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Moving Swarm FormationsthroughObstacleFields
SurangaHettiarachchiandWilliam 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 differ ent 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 researchers in this area.

Index Terms— arti�cial physics, formations, obstacle�elds

I . INTRODUCTION

T HE focusof our researchis to build aggregatesensorsys-
tems,speci�cally, to designrapidly deployable,scalable,

adaptive, cost-effective, and robust swarms of autonomous
distributedmobilesensingrobots.Ourobjective is to providea
scienti�c, yet practical,approachto thedesignandanalysisof
swarm robotic systems.Target applicationsfor robot swarms
includetracingbiological/chemicalhazardsto their source[1].

For such applicationseach robot forms a grid point for
performingcomputational�uid dynamics(CFD) calculations
to follow a chemical/biologicalplume.Hexagonalgrids have
beenproven to be superiorto traditionalrectangulargrids for
numericalsolutionsof partialdifferentialequations,asneeded
for CFD. In particular, they aremoreef�cient andeffective at
handlingboundaryconditions[2].

It is assumedthatrobotscansenseandaffect nearbyrobots;
thus,a key challengeof this project hasbeenhow to design
“local” control rules.Not only do we want the desiredglobal
swarm behavior to emerge from the local interactionbetween
robots(i.e., self-organization),but we alsowould like thereto
be somemeasureof fault-tolerancei.e., the global behavior
degradesvery gradually if individual robots are damaged.
Self-repair is also desirable,in the event of damage.Self-
organization,fault-tolerance,andself-repairarepreciselythose
principlesexhibited by naturalphysicalsystems.Thus,many
answersto the problemsof distributed control can be found
by studyingthe naturallaws of physics.

In prior work we have shown how our arti�cial physics
framework can be used to self-organizeswarms of mobile
robotsinto hexagonallatticesthatmove towarda goal [3], [4],
[5]. We now extendthe framework to includemotion through
an obstacle�eld. Our objective is two-fold. Prior research
in this areahasgenerallyfocusedeither on a small number
of robots moving througha large numberof obstacles,or a
large numberof robots moving through a small numberof
obstacles[6], [7]. However, the moredif�cult taskof moving
a largenumberof robotsin formationthrougha largenumber
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of obstaclesis generallynot addressed.Also, proposedmetrics
of performanceare not complete,ignoring criteria such as
the number of collisions betweenrobots and obstacles,the
distribution in timeof thenumberof robotsthatreachthegoal,
andtheconnectivity of the formationasit moves.Hence,one
objective is to provide a more completeset of metrics from
which meaningfulcomparisonscanbe made.Second,we will
usethesemetrics,coupledwith a morecompleteexperimental
methodology, to examine(a)differentstrategiesfor performing
the task,and(b) trade-offs betweendifferentcriteria.

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

I I . THE ARTIFICIAL PHYSICS FRAMEWORK

In our arti�cial physics (AP) framework, virtual physics
forcesdrivea swarmroboticssystemto adesiredcon�guration
or state. The desired con�guration is one that minimizes
overall system potential energy, and the system acts as a
moleculardynamics(
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� ) simulation.
Eachrobothasposition

�

� andvelocity
�

� . We usea discrete-
time approximationto the continuousbehavior of the robots,
with time-step	�
 . At eachtimestep,thepositionof eachrobot
undergoesa perturbation	
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� . Theperturbationdependson the
currentvelocity, i.e., 	
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 . The velocity of eachrobot
at eachtime stepalsochangesby 	

�

� . The changein velocity
is controlledby the force on the robot, i.e., 	
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where

�

is the massof that robot and
�

�

is the force on that
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 simulatedrobots to 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 as they sense.The time step 	�
 re�ects the amountof
time the robotsneedto perform their sensorreadings.If 	�


is small, the robots get readingsvery often, whereasif the
time stepis large,readingsareobtainedinfrequently. We have
also includeda parameter

�������

, which providesa necessary
restriction on the accelerationa robot can achieve. Also, a
parameter�

�����

restrictsthe maximumvelocity of the robots
(and can always be scaledappropriatelywith 	�
 to ensure
smoothpath trajectories).
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I I I . HEXAGONAL LATTICE SENSING GRIDS

In prior work wehaveshown how AP canbeappliedto self-
organizeswarmsof robots into hexagonallattices [3], while
they move toward a goal [4], [5]. In orderto accomplishthis,
robotsmustbe able to sensethe rangeandbearingto nearby
robots,aswell asthe goal location(Figure1). All movement
is controlledvia the

�

� � �

�

� control law.

Fig. 1. Seven robotsform a hexagon,andmove towardsa light source.

In this paperwe comparetwo different force laws, in the
context of moving formationsthroughobstacle�elds. The�rst
hasbeenusedin our prior work andis a generalizationof the
“Newtoniangravitational” force law to includeboth attraction
andrepulsion.The force law is:

���

�

���

(1)
��� � �����

is the magnitudeof the force betweentwo
robots, and � is the distancebetweenthe two robots. The
variable

�

affects the strengthof the force. The variable �

is a user-de�ned power that controlsthe reductionin strength
with distance.The force is repulsive if ���
	 and attractive
if ���
	 . 	 is the desiredseparationbetweenthat robot and
neighboringrobots.In order to achieve optimal behavior, the
valuesof

�

, � , and
�������

mustbe determined,aswell as the
amountof friction. TheNewtonianforce law generallycreates
rigid formations that act as solids, even in the presenceof
sensorand locomotionuncertainty(Figure1).

In this paperwe arealsoinvestigatingtheutility of a second
forcelaw, which is a generalizationof theLennard-Jonesforce
law (which modelsforcesbetweenmoleculesandatoms):
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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 attractive and
repulsive components.In order to achieve optimal behavior,
the valuesof

�

,
�

,
�

, and
�������

must be determined,as well
as the amountof friction. Our motivation for trying the LJ
force law is that (dependingon the parametersettings)it can
easilymodelcrystallinesolid formations,liquids, andgases.

IV. OPTIMIZATION USING EVOLUTIONARY ALGORITHMS

Given generalizedforce laws, suchasthe Newtonianforce
law or Lennard-Jones(LJ), it is necessaryto optimize the
parametersto achieve the bestperformance.We achieve this
taskusinganEA. EAs areoptimizationalgorithmsinspiredby
naturalevolution. We mutateand recombinea populationof
candidatesolutions(individuals) basedon their performance
in our environment. One of the major reasonsfor using
this population-basedstochasticalgorithm is that it quickly
generatesindividualsthat have robust performance.Every in-
dividual in thepopulationis avectorof real-valuedparameters,
representingan instantiationof either the Newtonian or LJ
force law (dependingon the force law beingoptimized).

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-robotinteractions.The
evolving parametersof the LJ force law are:

'

�

- strengthof the robot-robotinteractions,
'

�

- non-negative attractive robot-robotparameter,
'

�

- non-negative repulsive robot-robotparameter,
'

�
�����

- maximumforce of robot-robotinteractions,
andsimilar 4-tuplesfor obstacle/goal-robotinteractions.

Offspring are generatedusing one-pointcrossover with a
crossover rate of (*)�+ . Mutation adds/subtractsan amount
drawn from a ,.-/)1032�4 Gaussiandistribution. Eachparameter
hasa 5 
�6 probabilityof beingmutated.Mutationensuresthat
parametervaluesstaywithin acceptedranges.

Sincewe areusingan EA that minimizes,the performance
of an individual is measuredasa weightedsumof penalties:
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Theweighted�tness functionconsistsof threecomponents:
a penaltyfor collisions,a penaltyfor lack of cohesion,anda
penalty for robots not reachingthe goal. Since there is no
safety zone aroundthe obstacles[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 occurs if a robot has more or less neighbors.If no
robot reachesthe goal within the time limit, a penaltyoccurs.

V. EXPERIMENTAL METHODOLOGY

A. TheEnvironment

Our 2D simulationworld is 900x700,andcontainsa goal,
obstaclesand robots. Up to a maximum of 100 robots and
100 static obstacleswith one static goal are placed in the
environment.The goal is alwaysplacedat a randomposition
in the right sideof the world, while the robotsare initialized
in thebottomleft area.Theobstaclesarerandomlydistributed
throughoutthe environment,but arekept 50 units away from
the initial location of the robots, to give the robots the
opportunityto �rst get into formation.Eachcircular obstacle
hasa radius 	

?

of 10, and the squareshapedgoal is 20x20.
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When 100 obstaclesare placedin the environment, roughly
5% of the environment is covered by the obstacles(similar
to [7]). The desiredseparationbetweenrobots 	 is 50, and
the maximumvelocity �

�����

is 20. Figure2 shows 40 robots
navigating throughrandomlypositionedobstacles.The larger
circles are obstaclesand the squareto the right is the goal.
Robotscansenseother robotswithin a distanceof 5��

�

	 , and
cansenseobstacleswithin a distanceof 	

? I

5 (theminimum
sensingdistance).The goal canbe sensedat any distance.

Fig. 2. 40 robotsmoving to the goal.The larger circlesrepresentobstacles,
while the squarein the upperright representsthe goal.

The simulation tool consistsof training and performance
modules.Thetrainingmoduleis usedto evolve parametersets
for eithertheNewtonianor theLJ forcelaws.Theperformance
moduleevaluatestheoptimizedforce laws with respectto the
following metrics: collisions, connectivity, reachability, and
time to goal (to be explainedlater).

B. EA Optimization

Both NewtonianandLJ force laws wereevolved usingour
trainingmodule.Thepopulationsizewas100andtheEA was
run for 100 generations.We �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 environment.However,
the resultingoptimizedforce laws did not scalewell to higher
numbersof robotsand/orobstacles.Training with 100 robots
and 100 obstacleswas time prohibitive, sincethe simulation
runs in time � -/,

�

4 , where , is the total numberof robots
andobstacles.1 As a consequence,we settledon a compromise
of 40 robotsand90 obstacles.

C. PerformanceMetrics

After optimization, the best force laws are evaluatedwith
our performancemodule.Theperformancemoduleconsistsof
four metrics:

' Collisions:thenumberof robotscolliding with obstacles.
We considersuchrobotsto bedamaged,but they canstill
move with the formation.

1The simulationcomparesall pairsof robotsto seewho they interactwith.
With the actualrobotsthis occursin O(1) time.

' Swarm connectivity: the maximumnumberof robots in
the swarm that areconnectedvia a communicationpath.
Two robotsareconnectedif their separationis

�

1.5R.
' Reachability:thepercentageof robotsthatreachthegoal.

A robot hasreachedthe goal if it is within
�

	 distance
of the goal.

' Time to goal: the amountof time taken by the last robot
to reachthe goal.

The importanceof the collision, connectivity, and time to
goal metricsis obvious. We also considerconnectivity, since
this is an important metric for the quality of a swarm of
robots acting as a sensorgrid. The connectivity result we
will provide is the minimum size of the largest connected
swarm,astheswarmmovesto thegoal.Althougheachmetric
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 obstacles(in incrementsof
20). Eachexperimentwasaveragedover 50 runs of different
robot, goal and obstacleplacements.We �rst consider the
resultsfor the Newtonianforce law.

A. NewtonianForce Law

TablesI – IV show the numberof collisions,connectivity,
reachability, and time to goal resultsfor the optimizedNew-
tonianforce law. A `–' entry indicatesthat the robotsdid not
make it to the goal within the allotted time period.

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 1 0 0 1
100 2 2 2 2 3

TABLE I

NUMBER OF ROBOTS THAT COLLIDED WITH OBSTACLES

Obstacles
robots 20 40 60 80 100

20 3 3 3 4 5
40 16 15 18 14 21
60 60 60 60 60 60
80 80 80 80 80 80
100 100 100 100 100 100

TABLE II

M INIMUM NUMBER OF ROBOTS THAT REMAIN CONNECTED

It is clear that collisions are not a primary concern.Inter-
estingly, the numberof obstaclesdoesnot appearto be the
importantfactorhere,althoughthe numberof robotsis.

When thereare less than 40 robots,somereachthe goal.
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 III

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

obstaclesincreases.However, it is clearthatthis is achievedby
fragmentingthe formation into small parts (Table II). When
there are more than 40 robots, none reachthe goal (within
the time period).Instead,thestructureremainsconnected,but
thestrict rigidity of thestructurepreventsit from makinggood
progressthroughtheobstacle�eld. 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, connectivity, reachabil-
ity, and time 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 20 20 20 21 21
60 34 34 34 35 35
80 49 49 49 49 49
100 64 64 64 64 64

TABLE VI

M INIMUM NUMBER OF ROBOTS THAT REMAIN CONNECTED

Again, it is clear that collisionsarenot a primary concern.
As before,the numberof obstaclesdoesnot appearto be the
important factor 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 VIII

TIME TO REACH THE GOAL

differencesin collision resultsbetweenLJ andthe Newtonian
force law arestatisticallyinsigni�cant.

However, the other resultsare quite different. First, all of
the robotsmake it to the goal, in all circumstances.The time
to reachthe goal increasesslowly as the numberof obstacles
androbotsincreases(with thenumberof robotshaving a larger
effect). Finally, swarm connectivity remainsreasonablyhigh,
rangingfrom 40% to 64%. Interestingly, swarm connectivity
increasesas the number of robots increases,and is almost
totally unaffectedby thenumberof obstacles.In 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 behavior that we desire.

Observationof thesystembehavior showsthattheformation
acts like a viscous �uid, rather than a solid. Although the
formation is not rigid, it does tend to retain much of the
hexagonalstructure.Deformationsand rotationsof portions
of the �uid are temporary manifestationsimposed by the
obstacles.Hence,the added�e xibility of this formation(over
that achieved by the Newtonian force law) has a signi�cant
impact on behavior. The optimized LJ force law provides
low collision rates,very high goal reachability rateswithin
a reasonableperiodof time, andhigh swarm connectivity.

VI I . RESULTS WITH A SAFETY ZONE

Theforcelawsevolvedwith theEA producebehavior where
the robots skirt the obstaclesas closely as possible.This is
consistentwith thegeneralAP framework, whererobotsmove
in a fashionthat minimize energy usage.However, as noted
above, this can lead to collisions. In this sectionwe examine
the trade-offs inducedby the additionof a safetyzone.

We performedthe sameexperimentsas before,for 20 and
100 robots with varying numberof obstacles.All obstacles
weregivena safetyzoneof size15, increasingthevirtual size
of the obstacles.Hence,robotscan senseobstacleswithin a
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distanceof 	

? I

5

�

. Again, therobotswereallowed1500time
units to reachthe goal.

A. NewtonianForce Law

The introductionof thesafetyzoneeliminatedall collisions
of robotswith obstacles,andswarm connectivity resultswere
similar. However, reachability was greatly reducedand the
time to reachthe goal was increased(TablesIX andX).

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.SincetheNewtonianforce
law producesa structurethat actslike a solid, the additionof
the safety zone make it more dif�cult for the formation to
rotateandcounter-rotate(anemergentpropertyof thesystem)
throughthe obstacles.

B. LJ Force Law

As with the Newtonian force law, the introduction of the
safety zone eliminatedall collisions of LJ-controlledrobots
with obstacles,andswarm connectivity resultsweresimilar.

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

Obstacles
robots 20 40 60 80 100

20 520 520 520 550 580
100 810 890 810 890 990

TABLE XII

TIME TO REACH THE GOAL

Onceagain,reachabilitywasreducedandthe time to reach
the goal increased.However, the reduction in performance
(seeTablesXI and XII) is not nearly as severe as with the
Newtonian-controlledrobots.The additional�e xibility of the
viscous�uid works far better.

VI I I . DISCUSSION AND ELABORATION

To further analyze our system, we also collected data
concerningthe changein the connectivity and the percentage
of robotsreachingthegoal,over time.Theresultinggraphsare
far too numerousto presenthere,but we presentrepresentative
examples.All graphsareaveragedover 50 independentruns.
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Fig. 3. Changein connectivity over 1500time stepsfor 20 and100 robots
through100 obstaclesusingNewtonian ��������� andLJ force laws

Figure3 illustratesthechangein connectivity of theswarm
over time. Two sets of results are presentedin this graph.
The curves at the top are for 100 robots moving through
100 obstacles.The robotscontrolledby the Newtonian force
law remainfully connected(although,as we know from the
prior results,this is becausethe formationhasnot succeeded
in reachingthe goal). However, the swarm connectivity for
the LJ-controlled robots drops after 200 time steps,as the
formationbeginsto move throughtheobstacle�eld. After 400
time steps,the formationconnectivity increasesas 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 connectivity drops
after 800 time stepsand then increasesafter roughly 1050
steps.BecausetheLJ-controlledformationmovesmuchmore
quickly, the formationconnectivity dropsafter 200 time steps
andthenincreasesafter roughly 300 steps.It is interestingto
note that the LJ-controlledswarm doesnot breakapartquite
asmuchas the Newtonian-controlledswarm.
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Fig. 4. Percentageof 20 and100robotsreachinggoal through100obstacles
over 1500time stepsusingNewtonian ��������� andLJ force laws

Figure4 shows how thenumberof robotsreachingthegoal
changeswith time. Again, two setsof resultsare presented,
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for 20 and100robotsmoving through100obstacles.Thetwo
left-most curves are for the LJ-controlledrobots. Note that,
regardlessof the numberof obstacles,robots 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 step interval – a relatively narrow band in 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 start to reachthe goal at 1000
time steps,and the interval is approximately400 time steps.
When there are 100 robots, none reachthe goal within the
allotted time period.
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Fig. 5. Percentageof 20 and100robotsreachinggoal through100obstacles
over 1500time stepsusingNewtonian � � � ��� andLJ forcelaws with a safety
zonearoundobstacles

Figure5 shows theresultsof thesameexperiment,but with
theadditionof thesafetyzonesaroundall obstacles.As noted
earlier, safetyzonesremove all collisions.But the impact on
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 unaffected,but the numberof
robotsreachingthe goal is de�nitely compromised.

Figure 6 shows the evolved LJ robot-robotforce law. It is
strongly repulsive when the distancebetweenrobots is less
than 50, and weakly attractive when the distanceis greater
than 50. This weak attractive force provides the “stickiness”
that manifestsitself asa viscous�uid in the aggregate.
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Fig. 6. The evolved LJ force law, which is repulsive whendistanceis less
than50, andweakly attractive whendistanceis greaterthan50

IX. RELATED WORK

Most of the swarm robotics literature can be subdivided
into swarmintelligence, behavior-based, rule-based, control-
theoretic and physics-basedtechniques.Swarm intelligence
techniquesareethologicallymotivatedandhave hadexcellent
successwith foraging, task allocation,and division of labor
problems[8], [9]. Both behavior-basedandrule-basedsystems
[10], [6], [11] have proved quite successfulin demonstrating
a variety of behaviors in a heuristicmanner. Behavior-based
andrule-basedtechniquesdo 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 behavior-basedliterature,
it refers to a �eld that differs from the strict Newtonian
physics de�nition). Control-theoreticapproacheshave also
beenapplied effectively (e.g., [12]). Our approachdoesnot
make the assumptionof having leadersand followers, as in
[13], [14].

Oneof theearliestphysics-basedtechniquesis thepotential
�elds (PF) approach(e.g., [15]). Most of the PF literature
deals with a small number of robots (typically just one)
that navigate through a �eld of obstaclesto get to a target
location.Theenvironment,ratherthantherobots,exert forces.
Obstaclesexert repulsive forces while goals exert attractive
forces. Recently, Howard et al. [16] and Vail and Veloso
[17] extendedPF to include inter-agent repulsive forces –
for the purposeof achieving coverage.Although this work
was developedindependentlyof AP, it af�rms the feasibility
of a physics force-basedapproach.Another physics-based
methodis the “EngineeredCollective” work by Duncanat the
University of New Mexico and Robinett at SandiaNational
Laboratory. Their techniquehasbeenapplied to search-and-
rescueandotherrelatedtasks[18]. The social potential �elds
[19] framework is highly related to AP. Reif and Wang
[19] rely on a force-law simulation that is similar to our
own, allowing differentforcesbetweendifferentrobots.Their
emphasisis on synthesizingdesiredformationsby designing
graphsthat have a uniquePE embedding.We plan to merge
this approachwith ours.

In the speci�c context 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 extends this
to an obstacle�eld of 5% coverage,and also investigates
the behavior of 32 robots moving aroundone medium size
obstacle.FredslundandMataríc [10] examinea maximumof
eight robotsmoving aroundtwo wall obstacles.To thebestof
ourknowledge,this paperis the�rst to systematicallyexamine
larger numbersof robotsandobstacles.

X. SUMMARY

This paper presentsa novel extension to our arti�cial
physics framework, with the use of a generalizedLennard-
Jonesforce law. We thensummarizehow we useevolutionary
algorithmsto optimizetheparametersof theforcelaws.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-
stacles,their connectivity, the numberof robotsthat reachthe
goal,andthe time to the goal.Although eachmetric provides
usefulinformation,a muchbetterpicturearisesby considering
all metrics.Ourempiricalanalysisis methodical,rangingfrom
20 to 100 robots,and20 to 100 obstacles.

Our resultsindicatethatLJ-controlledrobotshave far supe-
rior performanceto our more “classic” Newtonian-controlled
robots. This is becausethe emergent behavior of the LJ-
controlled swarm is to act as a viscous �uid, generally re-
taininggoodconnectivity while allowing for thedeformations
necessaryto smoothly�o w throughtheobstacle�eld. Despite
beingtrainedwith only 40robots,theemergentbehavior scales
well to larger numbersof robots.In contrast,the Newtonian-
controlled swarm producesmore rigid structuresthat have
much more dif�culty maneuvering through the obstacles.
Furthermore,performancedropsdramaticallywhen thereare
more than40 robots.TableXIII summarizesthe results.

Newtonian LJ
Robots 40 60 80 100 40 60 80 100
Collisions 0 0 1 3 0 0 1 5
Connectivity 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 XIII

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

Finally, we use the metrics to considerthe trade-offs that
occurwhena safetyzoneis introducedaroundthe obstacles.
As expected,collisionsnever occur, but signi�cant reductions
in reachabilityarise.For future work we intendto extendour
framework to non-circularand/or moving obstacles.At this
point, signi�cant issuesarisewith respectto thepartial obser-
vation of obstaclesand the presenceof traps.We expect to
be ableto mergemethodsfrom Leeet.al. [20] with respectto
their handlingof partial observations,andthe “wall following
method” from BorensteinandKoren [21] for avoiding traps.
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