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Moving Swarm FormationsthroughObstacleFields

SurangaHettiarachchiand William M. Spears

Abstract—In prior work we establishedhow arti cial physics
can be used to self-organize swarms of mobile robots into
hexagonal formations that move toward a goal. In this paper
we extend the framework to moving formations thr ough obstacle
elds. We provide important metrics of performance that allow
us to (a) compare the utility of different generalizedforce laws
in arti cial physics, (b) examine trade-offs between differ ent
metrics, and (c) provide a detailed method of comparison for
futur e reseachersin this area.

Index Terms—arti cial physics,formations, obstacle elds

|. INTRODUCTION

HE focusof our researchis to build aggrejatesensoisys-

tems,speci cally, to designrapidly deployable,scalable,
adaptve, cost-efective, and robust swarms of autonomous
distributedmobile sensingobots.Our objectiveis to provide a
scienti ¢, yet practical,approactto the designandanalysisof
swarm robotic systems.Target applicationsfor robot swarms
includetracingbiological/chemicahazarddo their sourcel1].

For such applicationseach robot forms a grid point for
performingcomputationaluid dynamics(CFD) calculations
to follow a chemical/biologicaplume. Hexagonalgrids have
beenprovento be superiorto traditional rectangulargrids for
numericalsolutionsof partial differentialequationsasneeded
for CFD. In particulat they aremoreef cient andeffective at
handlingboundaryconditions[2].

It is assumedhatrobotscansenseandaffect nearbyrobots;
thus, a key challengeof this projecthasbeenhow to design
“local” controlrules.Not only do we want the desiredglobal
swarm behaior to emege from the local interactionbetween
robots(i.e., self-olganization) but we alsowould like thereto
be somemeasureof fault-tolerancei.e., the global behaior
degradesvery gradually if individual robots are damaged.
Self-repairis also desirable,in the event of damage.Self-
organizationfault-toleranceandself-repairarepreciselythose
principlesexhibited by naturalphysicalsystems.Thus, mary
answersto the problemsof distributed control can be found
by studyingthe naturallaws of physics.

In prior work we have shovn how our arti cial physics
framawvork can be usedto self-oiganize swarms of mobile
robotsinto hexagonallatticesthatmove toward a goal[3], [4],
[5]. We now extendthe framework to include motion through
an obstacle eld. Our objective is two-fold. Prior research
in this areahas generallyfocusedeither on a small number
of robots moving through a large numberof obstaclesor a
large numberof robots moving through a small number of
obstacleg6], [7]. However, the moredif cult taskof moving
a large numberof robotsin formationthrougha large number
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of obstacless generallynot addressedAlso, proposednetrics
of performanceare not complete,ignoring criteria such as
the number of collisions betweenrobots and obstacles the
distribution in time of the numberof robotsthatreachthegoal,
andthe connectvity of the formationasit moves.Hence,one
objective is to provide a more completeset of metrics from
which meaningfulcomparisonganbe made.Secondwe will
usethesemetrics,coupledwith a morecompleteexperimental
methodologyto examine(a) differentstratejiesfor performing
the task, and (b) trade-ofs betweendifferentcriteria.

First, we summarizethe generalarti cial physicsframe-
work. Second,we summarizeour techniquefor optimizing
force law parameterausing an evolutionary algorithm (EA).
Third, we explain our experimentalmethodologyand perfor
mancecriteria. Fourth, we comparetwo different classesof
force laws using the performancecriteria. We concludewith
a discussiorof relatedwork and our plansfor future work.

Il. THE ARTIFICIAL PHYSICS FRAMEWORK

In our arti cial physics (AP) framawork, virtual physics
forcesdrive a swarmroboticssystento a desiredcon guration
or state. The desired con guration is one that minimizes
overall system potential enegy, and the systemacts as a
moleculardynamics( ) simulation.

Eachrobothasposition andvelocity . We usea discrete-
time approximationto the continuousbehaior of the robots,
with time-step . At eachtime step,the positionof eachrobot
undegoesa perturbation . The perturbationrdepend®n the
currentvelocity, i.e., . The velocity of eachrobot
at eachtime stepalsochangesy . The changen velocity
is controlled by the force on the robot, i.e., ,
where is the massof thatrobotand is the force on tha
robot. and denotethe magnitudeof vectors and . A
frictional force is included,for self-stabilization.

From the start, we intendedto have our framework map
easily to physical hardware, and our model re ects this
design philosophy Having a mass  associatedwith each
robot allows our simulatedrobotsto have momentum.The
frictional force allows us to model actualfriction, whetherit
is unavoidableor deliberate,in the real robotic system.With
full friction, the robots come to a complete stop between
sensorreadingsand with no friction the robots continueto
move asthey senseThetime step  re ects the amountof
time the robotsneedto performtheir sensorreadings.If
is small, the robots get readingsvery often, whereasif the
time stepis large, readingsare obtainedinfrequently We have
alsoincludeda parameter , Which provides a necessary
restriction on the accelerationa robot can achieve. Also, a
parameter restrictsthe maximumvelocity of the robots
(and can always be scaledappropriatelywith to ensure
smoothpathtrajectories).
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I1l. HEXAGONAL LATTICE SENSING GRIDS

In prior work we have showvn how AP canbeappliedto self-
organizeswarms of robotsinto hexagonallattices[3], while
they move toward a goal [4], [5]. In orderto accomplishthis,
robotsmustbe ableto sensethe rangeand bearingto nearby
robots,aswell asthe goal location (Figure 1). All movement
is controlledvia the control law.

Fig. 1. Sevenrobotsform a hexagon,and move towardsa light source.

In this paperwe comparetwo differentforce laws, in the
contet of moving formationsthroughobstacleelds. The rst
hasbeenusedin our prior work andis a generalizatiorof the
“Newtoniangravitational” force law to includeboth attraction
andrepulsion.The force law is:

@)

is the magnitudeof the force betweentwo

robots,and is the distancebetweenthe two robots. The
variable affects the strengthof the force. The variable
is a userde ned power that controlsthe reductionin strength
with distance.The force is repulsive if and attractive
if . is the desiredseparatiorbetweenthat robot and
neighboringrobots.In orderto achiese optimal behaior, the
valuesof , ,and mustbe determinedaswell asthe
amountof friction. The Newtonianforce law generallycreates
rigid formationsthat act as solids, even in the presenceof
sensorand locomotionuncertainty(Figure 1).

In this paperwe arealsoinvestigatingthe utility of asecond
forcelaw, whichis a generalizatiorof the Lennard-Joneforce
law (which modelsforcesbetweenmoleculesand atoms):

— — (2)

Again, is the magnitudeof the force between

two robots,and is the distancebetweenthe two robots.
The variable affects the strength of the force, while

and control the relative balancebetweenthe attractve and
repulsize componentsin order to achiese optimal behaior,
thevaluesof , , , and must be determined as well
as the amountof friction. Our motivation for trying the LJ
force law is that (dependingon the parametesettings)it can
easily model crystallinesolid formations,liquids, and gases.

IV. OPTIMIZATION USING EVOLUTIONARY ALGORITHMS

Given generalizedorce laws, suchasthe Newtonianforce
law or Lennard-JonegLJ), it is necessaryto optimize the
parameterdo achieve the bestperformanceWe achieve this
taskusinganEA. EAs areoptimizationalgorithmsinspiredby
naturalevolution. We mutateand recombinea populationof
candidatesolutions (individuals) basedon their performance
in our ervironment. One of the major reasonsfor using
this population-basedtochasticalgorithm is that it quickly
generatesndividualsthat have robust performanceEvery in-
dividualin thepopulationis a vectorof real-valuedparameters,
representingan instantiationof either the Newtonian or LJ
force law (dependingon the force law being optimized).

In addition to friction, the evolving parametersof the
Newtonianforce law are:

- gravitational constantof robot-robotinteractions,
- power of the force law for robot-robotinteractions,
- maximumforce of robot-robotinteractions,

and similar 3-tuplesfor obstacle/goal-robointeractions.The
evolving parametersf the LJ force law are:

- strengthof the robot-robotinteractions,
- non-n@ative attractive robot-robotparameter
- non-neyative repulsie robot-robotparameter
- maximumforce of robot-robotinteractions,

and similar 4-tuplesfor obstacle/goal-robdnteractions.

Offspring are generatedusing one-pointcrosseer with a
crosswer rate of . Mutation adds/subtract@an amount
drawvn from a Gaussiardistribution. Eachparameter
hasa probability of beingmutated.Mutation ensureghat
parametewvaluesstay within acceptedanges.

Sincewe areusingan EA that minimizes,the performance
of anindividual is measureds a weightedsum of penalties:

Theweighted tness function consistsof threecomponents:
a penaltyfor collisions,a penaltyfor lack of cohesionanda
penalty for robots not reachingthe goal. Since there is no
safety zone aroundthe obstacleg[7], a penalty is addedto
the scoreif the robots collide with obstacles.The cohesion
penalty is derived from the fact that in a good hexagonal
lattice, interior robots should have six local neighbors. A
penalty occursif a robot has more or less neighbors.If no
robotreacheghe goal within the time limit, a penaltyoccurs.

V. EXPERIMENTAL METHODOLOGY
A. The Ervironment

Our 2D simulationworld is 900x700,and containsa goal,
obstaclesand robots. Up to a maximum of 100 robots and
100 static obstacleswith one static goal are placedin the
ervironment.The goal is always placedat a randomposition
in the right side of the world, while the robotsare initialized
in the bottomleft area.The obstaclesarerandomlydistributed
throughoutthe ervironment,but are kept 50 units awvay from
the initial location of the robots, to give the robots the
opportunityto rst getinto formation. Eachcircular obstacle
hasaradius  of 10, andthe squareshapedgoal is 20x20.
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When 100 obstaclesare placedin the ervironment, roughly Swarm connectvity: the maximum numberof robotsin
5% of the ervironmentis covered by the obstacles(similar the swarm that are connectedria a communicatiorpath.
to [7]). The desiredseparatiorbetweenrobots is 50, and Two robotsare connectedf their separations  1.5R.
the maximumvelocity is 20. Figure 2 shaws 40 robots Reachabilitythe percentagef robotsthatreachthe goal.
navigating throughrandomlypositionedobstaclesThe larger A robot hasreachedhe goal if it is within distance
circles are obstaclesand the squareto the right is the goal. of the goal.

Robotscansenseotherrobotswithin a distanceof , and Time to goal: the amountof time taken by the lastrobot
cansenseobstacleswithin a distanceof (the minimum to reachthe goal.

sensingdistance).The goal canbe sensecht ary distance. The importanceof the collision, connectvity, and time to

goal metricsis obvious. We also considerconnectvity, since
this is an important metric for the quality of a swarm of

robots acting as a sensorgrid. The connectvity result we

will provide is the minimum size of the largest connected
swarm, asthe swarm movesto the goal. Although eachmetric

providesusefulinformation,a morecompletepicturearisesby

consideringall.

VI. RESULTS

To measurethe performanceof the optimized force laws,
experiments were carried out with 20 to 100 robots (in
incrementsof 20), and 20 to 100 obstaclegin incrementsof
20). Eachexperimentwas averagedover 50 runs of different
robot, goal and obstacleplacementsWe rst considerthe
resultsfor the Newtonianforce law.

Fig. 2. 40 robotsmoving to the goal. The larger circlesrepresenbbstacles,
while the squarein the upperright representshe goal. .
A. NewtonianForce Law

The simulation tool consistsof training and performance  Tablesl — IV shav the numberof collisions, connectity,
modules.Thetrainingmoduleis usedto evolve parametesets reachability andtime to goal resultsfor the optimized New-
for eitherthe Newtonianor theLJ forcelaws. Theperformance tonianforce law. A "—' entry indicatesthat the robotsdid not
moduleevaluatesthe optimizedforce laws with respecto the malke it to the goal within the allottedtime period.
following metrics: collisions, connectvity, reachability and

time to goal (to be explained|ater). Obstacles
robots | 20 | 40 | 60 | 80 | 100
o 20 0 00| 0] O
B. EA Optimization 40 0] 0[O0 O 0
Both NewtonianandLJ force laws were evolved using our gg 8 (1) 8 8 2
training module.The populationsizewas 100 andthe EA was 00 T 21212121 3

run for 100 generationsWe rst trainedover scenarioswith
15 robots and 50 obstacles Each individual (an instanceof
the force law) was evaluatedfor 1500 time steps,averaged
over 50 randominstantiationsof the ervironment. However,
the resultingoptimizedforce laws did not scalewell to higher
numbersof robotsand/orobstaclesTraining with 100 robots

TABLE |
NUMBER OF ROBOTS THAT COLLIDED WITH OBSTACLES

. o . . . Obstacles
and 100 obstaclesvas time prohibitive, sincethe simulation robots | 20 T 40 1 60 1 80 | 100
runsin time , where is the total numberof robots 20 3 3 3 4 5
andobstacles. As a consequencaye settledon a compromise 40 | 16 | 15 | 18 | 14 | 21

of 40 robotsand 90 obstacles.

C. PerformanceMetrics TABLE II

After optimization,the bestforce laws are evaluatedwith MINIMUM NUMBER OF ROBOTS THAT REMAIN CONNECTED
our performancenodule.The performancenoduleconsistsof
four metrics:
COI”Sion.S:the numberof rObOtSCO”iding with ObStaCl-es. It is clear that collisions are not a primary concern.lnter-
We considersuchrobotsto bedamagedbut they canstill  estingly the numberof obstaclesdoesnot appearto be the
move with the formation. importantfactor here,althoughthe numberof robotsis.
1The simulationcomparesall pairs of robotsto seewho they interactwith. Wh_en thereare lessthan 40. robots, somereachthe goal-
With the actualrobotsthis occursin O(1) time. The time to reach the goal increasesas the number of
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Obstacles
robots 20 40 60 80 100
20 100 100 100 100 100
40 83 77 63 49 37
60 0 0 0 0 0
80 0 0 0 0 0
100 0 0 0 0 0
TABLE Il

PERCENTAGE OF ROBOTS REACHING THE GOAL

Obstacles
robots | 20 40 60 80 100
20 1180 | 1190 | 1410 | 1490 | 1490
40 1500 | 1500 | 1500 | 1500 | 1500
60 + + + + +
80 + + + + +
100 + + + + +
TABLE IV

TIME TO REACH THE GOAL

obstaclesncreasestHowever, it is clearthatthisis achievedby
fragmentingthe formation into small parts (Table Il). When
there are more than 40 robots, none reachthe goal (within
the time period). Instead the structureremainsconnectedbut
the strictrigidity of the structurepreventsit from makinggood
progresghroughtheobstacleeld. It is clearfrom theseresults
that training with 40 robotsdoesnot yield a Newtonianforce
law that scalesto a larger numberof robots.

B. LJ Force Law

TablesV — VIII show the collision, connectvity, reachabil-
ity, andtime to goal resultsfor the optimizedLJ force law.

Obstacles
robots | 20 | 40 | 60 | 80 | 100
20 0 0 0 0 0
40 0 0 0 0 0
60 0 0 0 0 0
80 0 0 0 1 1
100 1 1 2 4 5
TABLE V

NUMBER OF ROBOTS THAT COLLIDED WITH OBSTACLES

Obstacles
robots | 20 | 40 | 60 | 80 | 100
20 8 8 8 8 8
40 20202021 21
60 3434343 35
80 49 [ 49 | 49| 49 | 49
100 64 | 64| 64 ] 64 64
TABLE VI

MINIMUM NUMBER OF ROBOTS THAT REMAIN CONNECTED

Again, it is clearthat collisions are not a primary concern.
As before,the numberof obstaclesloesnot appearto be the
importantfactor here,althoughthe numberof robotsis. The

Obstacles
robots 20 40 60 80 100
20 100 100 100 100 100
40 100 100 100 100 100
60 100 100 100 100 100
80 100 100 100 100 100
100 100 100 100 100 100
TABLE VII

PERCENTAGE OF ROBOTS REACHING THE GOAL

Obstacles
robots [ 20 40 60 80 | 100
20 510 | 520 | 520 | 520 | 530
40 590 | 600 | 620 | 590 | 600
60 680 | 680 | 700 | 690 | 690
80 780 | 790 | 780 | 780 | 780
100 | 870 | 870 | 870 | 830 | 870
TABLE VIl

TIME TO REACH THE GOAL

differencesdn collision resultsbetweenLJ andthe Newtonian
force law are statisticallyinsigni cant.

However, the other resultsare quite different. First, all of
the robotsmalke it to the goal, in all circumstancesThe time
to reachthe goalincreaseslowly asthe numberof obstacles
androbotsincreasegwith thenumberof robotshaving alarger
effect). Finally, swarm connectvity remainsreasonablyhigh,
rangingfrom 40% to 64%. Interestingly swarm connectvity
increasesas the number of robots increasesand is almost
totally unafectedby the numberof obstaclesln contrastwith
the Newtonian force law, the LJ force law (which is trained
with 40 robots)scaleswell with largernumbersof robots.This
provides evidencethat the LJ force law is a good model for
the swarm behaior that we desire.

Obsenationof thesystenmbehaior shavsthattheformation
acts like a viscous uid, ratherthan a solid. Although the
formation is not rigid, it doestend to retain much of the
hexagonal structure.Deformationsand rotations of portions
of the uid are temporary manifestationsimposed by the
obstaclesHence,the added e xibility of this formation (over
that achieved by the Newtonian force law) hasa signi cant
impact on behaior. The optimized LJ force law provides
low collision rates,very high goal reachability rates within
a reasonablgeriod of time, and high swarm connectvity.

VIlI. RESULTSWITH A SAFETY ZONE

Theforcelaws evolvedwith the EA producebehavior where
the robots skirt the obstaclesas closely as possible.This is
consistenwith the generalAP framework, whererobotsmove
in a fashionthat minimize enegy usage.However, as noted
above, this canleadto collisions. In this sectionwe examine
the trade-ofs inducedby the addition of a safetyzone.

We performedthe sameexperimentsas before,for 20 and
100 robots with varying number of obstaclesAll obstacles
weregiven a safetyzoneof size 15, increasinghe virtual size
of the obstaclesHence,robots can senseobstacleswithin a
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distanceof . Again, therobotswereallowed 1500time
units to reachthe goal.

A. Newtonian Force Law

Theintroductionof the safetyzoneeliminatedall collisions
of robotswith obstaclesand swarm connectvity resultswere
similar. However, reachability was greatly reducedand the
time to reachthe goal wasincreasedTablesIX and X).

VIII. DISCUSSION AND ELABORATION

To further analyze our system,we also collected data
concerningthe changein the connectvity andthe percentage
of robotsreachingthe goal, overtime. Theresultinggraphsare
fartoo numeroudo presenthere,but we presentrepresentatie
examples.All graphsare averagedover 50 independentuns.

Connectivity of 20 and 100 Robots Through 100 Obstacles Over 1500 Time Steps

100

80 -

" Nwt100

LJ100

Obstacles
robots | 20 40 60 80 100
20 99 96 70 52 14
100 0 0 0 0 0
TABLE IX

PERCENTAGE OF ROBOTS REACHING THE GOAL

Obstacles
robots | 20 40 60 80 100
20 1440 | 1490 | 1490 | 1490 | 1490
100 + + + + +
TABLE X

TIME TO REACH THE GOAL

Theresultswerenot unexpected Sincethe Newtonianforce
law producesa structurethat actslike a solid, the addition of
the safety zone make it more dif cult for the formation to
rotateand counterrotate(an emegentpropertyof the system)
throughthe obstacles.

B. LJ Force Law

As with the Newtonian force law, the introduction of the
safety zone eliminatedall collisions of LJ-controlledrobots
with obstaclesand swarm connectvity resultswere similar.

Obstacles
robots 20 40 60 80 100
20 100 100 100 87 80
100 100 99 98 96 93
TABLE XI

PERCENTAGE OF ROBOTS REACHING THE GOAL

60 -

a0}

Connectivity

20

L320 w20

oL

0 200 400 600 800 1000 1200 1400

Time

Fig. 3. Changein connectiity over 1500time stepsfor 20 and 100 robots
through 100 obstaclesusing Newtonian andLJ force laws

Figure 3 illustratesthe changein connectvity of the swarm
over time. Two setsof results are presentedin this graph.
The curves at the top are for 100 robots moving through
100 obstaclesThe robots controlledby the Newtonian force
law remainfully connectedalthough,aswe know from the
prior results,this is becausehe formation hasnot succeeded
in reachingthe goal). However, the swarm connectvity for
the LJ-controlled robots drops after 200 time steps,as the
formationbeginsto move throughthe obstacleeld. After 400
time steps,the formation connectity increasess the robots
reachthe goal.

The curvesat the bottomarefor 20 robotsmoving through
100 obstacles.In this situation the Newtonian-controlled
robots arrive at the goal, and the swarm connectvity drops
after 800 time stepsand then increasesafter roughly 1050
steps.Becausehe LJ-controlledformationmovesmuchmore
quickly, the formationconnectvity dropsafter 200time steps
andthenincreasesfter roughly 300 steps.It is interestingto
note that the LJ-controlledswarm doesnot breakapartquite
as much asthe Newtonian-controlledswarm.

Reachability of 20 & 100 Robots Through 100 Obstacles -- Without Safety

100 -

1320 13100
8ol

60 -

a0}

Obstacles
robots [ 20 40 60 80 [ 100
20 520 | 520 | 520 | 550 | 580
100 810 | 890 | 810 | 890 | 990
TABLE Xl

TIME TO REACH THE GOAL

Onceagain,reachabilitywasreducedandthetime to reach

the goal increased.However, the reductionin performance over 1500time stepsusing Newtonian

(seeTablesXI and Xll) is not nearly as severe as with the
Newtonian-controlledrobots. The additional e xibility of the
viscous uid works far better

Percentage of Robots

20 -

Nwt20

Nwt100
1000 1200 1400

600 800
Time

0 200 400

Fig. 4. Percentagef 20 and100robotsreachinggoal through100 obstacles
andLJ force laws

Figure4 shavs how the numberof robotsreachingthe goal

changeswith time. Again, two setsof resultsare presented,
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for 20 and 100 robotsmoving through100 obstaclesThe two
left-most curves are for the LJ-controlledrobots. Note that,
regardlessof the numberof obstaclesrobots start to arrive
at the goal at roughly the sametime (300 time steps).With
20 robots,they have all arrived at the goal by about500 time
steps.This indicatesthat all robotsarrived at the goal within
a 200 time stepinterval — a relatively narrov bandin time.
Increasingthe number of robots to 100 increasesthe time
interval to only 500 steps.

The other two curves are for the Newtonian-controlled
robots. With 20 robots,they startto reachthe goal at 1000
time steps,and the interval is approximately400 time steps.
When there are 100 robots, none reachthe goal within the
allottedtime period.

Reachability of 20 & 100 Robots Through 100 Obstacles -- With Safety

100

80
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Fig.5. Percentagef 20 and100robotsreachinggoal through100 obstacles
over 1500time stepsusingNewtonian andLJ forcelaws with a safety
zonearoundobstacles

Figure5 shows the resultsof the sameexperiment,but with
the additionof the safetyzonesaroundall obstaclesAs noted
earlier safetyzonesremove all collisions. But the impacton
reachabilityis clear Even with only 20 robots, performance
with the Newtonian force law is severely impacted.Perfor
manceof the LJ-controlled robots is also impacted,but to
a lesserextent. The time interval within which robotsarrive
at the goal remainsrelatively unafected,but the numberof
robotsreachingthe goal is de nitely compromised.

Figure 6 shows the evolved LJ robot-robotforce law. It is
strongly repulsve when the distancebetweenrobotsis less
than 50, and weakly attractve when the distanceis greater
than 50. This weak attractize force provides the “stickiness”
that manifestsitself asa viscous uid in the aggreate.

0.01

0.005 - R

Force Strength
o

-0.005 R

-0.01 . . . .
0 40 50 60 70 80
Distance

10 20 30

Fig. 6. The evolved LJ force law, which is repulsie whendistanceis less
than 50, and weakly attractve whendistanceis greaterthan 50

IX. RELATED WORK

Most of the swarm robotics literature can be subdvided
into swarmintelligence behaviorbased rule-based control-
theoeetic and physics-basedechniques.Swarm intelligence
techniguesre ethologicallymotivatedand have had excellent
succesawith foraging, task allocation, and division of labor
problemg8], [9]. Both behaior-basedandrule-basedystems
[10Q], [6], [11] have proved quite successfuin demonstrating
a variety of behaiors in a heuristic manner Behavior-based
andrule-basedechniquesio not make useof potential elds
or forces. Instead, they deal directly with velocity vectors
and heuristicsfor changingthosevectors(althoughthe term
“potential eld” is often usedin the behaior-basediterature,
it refersto a eld that differs from the strict Newtonian
physics de nition). Control-theoreticapproacheshave also
beenapplied effectively (e.g.,[12]). Our approachdoesnot
malke the assumptionof having leadersand followers, as in
[13], [14].

Oneof the earliestphysics-basetechniquess the potential
elds (PF) approach(e.g., [15]). Most of the PF literature
deals with a small number of robots (typically just one)
that navigate througha eld of obstaclesto get to a target
location.The ervironment,ratherthanthe robots,exert forces.
Obstaclesexert repulsive forces while goals exert attractive
forces. Recently Howard et al. [16] and Vail and Veloso
[17] extendedPF to include interagentrepulsive forces —
for the purposeof achiering coverage.Although this work
was developedindependentlyof AP, it afrms the feasibility
of a physics force-basedapproach.Another physics-based
methodis the “EngineeredCollective” work by Duncanat the
University of New Mexico and Robinettat SandiaNational
Laboratory Their techniquehasbeenappliedto search-and-
rescueandotherrelatedtasks[18]. The social potential elds
[19] framework is highly related to AP. Reif and Wang
[19] rely on a force-lav simulation that is similar to our
own, allowing differentforcesbetweendifferentrobots.Their
emphasidgs on synthesizingdesiredformationsby designing
graphsthat have a unique PE embeddingWe plan to mege
this approachwith ours.

In the specic contet of obstacleavoidance,the most
relevant papersare [6], [7] and [10]. Balch [6] examines
the situation of four robots moving in formation through
an obstacle eld with 2% coverage.In [7] he extendsthis
to an obstacle eld of 5% coverage,and also investigates
the behavior of 32 robots moving around one medium size
obstacle Fredslundand Matari¢ [10] examinea maximumof
eightrobotsmoving aroundtwo wall obstaclesTo the bestof
our knowledge this paperis the rst to systematicallyexamine
larger numbersof robotsand obstacles.

X. SUMMARY

This paper presentsa novel extensionto our articial
physics framework, with the use of a generalizedLennard-
Jonedorce law. We thensummarizenow we useevolutionary
algorithmsto optimizethe parametersf theforce laws. These
force laws were testedwithin the context of moving robotic
swarm formationsthroughobstacle elds to a goal.
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In addition, this paper presentsnovel metrics of perfor
mance,namely the numberof robots that collide with ob-
staclestheir connectity, the numberof robotsthat reachthe
goal, andthe time to the goal. Although eachmetric provides
usefulinformation,a muchbetterpicturearisesby considering
all metrics.Our empiricalanalysisis methodicalyangingfrom
20 to 100 robots,and 20 to 100 obstacles.

Our resultsindicatethat LJ-controlledrobotshave far supe-
rior performanceao our more “classic” Newtonian-controlled
robots. This is becausethe emegent behaior of the LJ-
controlled swarm is to act as a viscous uid, generallyre-
taining good connectvity while allowing for the deformations
necessaryo smoothly o w throughthe obstacleeld. Despite
beingtrainedwith only 40robots theemegentbehaior scales
well to larger numbersof robots.In contrastthe Newtonian-
controlled swarm producesmore rigid structuresthat have
much more dif culty maneuering through the obstacles.
Furthermore performancedrops dramaticallywhenthere are
more than 40 robots.Table XIII summarizeghe results.

Newtonian LJ
Robots 40 [ 60 [ 80 [ 100 40 60 80 [ 100
Collisions 0 0 1 3 0 0 1 5
Connectrity 21| 60 | 80 | 100 21 35 49 64
Reachability% 37 0 0 0 [| 100 | 100 | 100 | 100
Time to Goal | 1500 - - - |/ 600 | 690 | 780 | 870
TABLE Xlll

SUMMARY OF RESULTS FOR 100 OBSTACLES, WITH 40 £ 100 ROBOTS.

Finally, we usethe metricsto considerthe trade-ofs that
occurwhen a safetyzoneis introducedaroundthe obstacles.
As expected collisions never occur, but signi cant reductions
in reachabilityarise.For future work we intendto extend our
framawork to non-circularand/or moving obstacles At this
point, signi cant issuesarisewith respecto the partial obser
vation of obstaclesand the presenceof traps. We expect to
be ableto memge methodsfrom Lee et.al.[20] with respecto
their handlingof partial obsenations,andthe “wall following
method”from Borensteinand Koren[21] for avoiding traps.
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