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[. INTRODUCTION

The focus of our research is to build sensor
network systems, specifically, to design rapidly
deployable, scalable, adaptive, cost-effective, and
robust networks (i.e., swarms, or large arrays) of
autonomous distributed mobile sensing agents (e.g.,
robots). This combines sensing, computation and
networking with mobility, thereby enabling deploy-
ment, assembly, reconfiguration, and disassembly
of the multi-agent collective. Our objective is to
provide a scientific, yet practical, approach to the
design and analysis (behavioral assurance) of ag-
gregate sensor systems.

Agent vehicles could vary widely in type, as well
as size, e.g., from nanobots to micro-air vehicles
(MAVs) and micro-satellites. Agents are assumed
to have sensors and effectors. An agent’s sensors
perceive the world, including other agents, and an
agent’s effectors make changes to that agent and/or
the world, including other agents. It is assumed
that agents can only sense and affect nearby agents;
thus, control rules must be “local.” Desired global
behavior emerges from local agent interactions.

This paper summarizes our physicomimetics
framework for robot control. A theoretical analysis
of potential energy is then provided, allowing us to
properly set system parameters a priori. Finally, re-
sults of a multi-robot implementation are presented.

II. RELATION TO ALTERNATIVE APPROACHES

System analysis enables both system design and
behavioral assurance. Here, we adopt a physics-
based approach to analysis. We consider this ap-
proach to fit under the category of “formal meth-

ods,” not in the traditional sense of the term but
rather in the broader sense, i.e., a formal method is a
mathematical technique for designing and/or analyz-
ing a system. The two main traditional formal meth-
ods used for this purpose are theorem proving and
model checking. Why do we use a physics-based
method instead of these more traditional methods?
The gist of theorem proving (model checking) is to
begin with a theorem (property) and prove (show)
that it holds for the target system. But what if you
don’t know how to express the theorem or property
in the first place? For example, suppose you visually
observe a system behavior that you want to control,
but you have no idea what causes it or how to
express your property in concrete, logic-based or
system-based terms? In particular, there may be
a property/law relating various system parameters
that enables you to predict or control the observed
phenomenon, but you do not understand the system
well enough to write down this law.

For such a situation, the traditional, logic-based
formal methods are not directly applicable. One
potentially applicable approach is empirical, e.g.,
machine discovery. We have chosen a theoretical
(formal) physics-based approach because:

« Empirical techniques can tell you what hap-
pens, but not why it happens. Causal expla-
nations are easier to understand, apply, build
upon, and generalize.

« If a physics-based analysis technique is pre-
dictive of a system built on physics-based
principles, then this analysis provides formal
verification of the correctness of the system
implementation. No such claims can be made



for empirical results.

o Finally, and most importantly, it is possible to
go directly from theory to a successful robot
demo, without the usual extensive parameter
tweaking! We have already demonstrated such
successes with our theories [1].

III. THE PHYSICOMIMETICS FRAMEWORK

In our physicomimetics framework, virtual
physics forces drive a multi-agent system to a de-
sired configuration or state. The desired configura-
tion (state) is the one that minimizes overall system
potential energy. We also refer to our framework as
“artificial physics” or “AP”.

At an abstract level, physicomimetics treats
agents as physical particles. This enables the frame-
work to be embodied in vehicles ranging in size
all the way from nanobots to satellites. Particles
exist in two or three dimensions and are considered
to be point-masses. Each particle ¢ has position
p = (z,y,2) and velocity v = (vg,vy,v,). We
use a discrete-time approximation to the continuous
behavior of the particles, with time-step At. At each
time step, the position of each particle undergoes
a perturbation Ap. The perturbation depends on
the current velocity, i.e., Ap = vAt. The velocity
of each particle at each time step also changes
by Aw. The change in velocity is controlled by
the force on the particle, i.e., Av = FAt/m,
where m is the mass of that particle and F' is the
force on that particle. A frictional force is included,
for self-stabilization. This force is modeled as a
viscous friction term, i.e., the product of a viscosity
coefficient and the agent’s velocity (independently
modeled in the same fashion by [2]).

The time step At is proportional to the amount
of time the robots take to perform their sensor
readings. A parameter F},,, is added, which restricts
the amount of acceleration a robot can achieve. A
parameter V,,,, restricts the velocity of the particles.
Collisions are not modeled, because AP repulsive
forces tend to avoid collisions. Also, we do not
model the low-level dynamics of the actual robot.
We consider AP to be an algorithm that will deter-
mine “way points” for the actual physical platforms.
Lower-level software can steer between way points.

Given a set of initial conditions and some desired
global behavior, we define what sensors, effectors,

and force F' laws are required such that the desired
behavior emerges.

IV. DESIGNING LATTICE FORMATIONS

The example considered in this section was in-
spired by an application which required a swarm of
MAVs to form a hexagonal lattice, thus creating an
effective antenna [3].

Since MAVs (or other small agents such as
nanobots) have simple sensors and primitive CPUs,
our goal was to provide the simplest possible con-
trol rules requiring minimal sensors and effectors.
Creating hexagons appears to be rather complicated,
requiring sensors that can calculate range, the num-
ber of neighbors, their angles, etc. However, it turns
out that only range and bearing information are
required. To see this, recall that six circles of radius
R can be drawn on the perimeter of a central circle
of radius R. Figure 1 illustrates this construction.
If the particles (shown as small circular spots) are
deposited at the intersections of the circles, they
form a hexagon with a particle in the middle.

Fig. 1. How circles can create hexagons.

We see that hexagons can be created via over-
lapping circles of radius R. To map this into a
force law, each particle repels other particles that
are closer than R, while attracting particles that are
further than R in distance. Thus each particle can be
considered to have a circular “potential well” around
itself at radius R — neighboring particles will want
to be at distance R from each other. The intersection
of these wells is a form of constructive interference
that creates “nodes” of very low potential energy
where the particles will be likely to reside. The
particles serve to create the very potential energy
surface to which they are responding!

'"The potential energy surface is never actually computed by
the robots. It is only computed in the simulation for visualiza-
tion/analysis.
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The force law, when R = 50, G = 1200, p = 2 and Fiqz

With this in mind we defined a force law F' =
Gm;m;/rP, where F' < F,,,, is the magnitude of
the force between two particles 7 and j, and 7 is
the range between the two particles. The variable
p represents a user-defined power, which can range
from -5.0 to 5.0. When p = 0.0 the force law is
constant for all ranges. Unless stated otherwise, we
assume p = 2.0 and F,,; = 1 in this paper. The
“gravitational constant” G is set at initialization.
The force is repulsive if » < R and attractive
if » > R. Each particle has one sensor that can
detect the range and bearing to nearby particles. The
only effector is to be able to move with velocity
v < Ve To ensure that the force laws are local,
particles have a visual range of 1.5R.

Figure 2 shows the magnitude of the force, when
R = 50, G = 1200, p = 2, and F,; = 1 (the
system defaults). There are three discontinuities in
the force law. The first occurs where the force law
transitions from F,, to F' = Gm;m;/r?. The
second occurs when the force law switches from
repulsive to attractive at R. The third occurs when
the force goes to 0.

The initial conditions are a tight cluster of robots,
that propel outward (due to repulsive forces) until
the desired geometric configuration is obtained. This
is simulated by using a two dimensional Gaussian
random variable to initialize the positions of all
particles. Velocities of all particles are initialized
to be 0.0, and masses are all 1.0 (although the
framework does not require this).

Using this force law, AP successfully forms
hexagonal lattices, with a small number of agents
or hundreds. Square lattices are also easily obtained
[1], [4]. For a radius R of 50, a gravitational
constant of approximately G = 1200 provides good

results. The issue of how to set G, given other
system parameters, is the focus of the analysis in
this paper.

V. ENERGY ANALYSIS

Because our force law is conservative (in the
physics sense), the AP system should obey conser-
vation of energy — if it is implemented correctly.
Furthermore, as we shall see, the initial potential
energy of the system in the starting configuration
yields important information concerning the dynam-
ics of the system.

First, we measured the potential energy (PE) of
the system at every time step, using the path integral
V = - fsﬁ e d3.%2 This can be thought of as the
amount of work required to push each particle into
position, one after another, for the current configura-
tion of particles. Because the force is conservative,
the order in which the particles are chosen is not
relevant. Then we also measured the kinetic energy
(KE) of the particles (mwv?/2). Finally, since there is
friction we also must take into account that energy
as well, which we can consider to be heat energy.
If there is no friction, the heat energy is zero.
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Fig. 3. Conservation of energy, showing how the total energy
remains constant, although the amount of different forms of energy
change over time.

Figure 3 illustrates an example of the energy
dynamics of the AP system. As expected, the total
energy remains constant over time. The system
starts with only PE. Note that the graph illustrates
one of the foundational principles of the AP system,
namely, that the system continually evolves to lower
PE, until a minimum is reached. This reflects a form
of stability of the final aggregate system, requiring
work to move the system away from desired con-
figurations (thus increasing PE).

%V is the traditional notation for potential energy.
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Fig. 4. The amount of potential energy of the initial configuration
of the system is maximized for the G value that empirically yields
the best results, which is roughly 1300. In this example p = 2. The
arrows show the values of Gopt and Gnqq, respectively.

As the system evolves, the PE is converted into
KE and heat, and the particles exhibit maximum
motion, which is not very large (see Figure 3).
Finally, however, the particles slow, and only heat
remains. Note also that PE is negative after a certain
point. This illustrates stability of individual particles
(as well as the collective) — it would require work to
push individual particles out of these configurations.
Hence this graph shows how the system would be
resilient to moderate amounts of force acting to
disrupt it, once stable configurations are achieved.

We have found that the initial configuration PE
indicates important properties of the final evolved
system, namely how well it evolves and the size of
the formation. Intuitively, higher initial PE indicates
that more work can be done by the system — and the
creation of bigger formations requires more work.
We have also observed that higher initial PE is
correlated with better formations. Apparently there
is more energy via momentum to push through local
optima to global optima.

For example, consider Figure 4, which shows the
PE of the initial configuration of a 200 particle
system (when p = 2), for different values of G. In
the figures, G is the value of G at which the PE
is maximized, and G/, is the largest useful setting
of G (i.e., above G, all forces are equal to Fj,.,).
Interestingly, PE is maximized almost exactly at the
range of values of GG (around 1200 to 1400) that we
have found empirically to yield the best structures.

We now compute a general expression for when
PE is maximized. To find this expression for G,
we first need to calculate the potential energy, V.
For simplicity, we begin by calculating the potential
energy of a two particle system where the two

particles are very close to each other.

It will be necessary to consider three different
situations, depending on the radial extent to which
Fnae dominates the force law F' = G/rP. Recall
that agents use F,., when F' > F,,,.. This occurs
when G/r? > F,,, or, equivalently, when r <
(G/Fpaa)"’® = R'. The first situation occurs when
Finee 1s used only when the other particle is at
close range, i.e., when 0 < R' < R. The second
situation occurs when R < R’ < 1.5R. The third
situation occurs when F,,,, is always used, i.e.,
when R’ > 1.5R. In this situation the force law
is constant (F},,,) and V remains constant with
increasing G.

Let us now compute the PE for the first situation.
It will be necessary to calculate three separate inte-
grals for this situation. The first will represent the
attractive force felt by one particle as it approaches
the other, from a range of 1.5R to R. The second is
the repulsive force of F' = G/r? when r < R and
F' < Fi42. The third represents the range where the
repulsive force is simply F},q,.> Then:

1.5R R R
[T [ C e [
r TP r TP 0

Note that the first term is negative because it deals
with attraction, whereas the latter two terms are
positive due to repulsion. Solving and substituting
for R yields:

v (2R"? - (15R)'")G pG/P

(1 - p) (1 - p)Fma:c(lip)/p

The derivation of the second and third situations
is similar. The first situation occurs with low G,
when G < F,,,.RP. The second situation occurs
with higher levels of G, when F,,,,RF < G <
Fr0z(1.5R)P. The third situation occurs when G >
Frae(1.5R)?. In the third situation the PE of the
system remains constant as GG increases even further.
Thus the maximum useful setting of G is G0 =
Frae(1.5R)P. We can see this in Figure 4 (which
represent the full curves over all three situations),
where G0 = 5625.

We next generalize to N particles for V' (denoted
Vn). Note that we can build our [V particle system

3Throughout our theoretical results we assume that p # 1.0, which
is reasonable since we typically do not run AP with that setting.



one particle at a time, in any order (because forces
are conservative), resulting in an expression for the
total initial PE.

N-1
N(N —1
VN:E:Z'V:V (2 )
=0

with V' defined above for the 2-particle system.
Now that we have a general expression for the
potential energy, Vi, to find the expression for G o,
we need to find the value of G that maximizes Vy.
First, we need to determine whether the maximum
occurs in the first or second situation. It is easy
to show that the slope of the PE equation for
the second situation is strictly negative; thus the
maximum must occur in the first situation. To find
the maximum, we take the derivative of the Vy for
the first situation with respect to G, set it to zero,
and solve for G. The resulting maximum is at:

Gopt = Fnan B?[2 — 15077/ 77)

Note that the value of G, does not depend on
the number of particles, which is a nice result.
This simple formula is surprisingly predictive of the
dynamics of a 200 particle system. For example,
when Fpp = 1, R = 50, and p = 2, Gopr =
1406, which is only about 7% higher than the value
shown in Figure 4. Similarly, when p = 3, Gpr =
64,429, which is very close to observed values.
The difference in values stems from the fact that in
our simulation we have initial conditions specified
by a two-dimensional Gaussian random variable
with a small variance o2, whereas our mathematical
analysis assumes a variance of zero. Despite this
difference, the equation for G, works quite well.

As described in [4], we have also had success
in creating square lattices. Performing a similar
potential energy analysis yields a G, of:

VB(N — 1)[2 — 1.3'77] 4 N2 — 1.74-7] 1"/~

Fmame
V2(N-1)+ N

ey

Note that G, actually depends on the number
of particles N, which is the first time we have seen
such a dependency. It occurs because we use two
“species” of particles to create square lattices, which
have different sensor ranges. However, because this
difference is not large, the dependency on N is also

not large. For example, with R = 50 and Fj,,; = 1,
then when p = 2 and there are 200 total particles,
Gopt = 1466. With only 20 particles Gp = 1456.
Similarly, when p = 3 we obtain values of G, =
67,330 and G, = 66, 960 respectively (for 200 and
20 particle systems).

VI. EXPERIMENTS WITH A TEAM OF ROBOTS

For our experiments, we used seven robots from
the KIPR Company. For detecting neighbor robots,
Sharp GP2D12 IR sensors are mounted, providing
a 360 degree field of view, from which object
detection is performed. The output is a list that gives
the bearing and range to all neighboring robots.
Once sensing and object detection are complete, the
AP algorithm computes the virtual force felt by that
robot. In response, the robot will turn and move to
some position. This cycle of sensing, computation
and motion continues until we shut down the robots
or they lose power. The AP code is simple to
implement. It takes a robot neighbor list as input,
and outputs a turn and distance to move.

The goal of the first experiment was to form a
hexagon with seven robots. Each robot ran the same
software. The desired distance R between robots
was 23 inches. Using the theory we chose a G
of 270 (p = 2 and F,,,; = 1). The beginning
configuration was random. The final configuration
was a hexagon. The results are consistent, achieving
the same formation ten times in a row with the
same starting conditions and taking approximately
seven cycles on average. For all runs the robots were
separated by 20.5 to 26 inches in the final formation,
which is only slightly more error than the sensor
error.

For our second experiment we placed four photo-
diode light sensors on each robot, one per side.
These produced an additional force vector, moving
the robots towards a light source (a window).* The
results are shown in Figure 5, and were consistent
over ten runs, achieving an accuracy comparable to
the formation experiment above. The robots moved
about one foot in 13 cycles of the AP algorithm.

“The reflection of the window on the floor is not noticed by the
robots and is not the light source.



Fig. 5. Seven robots get into formation, and move toward the light.

VII. SUMMARY, RELATED AND FUTURE WORK

This paper presents a novel analysis of AP, fo-
cusing on potential energy. This analysis provides
us with a predictive technique for setting important
parameters in the system, thus enabling a system
user to create (with good assurance) large forma-
tions. This static analysis combines many important
parameters of the system, such as G, R, p, Fiuz,
and sensor range. It also includes the geometry of
the formations in a natural fashion. The parameter
N was included as well, but it turns out to be of little
relevance for our most important results. This is a
nice feature, since our original motivation for the
AP approach was that we wished it to scale easily
to large numbers of agents. To include the other
relevant dynamic parameters such as At, V., and
friction will require a more dynamic analysis.

The work that is most related consists of other
theoretical analyses of swarm systems. Our com-
parisons are in terms of the goal and method of
analysis. There are generally two goals: stability and
convergence/correctness. Under stability is the work
by [5]-[7]. Convergence/correctness work includes
[5]. Other goals of theoretical analyses include
time complexity [8], synthesis [9], prediction of
movement cohesion [5], coalition size [6], number
of instigators to switch strategies [10], and collision
frequency [11].

Methods of analysis are also diverse. Here we
focus only on physics-based analyses of physics-
based swarm robotics systems. We know of four
methods. The first is the Lyapunov analysis by [7].
The second is the kinetic gas theory by [11]. The

third is the minimum energy analysis by [9]. The
fourth develops macro-level equations describing
flocking as a fluid-like movement [12].

The capability of being able to set system pa-
rameters based on theoretical laws has enormous
practical value. To the best of our knowledge, the
only analyses mentioned above that can be used
to set system parameters are those of [6], [10],
[12]. The first two analyses are of behavior-based
systems, while the latter is of a “velocity matching”
particle system.

In the long run, we’d like to design and analyze
virtual worlds based on AP. The theoretical results
being developed here would formalize the multi-
robot motions in such a virtual world, which would
then influence the coordination of actual robots.
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