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Abstract

In prior work we establishedhow physicomimeticscan
be usedto self-organizehexagonal and square lattice for-
mationsof mobilerobots.In thispaperweextendtheframe-
workto movingformations,byprovidingadditionaltheoret-
ical analysisandshowinghowthistheoryfacilitatestheim-
plementationof sevenrobotsin a hexagonalformationmov-
ing towardsa goal.

1. Intr oduction

The focus of our researchis to build aggregatesensor
systems,speci�cally, to designrapidlydeployable,scalable,
adaptive,cost-effective,androbustnetworks (i.e., swarms,
or large arrays)of autonomousdistributed mobile sens-
ing agents(e.g., robots).This combinessensing,compu-
tation andnetworking with mobility, therebyenablingde-
ployment, assembly, recon�guration, and disassemblyof
themulti-agentcollective.Ourobjective is to provideasci-
enti�c, yet practical,approachto the designand analysis
(behavioralassurance)of aggregatesensorsystems.Ourtar-
getapplicationsfor multi-agentnetworks includethemon-
itoring of variousair pollutantsdispersedby theextraction
of fossil fuels,andtracingbiologicalandchemicalhazards
to their source[32].

For suchapplicationseachagentforms a grid point for
performingcomputational�uid dynamics(CFD) calcula-
tions to follow a chemical/biologicalplume. Hexagonal
grids have beenproven to be superiorto traditional rect-
angulargrids for numericalsolutionsof partialdifferential

equations,asneededfor CFD. In particular, they aremore
ef�cient andeffective at handlingboundaryconditions[3].
For applicationswith few agents,sevenagentscreateanex-
cellenthexagonalgrid for CFDcomputations.

Agent vehiclescould vary widely in type, as well as
size,e.g., from nanobotsor micro-electromechanicalsys-
tems (MEMS) to micro-air vehicles(MAVs) and micro-
satellites.Agentsare assumedto have sensorsand effec-
tors.An agent'ssensorsperceivetheworld, includingother
agents,andanagent'seffectorsmake changesto thatagent
and/ortheworld, includingotheragents.It is assumedthat
agentscanonly senseandaffect nearbyagents;thus,a key
challengeof thisprojecthasbeenhow todesign“local” con-
trol rules.Not only do we wantthedesiredglobalbehavior
to emerge from the local interactionbetweenagents(i.e.,
self-organization),but we alsowould like thereto besome
measureof fault-tolerancei.e.,theglobalbehavior degrades
verygraduallyif individualagentsaredamaged.Self-repair
is alsodesirable,in theeventof damage.Self-organization,
fault-tolerance,andself-repairarepreciselythoseprinciples
exhibitedby naturalphysicalsystems.Thus,many answers
to theproblemsof distributedcontrolcanbefoundbystudy-
ing thenaturallawsof physics.

In prior work we have shown how this framework can
be usedto self-organizelarge numbersof mobile robots
into hexagonal and squarelattices. We now extend the
framework to includemotionof ahexagonallatticetowards
a goal. First, we summarizethe generalphysicomimetics
framework. Then we provide a “force balance”analysis
which will allow us to set the magnitudeof a goal force,
allowing motiontowardsthegoalwhile assuringformation
cohesion.Finally, detailsareprovidedregardingtheimple-
mentationof ourframeworkonateamof sevensmallrobots
with minimal sensingcapabilities.



2. The PhysicomimeticsFramework

In ourphysicomimeticsframeworkvirtualphysicsforces
drive a multi-agentsystemto a desiredcon�guration or
state.Thedesiredcon�gurationis onethatminimizesover-
all systempotentialenergy, andthesystemactsasa molec-
ular dynamics( �

�����

�

� ) simulation.We alsorefer to our
framework as“arti�cial physics”or “AP”.

At an abstractlevel, physicomimeticstreatsagentsas
physicalparticles.This enablesthe framework to be em-
bodiedin vehiclesrangingin sizeall thewayfrom nanobots
to satellites.Particlesexist in two or threedimensionsand
areconsideredto bepoint-masses.Eachparticle � hasposi-
tion

�

� andvelocity
�

	 . Weuseadiscrete-timeapproximation
to the continuousbehavior of the particles,with time-step


��

. At eachtime step,thepositionof eachparticleunder-
goesa perturbation




�

� . The perturbationdependson the
currentvelocity, i.e.,
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. Thevelocity of eachpar-
ticle at eachtime step also changesby




�

	 . The change
in velocity is controlledby the force on the particle, i.e.,
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, where
�

is the massof that particleand
�

�

is the forceon that particle.
�

and 	 denotethemagni-
tudeof vectors �

�

and
�

	 . A frictional force is included,for
self-stabilization.This force is modeledas a viscousfric-
tion term,i.e., theproductof a viscositycoef�cient andthe
agent's velocity (independentlymodeledin the samefash-
ion by [10]).

From the start,we wishedto have our framework map
easilyto physicalhardware,andour modelre�ects this de-
sign philosophy. Having a mass

�

associatedwith each
particle allows our simulatedrobots to have momentum.
Robotsneednot have the samemass.The frictional force
allowsusto modelactualfriction, whetherit is unavoidable
or deliberate,in the real robotic system.With full friction,
the robotscometo a completestop betweensensorread-
ings and with no friction the robotscontinueto move as
they sense.Thetimestep



�

re�ects theamountof timethe
robotsneedto performtheir sensorreadings.If



�

is small
therobotsget readingsvery often,whereasif thetime step
is largereadingsareobtainedinfrequently. Wehavealsoin-
cludeda parameter

�������

, which providesa necessaryre-
strictionontheaccelerationarobotcanachieve.Also, apa-
rameter�

�����

restrictsthevelocityof theparticles.
Althoughour framework doesnot requirethem,our de-

signphilosophyalsotendsto re�ect furtherreal-world con-
straints.The �rst is that our framework be as distributive
as possibleand the secondis that we requireas little in-
formationaspossible.To this end,we assumethatsensors
arequite minimal in informationcontentandthat the sen-
sors(passiveandactive)areextremelylocal in nature.

Dueto theparticle-likenatureof oursimulation,oneim-
portantaspectof therealworld is notmodeled,namely, col-
lisions of robotswith other robotsor objectsin the envi-

ronment.This was a deliberatedesigndecision,sincewe
wantedour generalframework to be asplatform indepen-
dentaspossible.Oncea physicalplatformis selected,that
aspectof the simulationmustbe modeledseparately, and
we assumethat someotheralgorithmmay be responsible
for collision avoidance.As we shall see,the AP general
framework tendsto avoid collision throughstrongrepul-
sive forces,but if additionalguaranteesare requiredthen
they mustbemodeledseparately.

Also, we do not model the behavioral dynamicsof the
actualrobot. Although our robotscan stop and turn on a
dime,otherplatforms,suchasMAVs, will nothave thisca-
pability. We considerAP to beanalgorithmthatwill deter-
mine“waypoints”for theactualphysicalplatforms.Lower-
level softwaremay be necessaryalso– to actuallycontrol
themovementof therobotstowardtheir respective desired
locations.

Givena setof initial conditionsandsomedesiredglobal
behavior, we de�ne what sensors,effectors,and force

�

lawsarerequiredsuchthatthedesiredbehavior emerges.

3. HexagonalLattice SensingGrids

Let us consideran exampleof design.In this example,
AP is applied to a swarm of agentswhosemission is to
form a hexagonallattice,which actsasa distributedsens-
ing grid [12]. Sinceagentsareassumedto havesimplesen-
sorsandprimitiveCPUs,ourgoalis to providethesimplest
possiblecontrol rulesthat requireminimal sensorsandef-
fectors.At �rst blush,creatinghexagonswould appearto
besomewhatcomplicated,requiringsensorsthatcancalcu-
laterange,thenumberof neighbors,their angles,etc.How-
ever, it turnsoutthatonly rangeandbearinginformationare
required.To understandthis, recall an old high-schoolge-
ometrylessonin whichsix circlesof radius� canbedrawn
on the perimeterof a centralcircle of radius � (the fact
thatthiscanbedonewith only acompassandstraight-edge
canbeprovenwith Galoistheory).Figure1 illustratesthis
construction.If theparticles(shown assmallcircularspots)
aredepositedat theintersectionsof thecircles,they form a
hexagonwith a particlein themiddle.

�

�

��

��

�

Figure 1. How cir cles can create hexagons.



Theconstructionindicatesthathexagonscanbecreated
via overlappingcirclesof radius� . To mapthis into a force
law, imaginethateachparticlerepelsotherparticlesthatare
closerthan � , while attractingparticlesthatarefurtherthan

� in distance.Thuseachparticlecanbeconsideredto have
acircular“potentialwell” arounditself at radius� – neigh-
boring particleswill want to be at distance� from each
other. The intersectionof thesepotentialwells is a form of
constructive interferencethat creates“nodes” of very low
potentialenergy wheretheparticleswill be likely to reside
(againthesearethesmallcircularspotsin the�gure). Thus
theparticlesserveto createtheverypotentialenergysurface
they arerespondingto! Potentialenergy (PE)is neveractu-
ally computedby agents.Agentsonly computelocal force
vectorsfor their currentlocation.PE is computedfor visu-
alization/analysispurposesonly.

With this in mind, we de�ne a force law
� � � ��� ���

�����

, where
�

is the magnitudeof the
force betweentwo particles � and 	 ,

�

is the rangebe-
tweenthe two particles,and � is somepower (by default

�
�

� 
�� 


for all particles). The “gravitational con-
stant”

�

is set at initialization. The force is repulsive if
���

� andattractive if
���

� . Eachparticlehasa sen-
sor that detectsthe range and bearing to nearby parti-
cles.The only effector is to be ableto move with velocity

�

	 . To ensurethat the force laws are local in nature,par-
ticles have a visual rangeof only


�� �

� . Also, due to the
discrete-timenatureof the model, it is important to de-
�ne amaximumforce

�
�����

thatcanbeobtained.
Figure2 showshow aninitial universeof �

����
�


parti-
clesthatbeganin asinglesmall,randomclusterhasevolved
over1000timestepsinto ahexagonallattice,usingthisvery
simpleforcelaw. Thehexagonallatticeis notperfect– there
is a �a w nearthecenterof thestructure.Also, theperime-
ter is not a hexagon,althoughthis is not surprising,given
thelackof globalconstraints.However, many hexagonsare
clearlyembeddedin thestructureandtheoverall structure
is quitehexagonal.
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Figure 2. The evolution of the par tic les from
�

= 0 to 1000.

Note that in Figure 2 we observe a clusteringeffect,
i.e.,eachnodein thelatticemaycontainmultiple particles.
Clusteringwas an emergentpropertythat we hadnot ex-
pected,andit providesincreasedrobust behavior, because
the disappearance(failure) of individual particles(agents)
from a clusterwill have minimal effect.Thepatternof par-
ticlesshown in Figure2 is quitestable,anddoesnotchange
to any signi�cant degreeas

�

increasespast1000.
Clusteringresultswhentherepulsionof two or morepar-

ticles at a particularlattice nodeis overcomeby neighbor-
ing particlesthat force the clustertogether. Hencecluster-
ing is unlikely at theperimeterof theformation,while very
likely at interior nodes.Clusteringis a resultof thesetting
of

�

. Simplyput,high
�

producesdeeppotentialwells that
cancontainmultipleparticles.As

�

is reduced,thosewells
reducein depth.Finally, at a certainpoint, the well van-
ishesandonly oneparticlecanoccupy thatlatticenodepo-
sition.A phasetransitionoccursandthelatticescontainno
clusters.If we denote

���

asthevalueof
�

wherethephase
transitionoccurs,it canbe shown that, for hexagonallat-
tices:

����� �

�������

�

�

�! "

(1)

As shown in [27, 28], it is simple to extendthe physi-
comimeticsframework from hexagonallattices to square
lattices,by theadditionof a onebit attributeto eachrobot.
In thiscasethephasetransitionoccursat:

���$# �

��� � �

�

�

�
 

�&%'�

(2)

Notethattheonly differencebetweenthetwo equations
is thedenominator, which re�ects thedifferencein geome-
try betweenhexagonalandsquarelattices[9]. To summa-
rize, if

�

�

���

, formationsoccur without clustering.If
�

�

���

, formationsoccurwith clustering.Theseequations
are quite accurate(as con�rmed via simulation) for arbi-
trary � . However, in this paperwe will focuson a hexago-
nal formationof sevenrobots(with onein thecenter),and
re�ne thetheoryfor thatspeci�c situation.

4. Re�ned PhaseTransistion Theory

If wehavesevenrobots,thenit is possiblefor thereto be
a smallclusterof two robotsin thecenter, with � ve robots
(insteadof six) along the perimeter. This situation is de-
picted in Figure 3 (having more than two particlesat the
centralnodeis almostimpossibleandwe ignorethatsitua-
tion in this paper).The opencircle representsthe unoccu-
piednodein theformation.

Let usfocusononeof thetwo particlesin thecenter, and
call this particle “A.” Intuition would argue that the most
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Figure 3. How par tic les escape .

Figure 4. Visualization of potential �eld,
sho wing escape paths.

likely escapepathfor 'A' wouldbedirectly towardstheun-
occupiednode.Unfortunately, thisintuition is incorrect,due
to thegeometryof thesituation.In factthearrowsdepictthe
two mostlikely escapepaths(astheparticleescapesfurther
from the center, it eventuallycurvesbacktowardsthe un-
occupiednode,but weneednotconcernourselveswith that
for this analysis).We cancon�rm this by visualizationof
thepotential�eld for thissituation.By de�nition thepoten-
tial �eld is computedusing the path integral ���	�

�

��

�

�

� ,
where

�

�

���

�

�

%��

�

� is thepath.A pathintegralmaybeused
to calculatethepotential�eld if theforce is (or is approxi-
mately)conservative,which is truefor our framework.

Figure4 illustratesthe PE �eld. Lighter shadingrepre-
sentshigh positive potentialenergy, while blackrepresents
low (zero or negative) potentialenergy. Positive PE indi-
catesthatwork is requiredto pusha virtual particleto that
position.NegativePEindicatesthatwork is requiredtopush
a particleawayfrom thatposition.A virtual particleplaced
in this �eld movesfrom regionsof high potentialenergy to
low potentialenergy. Notethatavirtual particlethatis close
to thecenterwill notwantto movedirectly towardstheun-
occupiednode(andonecanseea small bulge of positive
PEalongthatdirection).Instead,it would follow oneof the
two directionsdepictedin Figure3.

Due to symmetry, we canfocuson eitherof the escape
pathsfor 'A'. Let us arbitrarily focus on the escapepath
alongthehorizontalaxis.Particle'A' canbeexpelledfrom
its clusteralongthisaxisby theothercentralparticle,which
exerts a repulsive force of

� � � �

, becausethe rangebe-
tweenparticles,

�

, is very small. Therefore,the fragmen-
tationforceupon'A' is equalto

� �����

.
Next, we derive anexpressionfor thecohesionforceon

'A'. Particle'A' is heldnearthecenterby theouterperime-
ter particles.As above, without loss of generalitywe fo-
cuson the horizontalaxis asthe escapepathof 'A'. Con-
sider the force exertedby the outer perimeterparticle '2'
on 'A'. Becausenodesare � apart,the magnitudeof this
forceis

�

�

�

�

. Theprojectionof this forceon thehorizon-
tal axis escapepath is

 "

�

�

times the magnitudeof this
force– becausetheanglebetweenthechosenouterperime-
terparticleandthehorizontalaxisis 30degrees.Sincethere
arethreeouterperimeterparticles('2', '3', and'5') exert-
ing this force(theremainingtwo haveaforceof 0 afterpro-
jection),we multiply this amountby threeto geta total co-
hesionforceof

"

 

"��

�

�

�

�

.
Whenthecohesionforce is greaterthanthe fragmenta-

tion force, the centralclusterwill remainintact.Whenthe
fragmentationforceis greater, thecentralclusterwill sepa-
rate.Thus,our law statesthat thephasetransitionwill oc-
cur roughly whenthe two forcesare in balance:

�
�����

�

"! "��

�

�

�

�

. Wecannow statethatthephasetransitionwill
occurwhen

� � � �
�����

�

� �

"

 

"

. Hence,for our speci�c
sevenparticlesystem,thephasetransitionoccursat:

�
�

�

�

���

�

�

�

" (3)

This re�nement is intuitively understandable.If instead
of thesituationin Figure3 we hadaneightparticlesystem,
with two in thecenterandsix in theperimeter(i.e., theun-
occupiednodeis now occupied),four outerparticleswould
attemptto hold theclustertogether(alongsomechosenes-
capepath).A derivationof thephasetransitionpointwould
yield exactly

�

�

�

. However, in Figure3 oneof thosefour
outerparticlesis missing,producinga 4/3 ratio.Thenetef-
fect is thatwecanraise

�

to

�� "�"��

�

� (henceincreasingthe
speedof self-organizationand the strengthof the forma-
tion), while still avoidingclustering.Thiswill beveri�ed in
our roboticexperiments.

5. Movementof the HexagonalFormation

Let usassumethateachrobotattemptsto sensethegoal.
However, we can not assumethat such sensingwill al-
waysbeaccurate.Hence,onoccasionrobotsmayattemptto
movein differentdirectionstowardstheir incorrectlysensed
goal. Furthermore,if one or more robotsare temporarily



halted in their movement(due to environmentalor hard-
wareproblems),we would like the formation to maintain
its cohesion,at leastuntil a decisionis madethat thecohe-
sionis no longerdesirable.

Strengthof cohesionis in oppositionto the strengthof
thegoalforceactingontherobots.Strongergoalforceswill
tend to pull the formationapart.In this sectionwe derive
anupperboundon thegoalforce,which we will usein our
empiricalexperiments.

�

�

�

�

��

��

�

7

1
6

2

53

4
Figure 5. The formation is moving.

ConsiderFigure 5, which shows a formation of seven
robotsmoving towardsa goalthat is to theright. Let usas-
sumethatall robotsotherthantherightmosttwo have tem-
porarily halted.We desirebothof therightmostrobots('5'
and'6'). to maintainposition.Hence,theforceof cohesion
holdingtheminto theformationmustexceedthegoalforce

����� ���

.
We can use a “force balance”analysissimilar to that

shown in the previous section.Considereitherof the two
rightmostparticles.Particle '6' is heldbackby '1' and'7',
while '5' is heldbackby '4' and'7'. Particle'1' holds'6' in
positionwith forcemagnitude

 "��

�

�

�

�

(afterprojection).
Similarly, particle'7' holds'6' in positionwith forcemag-
nitude

 "��

�

�

�

�

. Hencethetotal forceholding'6' in place
(in oppositionto the goal force) hasmagnitude

 

"��

�

�

�

.
The analysisis identical for particle '5'. Also, the identi-
cal analysisholdsif all robotsotherthan'2' and'3' have
haltedandwe wish to preventtheformationfrom collapse.
In all caseswerequirethegoalforceto belessthantheforce
of cohesion:

����� ���

�

 "��

�

�

(4)

If
� ���

�

�

�

this canbesimpli�ed to:

����� ���

�

� � �����

" (5)

Althoughthereareothersituationswhichwecouldcon-
sider (suchas the formation moving upwardsor at some
otherangle),thesituationwehave justanalyzedis themost
stringent.In this situationboth of the two rightmostparti-
clesarekeptfrom moving forwardsonly by two otherparti-

cles(whicharein thecenter“column” of theformation).In
othersituationsmoreparticlesparticipatein the cohesion.
In essencewe have analyzedtheweakestlink in the chain
of force bondsand if cohesioncanbe guaranteed,then it
will be guaranteedfor all otherreasonablesituations.One
exceptionis if a robotis “dangling” andis connectedto the
formationvia only oneforcebond.This situationhasnever
occurredin our experiments;however, if we neededto deal
with it we merelyhave to stipulatethat

� �������

mustbe less
than

�

�

�

�

, amorestrict constraintthanbefore.

6. Application to a Teamof Mobile Robots

The current focus of this project is the physical em-
bodimentof the physicomimeticsframework on a teamof
robots.Ourchoiceof robotsandsensorsclearlyexpressesa
preferencefor minimal expenseandexpendableplatforms.
For our initial experimentswith robotswe have usedin-
expensive Lego kits from the KISS Institute for Practical
Robotics(we thank Alan Schultzof NRL for the loan of
� ve of thesekits – two of themwereusedin the following
experiments).Thesekits comewith a varietyof usefulsen-
sorsandeffectors,andtwo processors,theRCX Lego pro-
cessorandtheHandyBoard.Dueto its generalityandease
of programming(it is programmedusingInteractiveC), we
arecurrentlyusingtheHandyBoard.TheHandyBoardhas
aHC11Motorolaprocessorwith 32K of staticRAM, a two
line LCD screen,andthecapacityto drive severalDC mo-
torsandservos.It alsohasportsfor a varietyof digital and
analogsensors.

Our roboticplatformhastwo independentmotors(drive
trains)andtwo casters,allowing the platform to turn on a
dimeandmove forwardandbackward.Slot sensorsarein-
corporatedinto thedrivetrainsto functionasshaftencoders,
giving us reasonablyprecisemeasuresof the angleturned
by therobotandthedistancemoved.Thetransmissionsare
geareddown 25:1to helpminimizeslippagewith the �oor
surface.

The“head”of therobotis asensorplatformusedfor the
detectionof otherrobotsin thevicinity. For rangeinforma-
tion weuseSharpGP2D12IR sensors.Thissensorprovides
fairly accuratereadingsbasedon thedistanceof thesensed
object(10%errorovera rangeof 6 to 50 inches).Theread-
ings are relatively non-in�uencedby the materialsensed,
unlessthematerialis highly re�ective. However, theangle
of orientationof theobjectdoeshavesigni�cant effects,es-
pecially asthe objectbecamemorere�ective. As a conse-
quence,the “head” is a circular cardboard(non-re�ective)
cylinder, allowing for accuratereadingsby theIR sensors.

Theheadis mountedhorizontallyonaservo motor. With
a 180 degreesof motion of the servo, andtwo Sharpsen-
sorsmountedoppositeeachother, theheadprovidesa sim-
ple”vision” systemwith a360degreeview. Onceafull 360



#define GOAL_FORCE1.0

// Compute the force exerted by the goal.
// Normalize to have magnitude GOAL_FORCE.
void goalforce (float *x, float *y) {

float mag;
*x = *x + (float)(256 - analog(2))/256.0;
*x = *x - (float)(256 - analog(3))/256.0;
*y = *y + (float)(256 - analog(4))/256.0;
*y = *y - (float)(256 - analog(5))/256.0;
mag = sqrt(*x * *x + *y * *y);
*x = GOAL_FORCE* *x / mag;
*y = GOAL_FORCE* *y / mag;

}

// The main AP code.
void ap() {

int theta, index = 0;
float r, F, fx, fy;
float sum_fx = 0.0, sum_fy = 0.0;
float vx = 0.0, vy = 0.0; // Full friction
float delta_vx, delta_vy, delta_x, delta_y;

// Get force from goal
goalforce(&sum_fx,&sum_fy);

// Add in force by neighbors
while ((robots[index][0] != -1)) {

theta = robots[index][0];
r = robots[index][1];
if (r > 1.5 * R) F = 0.0;
else { // The force law

F = G / (r * r);
if (F > F_MAX) F = F_MAX;
if (r < R) F = -F;

} // Break into x and y components
fx = F * cos(theta);
fy = F * sin(theta);
sum_fx += fx;
sum_fy += fy;
index++;

}

// Compute new velocity
delta_vx = delta_T*sum_fx;
delta_vy = delta_T*sum_fy;
vx = vx + delta_vx;
vy = vy + delta_vy;
delta_x = delta_T*vx;
delta_y = delta_T*vy;

// Compute distance/bearing to move
distance = (int)(sqrt(delta_x*delta_x +

delta_y*delta_y));
turn = (int)(atan2(delta_y, delta_x));

}

Figure 6. The main AP code .

degreescanis done,objectdetectionis performed.We use
asimple�rst derivative�lter thatdetectsobjectboundaries,
evenunderconditionsof partialocclusion.Simplewidth �l-
ters are usedto ignore objectsthat are too narrow (chair
legs) andtoo wide (walls). The resultingalgorithmdoesa
good job of detectingnearbyrobots,producinga “robot”
list whichgivesthebearingandrangeto thenearestrobot.

Oncesensingandobjectdetectioniscomplete,theAPal-
gorithmcomputesthevirtual forcefelt by thatrobot.In re-
sponse,the robot turnsandmovesto someposition.This
“cycle” of sensing,computationandmotioncontinuesuntil
weshutdown therobotsor they losepower. Figure6 shows
theAP code.It takesa robotneighborlist asinput,andout-
putsthevectorof motion(in termsof a turn anda distance
to move).

For our experimentwe built sevenrobots.Theobjective
was to form a stablehexagonthat moves towardsa light
source.Eachrobotranthesamepieceof software.Thede-
sireddistance� betweenrobotswas20 inches.Using our
theory,
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), but asour re-
�ned theorysuggests,we shouldbe ableto usethe higher
value

�
�

�

�

of 308 without obtainingclustering(as stated
earlierthis increasesthespeedof self-organizationandthe
strengthof theformation).

Each robot has a local coordinatesystem,with the
“front” of the robot representingthe positive

�

axis. We
placedfour photo-diodelight sensorson eachrobot, one
per side.The front, back, left, and right sensorsare con-
nectedto Handy Board analogports 2, 3, 4, and 5. Each
light sensorproducesvaluesfrom 0 to 255, where0 rep-
resents the brightest light. Each sensor value is nor-
malized to the range (0,1], (where a 1 representsthe
brightest light) and their values are combined to pro-
duce the

�

and
�

componentsof the goal force. Finally,
this force is normalized once again to have magni-
tude

�
�������

� ������� ���

����� (seeFigure6). According
to theory, with
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,
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, and �
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,
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����� mustbe lessthan1.33.For our experi-
ment

������� ���

�
��� is conservatively setto 1.0.
The “goalforce” function producesa force vector that

movesthe robotstowardsa light source(a window). Note
that there�ection of thewindow on the�oor is not noticed
by the robotsand is not the light source.The “ap” func-
tion �rst computesthegoalforceandthenaddsin theforce
componentsfrom neighboringrobotsthatcreateandmain-
tain the formation.The resultsareshown in Figure7, and
were consistentover ten runs,maintainingformation and
nevershowing clustering.

7. Summary and RelatedWork

This paperhas presented“force balance”quantitative
analysesof ourphysicomimeticsframework.The�rst anal-



Figure 7. Seven robots form a hexagon, and
move towards a light sour ce.

ysiswasa re�nementof a prior general“phasetransition”
analysisspeci�cally for seven robots,which allows us to
control the presenceof “clustering” in hexagonalforma-
tions. The secondanalysisallows us to set upperbounds
onagoalforcethatis felt by theformation,allowing move-
menttowardsthegoalwhile preservingcohesionof thefor-
mation.It is importantto notethatthissecondanalysisholds
in themoregeneralsituationof � robots.

Relatedwork includesthe potential�eld (PF) literature
(e.g., [13]). Generally, this dealswith a small numberof
robots(typically just one) that needto navigatethrougha
�eld of obstaclesto get to a target location.Recently, [10]
and [31] have extendedthe PF approachto include inter-
agentrepulsive forces.Although this work wasdeveloped
independentlyof AP, it af�rms the feasibility of a physics-
force-basedapproach.

Behavior-based(e.g.,[17, 2]) andrule-based(e.g.,[25])
approachesarealternativesto a physics-basedapproachto
swarm behavior. However, thesealternativesareheuristic,
andthereforein generalthey aremoredif�cult to analyze.
Control-theoreticapproacheshave alsobeenappliedeffec-
tively (e.g.,[1, 4]). Nevertheless,predictiveanalysesof any
of theseapproachesare scarce.Multi-robot swarmswith
emergentbehavior arenotoriouslydif�cult to predict,and
few researchershave tackledsuchanendeavor. Our advan-
tagein this respectis thatAP is physics-based,andthuswe
areableto employ traditionalphysicsanalysistechniques.

The work that is mostrelatedconsistsof othertheoret-
ical analysesof swarm systems.Our comparisonsare in
termsof thegoalandmethodof analysis.Therearegener-
ally two goals:stability andconvergence/correctness.Un-
der stability is the work by [24, 6, 16, 15, 20]. The �rst
threeapply Lyapunov methods.Liu et al. [16] usea ge-
ometric/topological approach, and Lerman [15] uses

differential equationsto model system dynamics.Con-
vergence/correctnesswork includes [29, 21, 16]. Geom-
etry, topology and graph theory techniquesare applied.
Other goals of theoretical analysesinclude time com-
plexity [19], synthesis [23], prediction of movement
cohesion [16], coalition size [15], number of instiga-
tors to switch strategies [18], and collision frequency
[11].

Methodsof analysisarealsodiverse.Herewefocusonly
onphysics-basedanalysesof physics-basedswarmrobotics
systems.We know of four methods.The �rst arethe Lya-
punov analysesby [24, 6, 20]. Thesecondis thekineticgas
theoryby [11]. Thethird is theminimumenergyanalysisby
[23]. Thefourthdevelopsmacro-level equationsdescribing
�ocking asa �uid-lik emovement[30].

To the bestof our knowledge,the only analysesmen-
tionedabove thatcanbeusedto setsystemparametersare
thoseof [15, 18, 30]. The�rst two analysesareof behavior-
basedsystems,while the latter is of a “velocity matching”
particlesystem.

8. Future Work

We arecurrentlyworking on improving our mechanism
for robotlocalization.Thiswork is anextensionof thework
by Navarro-Sermentet.al. [14], usinga combinationof RF
with acousticpulsesto perform trilateration.This exten-
sion will allow us to distinguishrobotsfrom obstaclesin
a straightforwardfashion,andwill bemuchfasterthanour
current“scan” technique.

In addition,weareaddingthecapabilityto dealwith ob-
stacles.We arepursuingmultiple approaches,including a
“force balance”theoreticalapproachsimilar to that used
in this paperfor small obstacles(thosethat canbe seenin
their entirety),a kinetic theoryapproach(for very largeob-
stacles),andanevolutionaryalgorithmapproachfor learn-
ing theappropriateforcelawsgoverningrobot-robot,robot-
goal,androbot-obstacleinteractions.

It is importantto point out that we considerAP to be
onelevel of a morecomplex controlarchitecture.Thelow-
estlevel controlstheactualmovementof theplatforms.AP
is at the next higher level, providing “way points” for the
robotsto move toward,aswell asproviding simplerepair
mechanisms.Our goal is to put asmuchbehavior aspossi-
ble into this level, in orderto providebehavioral assurances
andtheability to generatelawsgoverningimportantparam-
eters.However, clearly the currentAP paradigmwill not
solvemorecomplex tasks,involving planning,learning,re-
pair from morecatastrophicevents,andglobalinformation.
Forexample,certainarrangementsof obstacles(suchascul-
de-sacs)will requiretheadditionof memoryandplanning.
Hence,evenhigherlevelswill berequired[26, 8]. Learning
is especiallyinterestingto us,andwewould like to addit to



AP. Learninghasalreadybeendemonstratedto beadvanta-
geousin thecontext of behavior-based[5, 7] andrule-based
[25, 22] systems,but its valuehasnot yet beenexploredin
thecontext of aphysics-basedsystem.
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