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Abstract.  This paper is concernedwith assuring the safety of a swarm
of agerts (simulated robots). Such behavioral assuranceis provided with
the physics method called kinetic theory. Kinetic theory formulas are
used to predict the macroscopic behavior of a simulated swarm of in-
dividually controlled agerts. Kinetic theory is also the method for con-
trolling the agerts. In particular, the agerts behave like particles in a
moving gas.

The coveragetask addressedhere involves a dynamic searc through a
bounded region, while avoiding multiple large obstacles, such as build-
ings. In the caseof limited sensorsand communication, maintaining spa-
tial coverage{ especially after passingthe obstacles{ is a challenging
problem. Our kinetic theory solution simulates a gas-like swarm motion,
which provides excellert coverage. Finally, experimental results are pre-
serted that determine how well the macroscopic-lewel theory, mentioned
above, predicts simulated swarm behavior on this task.

1 Safe Swarms

The researd in this paper is designedwith two objectivesin mind: to e ectiv ely
accomplisha di cult surveillancetask, and to accomplishit in a manner that is
\safe." By \safe" we meanthat the multi-agent collective that accomplishesthe
task is, in the aggregate both predictable (behaviorally assured)and controllable

The traditional approad to achieving safe agerts is to engineersafety into
the individual agerts (e.g., [1] [2] [3]) and, sometimes, also into the particu-
lar interactions betweentheseindividual agerts. This is typically accomplished
with formal methods, such as model cheding [4] or theorem proving [5], cortrol
theory [1], or other formalisms [3].

This paper explores an alternativ e view of safety. Our alternativ e view is
motivated by a desire to model swarms (i.e., very large numbers) of agerts
cooperatively performing a task. The modern swarm philosophy is one of emer-
gent behavior, which is de ned as producing intelligent macroscopicbehavior
in the aggregatefrom lots of simple, unintelligent agerts. The key to swarm
agert/rob otics emergent behavior is that even though the individual agert be-
haviors are easyto understand and may be expressedas simple rules, describing
the behavior of the swarm asa whole requiresa paradigm shift. In other words,



the description of the macroscopicbehavior is not a straightforward function of
descriptions of the microscopicbehaviors { becausesafety of a swarm is often too
computationally dicult to achieve by engineeringsafety into all the individual
agerts, which may have complex interactions.

The alternativ e view of safety that we proposefor swarms is founded upon
physics. Our choice is motivated by the fact that physicsis the most accurate
of all the sciertic disciplines at predicting the macroscopicbehavior of huge
numbers of interacting particles using very simple mathematical formulas. Fur-
thermore, physicsdisciplines, such as uid dynamics, utilize theseformulas for
the design of systemsthat have desirable properties. Rather than engineerthe
propertiesinto the individual particles (which of coursecannot be donein most
real-world situations), these disciplines promote engineeringusing principles at
the macroscopiclevel. For example,in uid dynamics, there is a eld called the
\control and managemen of turbulence dynamics," in which questionsare ad-
dressedsudh as how to ensurethat desirable macroscopic uid properties are
presened when the ow is cortrolled in a speci ed manner. Solutions to these
questionsare stated ascortrol theoretic equations, which are expressedn terms
of macroscopicproperties of the uid, sud asvelocity and pressure[6].

In summary, physicists have developed succinct formulas that are highly pre-
dictive of complex, multi-particle behavior. Such formulas can be used at an
abstract level to design multi-agent systemswith desirable properties, where
agerts are modeled as particles. The end result is behavioral assuranceby engi-
neering safety into the collective, rather than into the individual agens.

2 Physics of Large, Multi-P article Systems

The study of many-particle systemsis one of the most active researt areasin
modern physics[7]. Today it is well known that although one could write down
the equations of motion of individual atoms and their interactions, the complex-
ity of doing this for a large number of particles is too daunting. The problem is
not just quartitativ e (which would lead one to suspect that it could be solved
with improved computational power), but it is also qualitative [7]. For example,
how could one hope to understand the human abilities of natural languageand
planning by studying the properties of individual neurons?Lik ewise, physicists
often predict macroscopicproperties of matter, suc asvolume or pressure,from
microscopicatomic particles by using statistical argumerts, such asexpectations,
rather than resort to predictions of movemert of the individual particles.

The physics of many-particle systemscan be subdivided into three main
disciplines [7]:

1. Thermo dynamics. In the discipline of thermodynamics, descriptions are
strictly at the macroscopiclevel. Valid formulas are derived basedon a min-
imum number of postulates, without any detailed assumptions about the
microscopic properties of the system.



2. Statistical Mec hanics. Here, the macroscopicbehavior of a multi-particle
system is described based on the statistical properties of the microscopic
behavior. The assumptionis that the systemis \in equilibrium."

3. Kinetic Theory . The most popular physicsapproacd to describing systems
that are not necessarilyin equilibrium is kinetic theory. Similarly to statis-
tical medanics, kinetic theory describes macroscopicbehavior in stochastic
terms. Note that kinetic theory subsumesstatistical medanics, i.e., in equi-
librium, the former is the sameasthe latter.

The approach adopted in this paper is kinetic theory. Kinetic theory is the
discipline of choice becauset hasa much richer and more extensive theory than
thermodynamics(i.e., \relativ ely few statemerts canbe made" in thermodynam-
ics [7]), and becausemany multi-agent applications do not assumeequilibrium.

Inspired by the hugesuccessn applying physicsto many-particle systems,we
have decidedto apply physics,in particular kinetic theory, principles to multi-
agert swarms. Our agerts are assumedto be simulated robots. Kinetic theory
is used to cortrol the agerts, because uid-lik e movemen appears to be the
most appropriate approach for a swarm of robots to achieve our task, and ki-
netic theory simulations are frequertly usedto model and study the movemen
of actual uids.! In order to achieve a high level of predictive accuracy using
kinetic theory, we use a multi-agent system that behaveslike a many-particle
physical system. Here, we show that using kinetic theory for both theory and
simulation producesan excellert match betweenthe two, thus providing a high
degreeof system behavioral assuranceand safely. It is important to note that
the match betweentheory and simulation is not achieved with atheory that pre-
dicts individual particle movemerts, which are generatedwithin the simulation.
Rather, the theory usesstochastic properties of the swarm as a whole to make
its predictions. In other words, the theory is macroscopicand is predictiv e of the
simulation, which is microscopicin its designand implemertation.

3 The Sweeping and Obstacle Av oidance Task

The task being addressechere,which is alsodescribed in [9], consistsof sweeping
a large group of mobile robots through a long bounded region (a swath of land,
a corridor in a building, a city sector, or an underground passagewy/tunnel), to
perform a seard, i.e., surveillance. This requiresmaximum coverage.The robots
have a limited sensingrange for detecting other agerts/ob jects. It is assumed
that robots near the corridor boundaries can detect these boundaries, and that
all robots can sensethe global direction that they are to move, e.g., by using
a compass.There is no other global information, and the agerts behave in a
distributed, non-certralized manner. As they move, the robots need to avoid
large obstacles, such as large buildings. This posesa challenge becausewith
a limited sensingrange, robots on one side of a building cannot necessarily

1 An alternativ e is a molecular dynamics (MD) simulation that is deterministic. For
results of a physics-basedapproach using MD simulations, seel[8].



communicate with robots on the other side. The seard might be for eneny

mines, survivors of a collapsed building or, alternativ ely, the robots might be
patrolling the area.lIt is assumedthat the robots needto keepmoving, because
there are not enough of them to view the ertire length of the region at once.
In other words, the robots begin scattered randomly at one end of the corridor

and move to the opposite end (consideredthe \goal direction”). This is a swesp.

A sweepterminates when all robots have reached the goal end of the corridor,

or a time limit is reached. Once the robots complete one sweep, they reverse
their goal direction and sweepbadk again. Finally, if stealth is an issuethen we
would like the individual robot movemerts to be unpredictable to adversaries.
It is conjectured that the behavior of a gasis most appropriate for solving this

task, i.e., eat robot is modeled as a gas particle.

4 Motiv ation for Using a Fluid-Lik e Swarm

The term \uid" refersto both liquids and gases;this paper focuseson gases
in motion. Although individual atoms or moleculesin a gashave unpredictable
locations at any instant in time, the gasis predictable at a macroscopiclevel.
Furthermore, when gasesare placed in a cortainer, they expandto Il the con-
tainer, thereby providing outstanding spatial coverage.When not in an equilib-
rium state, gasescan also move in bulk. The gascan be transported either by
advection (due to the velocity of the ambient air in which it has beendispersed)
or due to molecular di usion, e.qg.,if the gasis heavier than the ambient air then
it will fall slowly to the ground. Gaseswill also ow around obstacles,and then
expand after passingthe obstacles,thereby lling the spaceagain.

Theseforms of coverageare precisely the onesrequired for excellent perfor-
manceon the sweepingand obstacleavoidancetask. Therefore, we usea kinetic
theory particle simulation to model our agert swarm performing the task.

5 Kinetic Theory for Simulating Fluids

Our kinetic theory (KT) simulation is a microscopicmodel of individual particles,
which are consideredto be agerts, or simulated robots. Our simulation, as well
asthis overview of it, borrows heavily from Garcia [10].

When modeling a gas, the number of particles is problematic, i.e., in a gas
at standard temperature and pressurethere are 2:687 10'° particles in a cubic
certimeter. A typical solution is to employ a stochastic model that calculatesand
updatesthe probabilities of wherethe particles are and what their velocities are.
This is the basisof KT. One advantage of this model is that it enablesusto make
stochastic predictions, sud asthe averagebehavior of the ensenble. The second
advantage is that with real robots, we can implement this with probabilistic
robot actions, thereby avoiding predictability of the individual agerts, e.g., for
stealth.

In KT, particles are treated as possessingkinetic energy but no potential
energy (i.e., an ideal gas), and collisions with other particles are modeled as



purely elastic collisionsthat maintain consenation of momertum. Using kinetic
theory formulas, we can predict useful macroscopic properties of the system,
such as the averagespeed or kinetic energy of the particles in the system. For
example, assumingk is Boltzmann's constart, wherek = 1:38 10 22 J/K, m
is the massof any particle, f (v) is the probability density function for speed,
and T is the temperature of the system, then the averagespeed of any particle
(in 3D) is:
N P2 T
hvi = vf (v)dv= p= —
0 m
From this formula, one can seethat the temperature T plays an important role
in KT. In our KT simulation, T is a user-de ned systemparameter analogousto
real temperature. In other words, increasing T in our systemraisesthe virtual
systemheat (analogousto actual heat), for the purposeof increasingthe system
kinetic energy and thereby increasethe particle motion, i.e., the speed of the
agerts in the simulation.
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Fig. 1. Schematic for a one-sided Couette o w.
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Fig. 2. Schematic for a two-sided Couette o w.

Our KT simulation algorithm is a variant of the particle simulations de-
scribed in [10]. We substartially modi ed the algorithms in [10] to tailor them
to simulated robots with local views. Robots, modeled as particles, behave in
the aggregatelike \Couette o w." Figure 1, from [10], depicts one-sidedCouette
ow, wherea uid movesthrough someenvironment betweentwo walls { one



wall moving with velocity vyai, and the other stationary (the ervironment is
the frame of reference).In this Couette, uid is assumedto movein the positive
y-direction (i.e., longitudinally toward the goal end of the Couette corridor), and
the positive x-direction goesfrom the stationary wall to the moving wall (i.e.,
laterally acrossthe Couette corridor). Note that the direction of virtual motion
of Couette walls is determined by using a compassto sensethe goal direction. In
general,we have found that a Couette is usefulbecauset introducesan external
sourceof kinetic energyinto the systemand givesthe agerts a direction to move.

Becausethe uid is Newtonian and has viscosity, there is a linear velocity
distribution acrossthe system. Fluid deformation occurs becauseof the shear
stress, , and the wall velocity is transferred (via kinetic energy) becauseof
molecular friction on the particles that strike the wall. On the other hand, the
particles that strike either wall will transfer kinetic energy to that wall. This
doesnot causethe wall to changevelocity, sincein a Couette o w the walls are
assumedto havein nite length and depth and thereforein nite mass.We chose
a Couette ow in order to introduce kinetic energyinto the systemand to give
the particles a direction to move.

Our 2D simulated world modelsa modi ed (two-sided)Couette o w in which
both Couette walls are moving in the samedirection with the samespeed (see
Figure 2). We inverted this variant as a means of propelling all robots in a
desiredgeneraldirection, i.e., the large-scale uid motion is approximately that
of the walls.

In our simulation, ead agent, which is modeled abstractly as a holonomic
particle, can be described by a position vector p and a velocity vector v. At each
time step, every agert resetsits position basedon how far it could move in the
given time step utilizing its current velocity. Particle velocities are initialized to
be arandom function of the (virtual) systemtemperature T, and thesevelocities
remain constart unlesscollisions occur. Collisions are the primary medanism
for driving particle movemert/acceleration in a KT simulation. (Note that with
actual robots, collisions and wall motion would be virtual.) The systemupdates
the world in discrete time steps, t , which occur on the order of the mean
collision time for an agen.

At ead time step, every agert in the system updates its position. When
updating its position, a ched is performed rst to seeif the movemert would
causea (virtual) collision betweenthe agert and awall. If a collision would occur,
then the agert selectsa new velocity from a biased Maxwellian distribution,
which is a function of the systemtemperature. If the agen is about to strike a
moving wall, then someof the energyfrom the wall is transferred to the agert.
Inter-agernt (virtual) collisions are then processed.The number of collisions in
any givenregion is a stochastic function of the number of agens in that region.
In particular, the probability of a virtual collision betweentwo agerts is basedon
their proximity, but is independen of the angle betweentheir velocity vectors.
The new post-collision velocity vectors are basedon the certer of massvector,
coupled with a random componert. See[10] and [11] for details. This process
cortinuesinde nitely or until a desiredstate is achieved.



6 The Surveillance Task Simulation

For a model of the surveillance task scenario,we have developed a 2D simula-
tion of the task scenario,i.e., an obstacle-ladencorridor with KT-driv en robots
o wing through it. The \t wo-sided" variant of the traditional Couette model is
used (recall this variant from Figure 2), in which both Couette walls move in
the samedirection with the samespeed. The two-sided Couette is highly e ec-
tive at driving bulk swarm movemern in the goal direction. The agerts beginin
random locations at the top of the corridor, and sweepdown the corridor in the
goal direction. Typical results for a sweepare shown in Fig. 3. Becauserobots
are not capableof distinguishing corridor walls from obstaclewalls, any obstacle
wall parallel to the Couette walls is consideredto be \Couette" (in motion), and
the (virtual) wall velocity is added to the y-componert of the velocity for any
agert that collideswith a Couette wall. Therefore, obstaclewalls, in addition to
actual Couette walls, can increasethe velocity of robots toward the goal.

Inter-robot collisionsare processedn localized regions.Lik ewise,robots only
(virtually) collide with walls that are in closeproximity to them.

- - T

Fig. 3. KT controllers perform a sweep. The snapshots progressin time from left to
right.

With this simulation of a swarm of agerts performing the task, the question
arisesof how to usekinetic theory to predict swarm behavior? One option is to
dewvelop a theory that modelsthe physicsof the ertire task, including obstacles.
This would require considerablework, and would be especially dicult if we
do not know beforehand the number, sizes,and shapes of the obstacles. An
alternativ e option is to develop a simpler theory that makes assumptions that
do not hold in the full task, and then scaleup the task in simulation to seehow



well the theory holds when its assumptionsare violated. The latter is the option
adopted here, and is the topic of the following section.

7 Theoretical Predictions of Macroscopic Behavior

One of the primary advantages of physics-basedswarms is the large existing
body of physics-basedtheory for predicting system behavior and ensuring that
the swarm will behave \safely." A secondaryadvantage is that the theory can
be used for optimal selection of system parameter values[12]. In this section,
we provide evidencethat kinetic theory is predictive of the behavior of kinetic-
theory-basedsimulations. Furthermore, we demonstrate the practical use of the
theory for parameter value selection.

We focus on subtasksof the sweepingand obstacleavoidancetask, described
above.Recallthat our objectivesfor the agerts in this task areto sweepa corridor
and avoid obstacles.The ultimate objective is to maximize coverage.Consider
two types of spatial coverage: longitudinal (in the goal direction) and lateral
(orthogonal to the goal direction). Longitudinal coverage can be achieved by
movemert of the swarm in the goal direction; lateral coveragecan be achieved
by a uniform spatial distribution of the robots between the side walls of the
corridor. The objective of the coveragetask is to maximize both longitudinal and
lateral coveragein the minimum possibletime (i.e., to also maximize temporal
coverage).

To measurehow well the robots achieve the task objective, we examine the
following three metrics:

1. The degreeto which the spatial distribution  of the robots matches
a uniform distribution. This is a measureof lateral coverageof the
corridor and provides con rmation of equilibrium behavior.

2. The average speed of the robots (averagedover all robots in the
corridor). This is a measureof all three types of coverage: lateral,
longitudinal, and temporal. Velocity is a vector consisting of speed
and direction. The type of coverage depends on the direction. To
cortrol the averageswarm speed, one can directly vary the value of
the systemtemperature, T. Therefore, our experiment exploresthe
relationship betweenT and averagespeed.

3. The velocity distribution  of all robots in the corridor. This is a
measureof longitudinal spatial coverage,as well as temporal cover-
age. For example, considerthe one-sidedCouette in Figure 1 again,
and in particular focuson the line represering the velocity distribu-
tion. The slope of that line is inverselyproportional to the longitudi-
nal spatial coverage(and the temporal coverage).In other words, for
a given Couette diameter, D, if you increasethe wall speed, vy ,
then the slope will be reduced and the longitudinal and temporal
coveragewill increase.Below, we run an experiment to examinethe
relationship betweenthe wall speed,vyai , and the velocity distribu-
tion in one-sidedand two-sided Couettes. The intention is to enable



the systemdesignerto selecta wall speedfor optimizing the swarm
velocity distribution.

The theory preserted in this paper assumessimpli ed 2D ernvironments with no
obstacles.To develop theory for the full task simulation would require extensive
theoretical physics analyses,which is beyond the scope of this paper. This will
be tackled as future work.

We ran three sets of experimerts, in accordancewith the metrics de ned
above. For ead experiment, one parameter was perturbed and eight di erent
values of the a ected parameter were chosen.For ead parameter value, 20 dif-
ferent runs through the simulator were executed, eadh with di erent random
initial robot positions and velocities. The averagesimulation results and relative
error (over the 20 runs) were computed and graphed.

For these experimerts, we de ned the error betweenthe theoretical predic-
tions and the simulation results, denoted relative error, to be:

j theoretical  simul ation j
theoretical

Although the theory assumesno obstacles,in the simulation we ran with
six obstacle densities, ranging from 0% to 50%. Surprisingly, someof the theory
holds well, despite this.

There are two complemenary goalsfor running theseexperimernts. The rst
goal is to determine how predictive the theory is. Derivations of all laws (pre-
dictiv e theoretical formulas) are in [9]. The secondgoal is to determine the rela-
tionship between parameter settings and system behavior. If a system designer
understandsthis relationship, he/she can more easily set parametersto achieve
optimal performance.Finally, and most importantly, the reasonwhy these two
goalsare complemenary is that if the theory is predictive of the system simula-
tion behavior, then future systemdesignersno longer needto run the simulation
to determine the optimal parameter settings { graphs generated from theory
alonewill suce. This canreducethe systemdesigntime.

100

8 Experiment 1. Spatial Distribution

The rst experiment examinesthe equilibrium spatial distribution of agerts
within an enclosedregion, i.e., a square\container. The agerts beginin a tight
Gaussiandistribution, which then di uses until equilibrium has beenreaded.
During this experiment, there is no goal force or wall movemen, and therefore
no externally-directed bulk transport of the swarm.

The purposeof this experimert is to conrm the theoretically expected be-
havior of a KT systemin equilibrium, which will thereby verify the correctness
of our implementation { a big advantage of our approach. The KT gas model
predicts that, upon reaching equilibrium, the particles will be spatially uniformly
distributed. To conrm this prediction, we divided the square container in our
KT simulator into a 2D grid of cells. Theory predicts that there should be (on



average)n=c robots per cell, where n is the total number of robots and c is the
total number of grid cells. We ran with six obstacledensities,ranging from 0%to
50%, to determine the sensitivity of the spatial distribution to obstacle density.
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Fig. 4. Relative error for the KT spatial distribution.

Fig. 4 shows the experimental results. Note that despite the intro duction of
asmuch as a 50% obstacle coverage,we can still predict the spatial distribution
with a relative error of lessthan 10%,which is surprisingly low. The error is very
low oncethe number of robots is about 300, which is surprising consideringthat
300 robots is far lessthan the 10*° particles typically assumedby traditional
kinetic theory.

9 Experiment 2: Average Speed

For the secondexperiment, we examine the averagespeed of the robots in the
system. Once again, there is no external force or externally-directed bulk trans-
port of the swarm. However, recall that the agerts will increasetheir speed if
there is an increasein the systemtemperature, which causesan increasein ki-
netic energy The objective of this experiment is to examine the relationship
betweenthe temperature, T, and the averagespeed of the robots. The average
robot speedserwesas a measureof how well the systemwill be able to achieve
complete coverage{ becausehigher speed translates to greater lateral and/or
longitudinal coverage,depending on the velocity direction. This experimert also
senesto verify that our simulation code has beenimplemented correctly. Note
that not all applications will require maximum coverage;therefore, we want to
study the generalquestion of precisely how speci ¢ choicesof speeda ect cov-
erage.
Our predictive formula for 2D is (see[9] for the mathematical derivation):
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wherek is Boltzmann's constart (1:38 1072J=K), m is the robot mass(assumed
to be one),and T is the systemtemperature.
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Fig. 5. Relative error for the KT average speed.

This theoretical formula is compared with the actual averagespeed, hvi, of
the robots in the simulation, after the system has convergedto an equilibrium
state. There were 300 robots in the simulation. Becausetemperature a ects
speed,temperature was varied from 50 Kelvin to 400 Kelvin. We ran with six
obstacledensitiesranging from 0% to 50%, in order to determine the sensitivity
of the averagespeedto obstacle density.

The results are striking, as can be seenin Fig. 5. The di erence between
the theoretical predictions of the averagespeedand the simulated averagespeed
results in lessthan a 2% error, which is outstanding consideringthat as much as
a 50% obstacle coveragehas beenintro duced. Finally, note that we can useour
theory to not only predict swarm behavior, but alsoto control it. Speci cally,
by setting the temperature T, a system designer can easily achieve a desired
averagespeed.

10 Experiment 3: Velocity Distribution

The third experiment concernsthe velocity distribution of a robot swarm in a
Couette. The theoretical prediction is comparedwith simulated behavior. Recall
that in a Couette, uid ow is in the y-direction { toward the goal. The x-
direction is lateral, acrossthe corridor. In addition to seeinghow predictive the



theory is, this experiment also examinesthe relationship between wall speed,
Vwal , and the velocity distribution of the robots in the system.

We rst focus on a subtask in which a traditional one-sidedCouette ow
drives the bulk swarm movemert. Our predictive formula is (see [9] for the
derivation):

_ X
Vy = BVwaII

where vy, 4 is the velocity of the Couette wall, x is the lateral distance from the
stationary wall, and D is the Couette width. In other words, the theory predicts
a linear velocity distribution.
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Fig. 6. Relative error for the KT velocity distribution.

We set up an experiment to measurethe relative error betweentheory and
simulation, consisting of 300 robots. The corridor was divided into eight dis-
crete longitudinal sub-corridors. Theory predicts what the averagespeedwill be
lengthwise (in the goal direction) along ead of the sub-corridors. Within ead
sub-corridor, the averagey velocity of the robots is measured.The relative er-
ror betweenthe theory and the experimental results is then calculated, for each
sub-corridor. Finally, the relative error is averagedacrossall sub-corridors and
plotted in Fig. 6 for eight dierent wall speedsand six dierent obstacle per-
certages. Note that although the error is reasonablylow for 0% obstaclesand
high wall speeds,error increasesdramatically as obstaclesare added.

Why is there a discrepancy between the theory and experimental results?
The reasonis that theory predicts a certain linear velocity distribution, but as-
sumesno obstacles.For simplicity, the theory assumesthat robots never move
badkward (back up the corridor). In the simulator, on the other hand, robots do
move badckward, regardlessof whether or not there are obstacles{ becausethe
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Fig. 7. The velocity distributions as the density of obstaclesincreases,for one-sided
Couette ow.

simulation has a random componert. In fact, as obstaclesare introduced into

the simulated world, the frequency of badkward moving robots increasessub-
stantially. To examine more closely the e ect of obstacles,Figure 7 shows the
velocity distributions themselves (where the wall velocity vya = 4). Even with

no obstacles,the maximum robot velocity does not quite reach 4.0 (we would
expect 3.75in the sub-corridor nearestto the wall). This is causedby the badk-
ward moves.What is interesting is that the velocity distributions remain linear
up to areasonableobstacledensity (30%), while the slope decreasess obstacles
are added. Adding obstaclesis roughly equivalert, therefore,to lowering the wall

velocity Vyan !

To seeif the correlation between obstacle density and wall velocity holds in
the two-sided Couette o w, we re-ran the previous experimert, but with both
walls having viwar = 4. The results are shown in Figure 8. The theory predicts
(see[9] for the derivation) that for the two-sided Couette, vy = vya regardless
of the value of x. Note that, astheory predicts, the velocity distribution of the
ow is independert of the distance from the walls { the large scale uid motion
is approximately that of the walls. Again, increasing obstacle density is very
similar to decreasingwall speed.

In conclusion,without obstacles,the theory becomeshighly predictive asthe
wall velocity increases Furthermore, this very predictiv e theoretical formula can
alsobe usedto achieve a desiredswarm velocity distribution, i.e., to control the
swarm { simply set the value of vy4, the virtual wall speed, to achieve the
desired distribution, using the formula. On the other hand, with an increasing
number of obstacles,the predictability of the theory is increasingly reduced.
However, we have shown that (up to quite reasonabledensities) the increasein
the number of obstaclesis roughly proportional to a reduction in wall velocity,
Vwall -
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11 Discussion of Theoretical Predictions

With respect to the average speed and the spatial distribution, the theory is
highly predictive. Although the theory assumeso obstacles,the addition of ob-
staclesto the simulation hasa minimal e ect on the results, with errors typically
under 10%. Surprisingly, this level of theoretical accuracyis achieved with only
hundreds of robots, which is very small from a kinetic theory perspective.

Our results for the velocity distribution are acceptablefor no obstacles,gen-
erally giving errors lessthan 20%. As the obstacledensity increasesso doesthe
error. Howewer, we have shawvn that an increasein obstacledensity changesthe
slope of the linear velocity distribution. This is roughly equivalent to a commen-
surate reduction in wall speed.

In summary, we can concludethat when the actual scenarioclosely coincides
with the theoretical assumptions(e.g., few obstacles),the theory is highly pre-
dictiv e. Also, we have provided an important insight into the nature of the e ect
that obstacle density has on the system. The most important conclusionto be
drawn from these experimerts is that in the future we can largely design KT
systemsusing theory, rather than computationally intensive simulations, for the
selectionof optimal parameter settings. A subsidiary conclusionis that we have
veri ed the correctnessof our swarm code, which is something quite straight-
forward for a physics-basedapproach but much more dicult for alternative
approaches.

12 Conclusions

KT usesa stochastic algorithm for updating particle positions;thereforeKT pre-
dictions can only be approximate. Furthermore, as stated in [10], Monte Carlo



simulations such as KT needvery long runs and huge numbers of particles to
acquire enough statistical data to produce highly accurate (theoretically pre-
dictable) results. We cannot guarantee this, sincewe are dewveloping cortrol al-
gorithms for robotic swarms with a few to a few thousand robots under strict
time limitations. Despite all of these limitations of our KT robotic swarm sim-
ulation, the theory is neverthelesshighly predictive of the simulation results.
The conclusion is that our approach of using KT for designing swarm-based
multi-agent systemshas great promise for engineeringswarms that are \safe."

13 Related and Future Work

The work that is most related consists of other theoretical analysesof swarm
systems.Our comparisonsare in terms of the goaland method of analysis. There
are generally two goals: stability and cornvergence/correctnessUnder stability
is the work in [13{15]. Convergence/correctnessvork includes [13]. Other goals
of theoretical analysesinclude time complexity [16], synthesis [17], prediction
of movemert cohesion[13], coalition size [14], number of instigators to switch
strategies[18], and collision frequency[19].

Methods of analysis are also diverse. The most relevant is work on physics-
basedanalysesof physics-basedswarm robotics systems.We are aware of four
classesof methods. The rst is Lyapunov analyses,e.g., [15]. The secondis
forceand energyanalyses,e.g.,[12,17]. The third developsmacro-lewel equations
describing o cking [20]. Finally, the fourth is the most related work of all { the
KT researt by Jantz and Doty [19]. Note that although Jantz and Doty shoved
that KT canbeusedto model multi-agent swarmswith predictable behavior [19],
our researd extendstheirs by providing a much more extensive and methodical
study of the relationship betweenkinetic theory and simulation.

Our current researd [21,22] has compared KT against behavior-based ap-
proachesand found that it performs competitiv ely, even if the alternativ e algo-
rithms have more information. The next stepis to transition KT from simulation
to real robot swarms. We already have substartial progresson robotic implemen-
tations [23], and the next step will be to add KT.
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