sum_fx;

delta_T*sum_fy;
delta_vx;
delta_vy;
delta_T*vx;
delta_T*vy;

turn = (int)(atan(delta_y

if (delta_x

< 0.0) turn

I

I
I
I
I

I
I
"
I
I
I

Has effect of negating force vector.

Compute x component of force.
Compute y component of force.
Sum x components of force.
Sumy components of force.

Change in x component of velocity.
Change in y component of velocity.
New x component of velocity.
New y component of velocity.
Change in x component of position.
Change in y component of position.

+ delta_y*delta_y); // Distance to
[ delta_x)); /[ Bearing of movement.
+= 180; } /[ Turn robot in minimal direction.

move.

Figure 22. The main AP code, whic h takes as input a robot neighbor list (with distance and bearing
information) and outputs a vector of motion.

we chosea of 270( and

consistentproducinga hexagontentimesin a row andtaking approximatelysesen cycleson average.Our scan

algorithmtakesabout22 secondgercycle for this rst implementationhowever, a new localizationtechnology

). The begginning con guration wasrandom. The resultswerevery

we aredevelopingwill be muchfaster For all runsthe robotswere separatedyy 20.5to 26 inchesin the nal

formation,whichis only slightly moreerrorthanthe sensoserror

The objective of the secondexperimentwasto form a hexagonandthenmove in formationto a goal. For this

experiment,we placedfour photo-dioddight sensoron eachrobot, oneper side. Theseproducedan additional
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Figure 23. Seven robots self-or ganize into a hexagonal formation, whic h then moves towards a light
sour ce. Pictures taken at the initial conditions, at two minutes, fteen minutes, and thir ty minutes.

force vector maving the robotstowardsa light source(a window). There ection of thewindow onthe oor is
not noticedby the robotsandis not the light source. The results,shavn in Figure 23, were consistenbpver ten
runs,achiezing anaccurag comparabldo the formationexperimentabove. Therobotsmovedaboutonefoot in

13 cyclesof the AP algorithm.

10. Summary and RelatedWork

This paperhasintroduceda framework for distributed control of swarmsof vehiclesin sensometworks, based
on laws of arti cial physics(AP). The motivation for this approachis that naturallaws of physicssatisfy the
requirementsf distributedcontrol,namely self-oiganization fault-toleranceandself-repair

Theresultshave beenquiteencouragingWeillustratedhow AP canself-oganizehexagonalandsquardattices.

The conceptof spin- ip from naturalphysicswasshavn to be a usefulrepairmechanisnfor squareattices, if
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no globalinformationis available. Structuresn threedimensionsareeasilyachieved, aswell astransformations
betweerstructures We have alsopresentegreliminaryresultswith dynamicmulti-agentbehaiors suchasgoal
tracking,obstacleavoidance suneillance andperimeterdefenseFinally, we have shavn our rst embodimenof
AP onateamof sevenmobilerobots.

This paperalsopresents novel physics-basednalysisof AP, focusingon potentialenegy andforce balance
equations.This analysisprovidesa predictve techniquefor settingimportantparameter#n the systemenabling
the userto createunclusteredormations,large clusteredformations,and minimal clusteredformations. The
unclusteredormationsactlike liquids, whereaghe clusteredormationsactlik e solids. This analysiscombines
thegeometryof theformationswith importantparametersf thesystempamely , , , , andsensorange.
Theparameter wasalsoincluded butit is of little relevancefor our mostimportantresults.Thisis anicefeature,
sinceonemotivationfor AP wasscalabilityto large numbersof agents.Including otherrelevant parametersuch
as andfriction requiresa moredynamicanalysis- we arecurrentlyfocusingon “kinetic theory’

In conclusion AP, althoughsimpleandelegant,hasshawvn itself to be adeptin a wide rangeof sensomnetwork
applications AP demonstratethe capabilitiesof self-oganization fault-toleranceself-repaiandeffectivenessn
spiteof minimal sensingcapabilities.Thereis a straightforvard amenityto theoreticalanalysistherebyenabling
predictionsof the behaior of the multi-agentswarm,andproviding easeof implementatioron ateamof robots.
Dueto thelack of computatiorof potential elds, it is alsocomputationallyef cient.

Our discussiorof relatedwork will rst focuson swarmsandthenon their theoreticalanalyses.Early work
on swarm roboticsfocusedon centralcontrollers. For example,Carlsonet al. [7] investigatedtechniquedor
controllingswarmsof micro-electromechanitagentswith a globalcontrollerthatimposesan externalpotential

eld thatis sensedy the agents.Recently therehasbeenmovementaway from global controllers,dueto the
brittlenesof suchanapproachAP is adistributed,ratherthanglobal,controlframevork for swarmmanagement,
althoughglobalcontrolcanbeincorporatedif desired18].

Most of the swarm literaturecanbe subdvided into swarmintelligence behaviorbased rule-based control-
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theoetic andphysics-basetechniquesSwarmintelligencetechniquesreethologicallymotivatedandhave had
excellentsuccessvith foraging,taskallocation,anddivision of labor problemg[5, 20]. In Beniet. al. [4, 3], a
swarm distribution is determinedvia a systemof linear equationsdescribingdifferenceequationswith periodic
boundaryconditions.Behavior-basedapproachefs, 30, 35, 15, 2, 41] arealsovery popular They derive vector
informationin afashionsimilarto AP. Furthermoreparticularbehaiors suchas“aggregation” and“dispersion”
aresimilarto theattractve andrepulsve forcesin AP. Bothbehaior-basedandrule-basede.qg.,[40, 51]) systems
have proved quite successfuln demonstrating variety of behaiors in a heuristicmanner Behavior-basedand
rule-basedechniguesio notmake useof potential elds or forces.Insteadthey dealdirectlywith velocity vectors
andheuristicsfor changingthosevectors(althoughthe term “potential eld” is oftenusedin the behaior-based
literature,it generallyrefersto a eld thatdiffersfrom the strict Newtonianphysicsde nition). Control-theoretic
approachebave alsobeenappliedeffectively (e.g.,[1, 11]). Ourapproacldoesnotmake theassumptiormf having
leadersandfollowers,asin [10, 13, 9].

Oneof the earliestphysics-basetechniquess the potential elds (PF)approache.g.,[26]). Most of the PF
literaturedealswith a small numberof robots (typically just one) that navigate througha eld of obstaclego
getto a tamgetlocation. The ervironment,ratherthanthe agentsexert forces. Obstaclesexert repulsve forces
while goalsexert attractve forces.Recently Howardet al. [23] andVail andVeloso[49] extendedPFto include
interagentrepulsve forces— for the purposeof achieving coverage. Although this work was developedinde-
pendentlyof AP, it afrms the feasibility of a physicsforce-basedpproach.Anotherphysics-basednethodis
the “EngineeredCollective” work by Duncanat the University of New Mexico and Robinettat SandiaNational
Laboratory Their techniquehasbeenappliedto search-and-rescundotherrelatedtasks[39]. Krausetal. [32]
corvertsageneric,goal-orientegrobleminto a PE problem,andthenautomaticallydervesthe forcesneededo
solvetheproblem.Thesocialpotential elds [37] frameavork is highly relatedto AP. Reif andWang[37] rely ona
force-lav simulationthatis similarto our own, allowing differentforcesbetweerdifferentagents.Theiremphasis

is on synthesizingdesiredformationsby designinggraphsthat have a uniquePE embedding.We planto meige
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this approactwith ours.

Other physics-base@pproache®f relevanceinclude researchin ocking and other biologically motivated
behaior. Reynoldsmodelsthe physicsof eachagentandusesbehaior-basedrulesto controlits motion. Central
to his work is “velocity matching”,whereineachagentattemptsto matchthe averagevelocity of its neighbors.
The primary emphasiss on ocking [38]. Tu and Terzopoulosprovide a sophisticatednodelof the physicsof
sh, which arecontrolledby behaior-basedrules. The emphasiss on “schooling” andvelocity matching[48].
Vicsekprovidesa point particleapproachbput usesvelocity matching(with random uctuations) andemphasizes
biological behaior [50, 8, 21]. His work on “escapepanic” utilizes an model, but includesvelocity
matching[21]. Tonerand Tu provide a point particle model, with sophisticatedheory but againemphasize
velocity matchingand ocking behaior [47]. Thesemodelsare quite differentfrom ours,sincewe imposeno
velocity matchingcondition. Also, their modelsdo not obey standarcdconserationlaws. Furthermorewe utilize
minimal sensoryinformation,whereasselocity matchingrequireshe computatiorof relatve velocity differences
betweenneighbors,which is more complex than our model. Finally, our motivation is to control vehiclesfor
distributed sensingtasks. We are especiallyinterestedn regular geometricformations. For moving formations,
our goalis to provide precisecontrolof theformation,ratherthan*life-lik e” behaior.

Onecanalsodivide the relatedliteratureby the form of theoreticalanalysis,bothin termsof the goal of the
analysisandthe method.Therearegenerallytwo goals: stability andcorvergence/coechness. Understability is
thework by Schoenwld et. al. [39], Fierroetal. [14], Olfati-SabermandMurray [33], Liu etal. [29], andLerman
[28]. The rst threeapply Lyapune methods. Liu et al. usea geometric/topologil approachandLerman
usedifferentialequationgo modelsystemdynamics.Underconergence/carecnessis thework by Suzuki[46],
Parker [34], andLiu etal. [29]. Methodshereinclude geometry topology and graphtheory Othergoalsof
theoreticahnalysesncludetime compleity [32], synthesig37], predictionof movementcohesior29], coalition
size[28], numberof instigatorgo switchstratgies[31], andcollision frequeng [24].

Methodsof analysisare also similarly diverse. We focus only on physics-base@nalysesof physics-based
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swarm roboticssystems.We know of four methods.The rst arethe Lyapune analysesy Schoenwld et. al.
[39], Fierroetal. [14], andOlfati-SaberandMurray [33]. The seconds the kinetic gastheoryby Jantzet. al.
[24]. Thethird is theminimumenegy analysishy Reif andWang[37]. Thefourthdevelopsmacro-leel equations
describingocking asa uid-lik e movement47].

To the bestof our knowledge,the only analysesnentionedabove that cansetsystemparametersrethoseof
Lerman[28], Numaoka31], andTonerandTu [47]. The rst two analysesreof behaior-basedsystemswhile
thelatteris of a“velocity matching”particlesystem.The capabilityof beingableto setsystemparameterbased
ontheoryhasenormougracticalvalue,in termsof easeof implementationTheresearclpresentedn this paper

providespracticallaws for settingsystemparameterdp achieve thedesiredoehaior with actualrobots.

11 Future Work

Currently we are improving our mechanisntfor robot localization. This work is an extensionof Navarro-
Sermenet. al. [27], usinga combinationof RF with acoustigpulsesto performtrilateration. Thiswill distinguish
robotsfrom obstaclesn a straightforvard fashion,andwill be muchfasterthanour current‘scan”technique.

Fromatheoreticalstandpointwe planto formally analyzeall importantaspectof AP systems.This analysis
will bemoredynamic(e.g. kinetictheory)thantheanalysigpresentedhere.We alsointendto expandtherepertoire
of formations,both staticand dynamic. For example,initial progresshasbeenmadeon developing staticand
dynamiclinear formations. Many otherformationsare possiblewithin the AP framevork. Using evolutionary
algorithmsto createdesiredforcelaws is oneintriguing possibilitythatwe arecurrentlyinvestigating.

We alsoplanto addresghe topic of optimality, if needed.It is well understoodhat PF approachesanyield
sub-optimakolutions.SinceAP is similarto PF, similar problemsarisewith AP. Ourexperiencehusfarindicates
thatthisis notacrucialconcerngspeciallyfor thetasksthatwe have examined.However, if optimalityis required
we canapply new resultsfrom controltheoryto designforce laws thatguarante®ptimality [33, 11].

Finally, futurework will focuson transitioningto real-world applications For example,to transitionto MAVS,
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more attentionwill be given to the interactionbetweenthe platformsandthe ervironment. We are currently
modelingfour differentervironmentalinteractions:(1) goals,(2) obstacles(3) the effectsof wind, and(4) the
friction of the medium. However, a richersuiteis requiredfor accuratemodels,suchassignalpropagatiorioss,
occlusionsof MAVs by obstacleor otherMAVs, andweathereffects. Also, if “velocity matching”is eventually
requiredjnformationabout‘f acing” andtherelative speedf neighborsnustbeobseredvia sophisticatedensors
or obtainedvia communicatiorwithin a commoncoordinatesystem.Analysiswill be moredif cult underthese
situations.The speeddf MAVs doesnot appeatto be a majorissue— higherspeedmpliesa needfor smaller
(i.e.,fastersensors) AP is ableto indicatehow fastsensorgnustbe,andto setlimits on the strengthof obstacle
andgoalforcesto maintainaformation.

We considerAP to be onelevel of a more complex control architecture. The lowestlevel controlsthe actual
movementof the platforms. AP is at the next higherlevel, providing “way points” for the robots,aswell as
providing simple repairmechanisms.Our goal is to put asmuch behaior as possibleinto this level, in order
to provide the ability to generatdaws governingimportantparametersHowever, the currentAP paradigmwill
not solve more comple tasks,involving planning,learning, repair from more catastrophicavents,and global
information. For example,certainarrangementsf obstaclegsuchas cul-de-sacsill requirethe addition of
memoryandplanning. Hence,even higherlevels will berequired[42]. Learningis especiallyinterestingto us,
andwe would like to addit to AP. Learningis advantageouén the context of behaior-based12, 16] andrule-
based40, 36] systemshut its valuehasnot beenexploredin the context of a physics-basedystem.Planningis

alsoimportant,to provide forward reasoningasopposedo reactive responses.
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