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Abstract- In prior work we established how artificial physicare damaged. Self-repair is also desirable, in the event of
can be used to self-organize swarms of mobile robots itamage. Self-organization, fault-tolerance, and sqdéire
hexagonal formations. In this paper we extend the franare precisely those principles exhibited by natural phajsic
work to moving formations, by providing additional thecsystems. Thus, many answers to the problems of distributed
retical analysis that facilitates the implementation ofese control can be found by studying the natural laws of physics.
robots in a hexagonal formation moving towards a goal.

In prior work we have shown how ouartificial physics
Keywords: self-organization, artificial physics, moving forframework can be used to self-organize swarms of mobile

mations robots into hexagonal and square lattices. We now extend the
framework to include motion of a hexagonal lattice towards a
1 Introduction goal. First, we summarize the general artificial physicsia

work. Then we provide a “force balance” analysis which will
The focus of our research is to build aggregate senéiow us to set the magnitude of a goal force, allowing mo-
systems, specifically, to design rapidly deployable, ditala tion towards the goal while assuring formation cohesion. Fi
adaptive, cost-effective, and robust swarms of autonomaadly, details are provided regarding the implementatibn o
distributed mobile sensing robots. This combines sensing) framework on a team of seven small robots with minimal
computation and networking with mobility, thereby enaglinsensing capabilities.
deployment, assembly, reconfiguration, and disassembly of
the. multi—robot swarm. Our objective is_to provide a 302 The Artificial Physics Framework
entific, yet practical, approach to the design and analyfsis o
swarm robotic systems. Our target applications for multi-  In our artificial physics (AP) framework, virtual physics
robot swarms include tracing biological and chemical hdgarforces drive a swarm robotics system to a desired configu-
to their source [1]. ration or state. The desired configuration is one that mini-
mizes overall system potential energy, and the system acts a
For such applications each robot forms a grid point farmolecular dynamicsﬁ = md) simulation.
performing computational fluid dynamics (CFD) calculaton
to follow a chemical/biological plume. Hexagonal grids dav Each robot has positioff and velocity. We use a
been proven to be superior to traditional rectangular gridiscrete-time approximation to the continuous behavithef
for numerical solutions of partial differential equatioras robots, with time-steg\¢. At each time step, the position of
needed for CFD. In particular, they are more efficient and efach robot undergoes a perturbatitp. The perturbation
fective at handling boundary conditions [2]. For applioas depends on the current velocity, i.&\p’ = ¥At. The ve-
with few robots, seven robots create an excellent hexagooalty of each robot at each time step also changeg\by
grid for CFD computations, as demonstrated as prelimindriie change in velocity is controlled by the force on the robot
results in an abbreviated version of this work [3]. i.e., A7 = FAt/m, wherem is the mass of that robot and
F is the force on that robotF andv denote the magnitude
It is assumed that robots can sense and affect neagbyectorsF and#. A frictional force is included, for self-
robots; thus, a key challenge of this project has been hewbilization. This force is modeled asiacous frictiorterm,
to design “local” control rules. Not only do we want thee., the product of a viscosity coefficient and the roboés v
desired global swarm behavior to emerge from the local iacity (independently modeled in the same fashion by [4]).
teraction between robots (i.e., self-organization), betalso
would like there to be some measure of fault-tolerancethe., From the start, we wished to have our framework map
global behavior degrades very gradually if individual rsboeasily to physical hardware, and our model reflects this de-



sign philosophy. Having a mass associated with each robothey are responding to! Potential energy (PE) is never actu-
allows our simulated robots to have momentum. Robots nedly computed by robots. Robots only compute local force
not have the same mass. The frictional force allows uswuectors for their current location. PE is computed for visua
model actual friction, whether it is unavoidable or delibeization/analysis purposes only.
ate, in the real robotic system. With full friction, the rdabo
come to a complete stop between sensor readings and with With this in mind, we define a force law’ =
no friction the robots continue to move as they sense. T@ew;m;/r”, whereF is the magnitude of the force between
time stepAt reflects the amount of time the robots need two robotsi andj, r is the range between the two robots, and
perform their sensor readings. Xt is small, the robots getp is some power (by default; = 1.0 for all robots). The
readings very often, whereas if the time step is large, regdi “gravitational constantt7 is set at initialization. The force is
are obtained infrequently. We have also included a parametpulsive ifr < R and attractive ifr > R. Each robot has
F.q., Which provides a necessary restriction on the acceleaasensor that detects the range and bearing to nearby robots.
tion a robot can achieve. Also, a paramétgy,,. restricts the The only effector is to be able to move with velocity To
maximum velocity of the robots. ensure that the force laws are local in nature, robots have a
visual range of onlyl.5R. Also, due to the discrete-time na-
Given a set of initial conditions and some desired globire of the model, it is important to define a maximum force
behavior, we define what sensors, effectors, and force lakys,, that can be obtained.

are required such that the desired behavior emerges.
Figure 2 shows how an initial universe af = 200

3 Hexagonal | attice Sensing Grids robots that began in a single small, random cluster has
evolved over 1000 time steps into a hexagonal lattice, using

In this section, AP is applied to a swarm of robots whoskis very simple force law. The hexagonal lattice is not per-
mission is to form a hexagonal lattice, which acts as a dfect — there is a flaw near the center of the structure. Also,
tributed sensing grid [5]. Since swarm robots are assuntbé perimeter is not a hexagon, although this is not surgjsi
to have simple sensors and primitive CPUs, our goal is gtven the lack of global constraints. However, many hexagon
provide the simplest possible control rules that require-miare clearly embedded in the structure and the overall streict
imal sensors and effectors. At first blush, creating hexagd® quite hexagonal.
would appear to be somewhat complicated, requiring sensors
that can calculate range, the number of neighbors, their an- e,
gles, etc. However, it turns out that only range and bearing R
information are required. To understand this, recall an old Loty e .

high-school geometry lesson in which six circles of raditis e . :
can be drawn on the perimeter of a central circle of radius . <.
Figure 1 illustrates this construction. If the robots (shaws . * e

small circular spots) are deposited at the intersectiortbef .

circles, they form a hexagon with a robot in the middle.

L)
.

Figure 2. The evolution of the robots franx 0 to 1000.

Note that in Figure 2 we observe a clustering effect, i.e.,
each node in the lattice may contain multiple robots. Cluste
ing was an emergent property that we had not expected, and
it provides increased robust behavior, because the disappe
ance (failure) of individual robots from a cluster will have

Figure 1. How circles can create hexagons. minimal effect. The pattern of robots shown in Figure 2 is

quite stable, and does not change to any significant degree as
To map this into a force law, imagine that each robot reincreases past 1000.

pels other robots that are closer thiaywhile attracting robots
that are further thark in distance. Thus each robot can be  Clustering results when the repulsion of two or more
considered to have a circular “potential well” around itsel robots at a particular lattice node is overcome by neighbor-
radiusR — neighboring robots will want to be at distanBe ing robots that force the cluster together. Hence clusgasn
from each other. The intersection of these potential welks iunlikely at the perimeter of the formation, while very lilgel
form of constructive interference that creates “nodes’@v at interior nodes. Clustering is a result of the setting7of
low potential energy where the robots will be likely to residSimply put, highG produces deep potential wells that can
(again these are the small circular spots in the figure). Thagtain multiple robots. A& is reduced, those wells reduce
the robots serve to create the very potential energy surfatdepth. Finally, at a certain point, the well vanishes anlg o



one robot can occupy that lattice node position. A phase tran
sition occurs and the lattices contain no clusters. If weotien
G, as the value off where the phase transition occurs, it can
be shown that, for hexagonal lattices [6]:

Fonas R
G~ =G =22 1
: ‘=% (1)

To summarize, ifG < Gy, formations occur without
clustering. IfG > @G, formations occur with clustering.
These equations are quite accurate (as confirmed via simu-
lation) for arbitraryN. However, in this paper we will focus

on a hexagonal formation of seven robots (with one in tiggure 4. Visualization of potential field, showing escape
center), and refine the theory for that specific situation.  paths.

4 Refined Phase Transition Theory

If we have seven robots, then it is possible for there t(\)/va from that position. A virtual robot placed in this field
be a small cluster of two robots in the center, with five robots y P ) P

(instead of six) along the perimeter. This situation is degul moves from regions of high potential energy to low potential

- . gnergy. Note that a virtual robot that is close to the centir w
in Figure 3 (having more than two robots at the central node . .
not want to move directly towards the unoccupied node (and

is almost impossible and we ignore that situation in this pa- o Lo
. ) in Qg can see a small bulge of positive PE along that direction)
per). The open circle represents the unoccupied node in InStead, it would follow one of the two directions depicted i
formation. . ! P
Figure 3.
Rle
Due to symmetry, we can focus on either of the escape
R2e o paths for ‘A. Let us arbitrarily focus on the escape patmalo
A L the horizontal axis. Robot ‘A’ can be expelled from its ckrst
hd along this axis by the other central robot, which exerts a re-
R3® R5e pulsive force ofF;, .., because the range between robets,
is very small. Therefore, the cluster fragmentation fongeru
R4e® ‘Ais equal to Fip -
Figure 3. How robots escape. Next, we derive an expression for the cluster cohesion
force on ‘A.. Robot ‘A is held near the center by the outer
Let us focus on one of the two robots in the center, apdrimeter robots. As above, without loss of generality we fo
call this robot “A.” Intuition would argue that the most lile cus on the horizontal axis as the escape path of ‘A'. Consider
escape path for ‘A’ would be directly towards the unoccupidie force exerted by the outer perimeter robot ‘R2’ on ‘A'-Be
node. Unfortunately, this intuition is incorrect, due te the- cause nodes a apart, the magnitude of this forceG& RP.
ometry of the situation. In fact the arrows depict the two thoEhe projection of this force on the horizontal axis escaph pa
likely escape paths (as the robot escapes further from the de+/3/2 times the magnitude of this force — because the angle
ter, it eventually curves back towards the unoccupied nottefween the chosen outer perimeter robot and the horizontal
but we need not concern ourselves with that for this anglysisxis is30°. Since there are three outer perimeter robots (‘R2’,
We can confirm this by visualization of the potential field foR3’, and ‘R5’) exerting this force (the remaining two have a
this situation. By definition, the potential field is compdaiteforce of O after projection), we multiply this amount by tare
using the path integrat | F o d3, wheres = zi'+ y7is the to get a total cluster cohesion force®f3G/2RP.
path. A path integral may be used to calculate the potential
field if the force is (or is approximately) conservative, wlhi When the cohesion force is greater than the fragmenta-
is true for our framework. tion force, the central cluster will remain intact. When the
fragmentation force is greater, the central cluster wilase
Figure 4 illustrates the PE field. Lighter shading repate. Thus, our law states that the phase transition will oc-
resents high positive potential energy, while black regmés cur roughly when the two forces are in balandg;, ., =
low (zero or negative) potential energy. Positive PE intdisa 3v/3G//2RP. We can now state that the phase transition will
that work is required to push a virtual robot to that positionccur whenG = 2F,,,, R?/3+/3. Hence, for our specific
Negative PE indicates that work is required to push a rolsmven robot system, the phase transition occurs at:



‘R6’ in position with force magnitude/3G/2R” (after pro-
jection). Similarly, robot ‘R7’ holds ‘R6’ in position with
force magnitude/3G /2RP. Hence the total force holding
‘R6’ in place (in opposition to the goal force) has magnitude

This refinement is intuitively understandable. If instead3G/ R?. The analysis is identical for robot ‘R5’. Also, the
of the situation in Figure 3 we had an e|ght robot System’entical analySiS holds if all robots other than ‘R2’ an@'R
with two in the center and six in the perimeter (i.e., the ufave halted and we wish to prevent the formation from col-
occupied node is now occupied), four outer robots would &Pse. In all cases we require the goal force to be less tfean th
tempt to hold the cluster together (along some chosen esci@pee of formation cohesion:
path). A derivation of the phase transition point would giel
exactIyGtA. However, in Figure 3 one of those four outer
robots is missing, producing a 4/3 ratio. The net effect is Flopn < @ 3)
that we can raisé& to 1.33GtA (hence increasing the speed 9ot Rp
of self-organization and the strength of the formation)ilevh
still ayoiding clustering. This will be verified in our rohot f G = GZA this can be simplified to:
experiments. )

(2)

5 Hexagonal Formation Movement Fyout < QF;M 4)

Let us assume that each robot attempts to sense the goal.
However, we can not assume that such sensing will always be Although there are other situations which we could con-

apcurate. 'Hen'ce, on occa5|on'r(')bots may attempt to movg;j,, (such as the formation moving upwards or at some other
different directions towards their incorrectly sensedigbar- angle), the situation we have just analyzed is the most-strin
thermore, if one or more robots are temporarily halted ilmh’tfljent. In this situation, both of the two rightmost robots are
movement (due to environmental or hardware problems), \Q@pt from moving forwards only by two other robots (which
would like the formation to maintain its cohesion, at lea®t U, in the center “column” of the formation). In other situa-

til a decision is made that the cohesion is no longer desiraly, 5 more ropots participate in the cohesion. In essenee, w

. L . have analyzed the weakest link in the chain of force bonds

Strength of formation C9hes'°” IS in opposition to th§nd if formation cohesion can be guaranteed, then it will be
strength of the goal force acting on the robots. Stronger 988aranteed for all other reasonable situations. One exeept
forces will tend to pull the formation apart. In this sectisa is i a robot is “dangling” and is connected to the formation

derive an upper bound on the goal force, which we will use i, 51y one force bond. This situation has never occurred

our empirical experiments. in our experiments; however, if we needed to deal with it we
merely have to stipulate thét,,,; must be less tha@'/ R?, a

Rle R6 more strict constraint than before.
RZ. [ ] e
R7e 6 Application on Real Robots
o . . The current focus of this project is the physical embodi-
R3 R5 ment of AP on a small swarm of robots. Our choice of robots
R4® and sensors clearly expresses a preference for minimal ex-
_ o _ pense and expendable platforms. For our initial experiment
Figure 5. The formation is moving. with robots we have used inexpensive Lego kits from the

KISS Institute for Practical Robotics. These kits come with
Consider Figure 5, which shows a formation of sevenvariety of useful sensors and effectors, and two procsssor
robots moving towards a goal that is to the right. Let us ate RCX Lego processor and the Handy Board. Due to its
sume that all robots other than the rightmost two have tegenerality and ease of programming (it is programmed using
porarily halted. We desire both of the rightmost robots (‘RInteractive C), we are currently using the Handy Board. The
and ‘R6’). to maintain position. Hence, the force of cohasiddandy Board has a HC11 Motorola processor with 32K of
holding them into the formation must exceed the goal forstatic RAM, a two line LCD screen, and the capacity to drive
Fyoai- several DC motors and servos. It also has ports for a variety
of digital and analog sensors.
We can use a “force balance” analysis similar to that
shown in the previous section. Consider either of the two  Our robotic platform has two independent motors (drive
rightmost robots. Robot ‘R6’ is held back by ‘R1’ and ‘R7’frains) and two casters, allowing the platform to turn on a
while ‘R5’ is held back by ‘R4’ and ‘R7’. Robot ‘R1’ holds dime and move forward and backward. Slot sensors are incor-



porated into the drive trains to function as shaft encodgvs, For our experiment,,; is conservatively setto 1.0. The re-
ing us reasonably precise measures of the angle turned bystlies are shown in Figure 6, and were consistent over ter) runs
robot and the distance moved. The transmissions are geanaihtaining formation and never showing clustering.

down 25:1 to help minimize slippage with the floor surface.

The “head” of the robot is a sensor platform used for t
detection of other robots in the vicinity. For range infotioa
we use Sharp GP2D12 IR sensors. This sensor provides f
accurate readings based on the distance of the sensed o
(10% error over a range of 6 to 50 inches). The readings
relatively non-influenced by the material sensed, unless
material is highly reflective. However, the angle of origiota
of the object does have significant effects, especially as
object became more reflective. As a consequence, the “heg
is a circular cardboard (non-reflective) cylinder, allogviior
accurate readings by the IR sensors.

The head is mounted horizontally on a servo motq
With a 180° of motion of the servo, and two Sharp sensors
mounted opposite each other, the head provides a simple "vi-
sion” system with 860° view. Once a fulB60° scan is done, Figure 6. Seven robots form a hexagon, and move towards a
object detection is performed. We use a simple first dexigatiight source.
filter that detects object boundaries, even under conditidn
partial occlusion. Simple width filters are used to ignore ob
jects that are too narrow (chair legs) and too wide (wallsf. Summary and Related Work
The resulting algorithm does a good job of detecting nearby

robots, producing a “robot” list which gives the bearing and ~ This paper has presented “force balance” quantitative
range to the nearest robot. analyses of AP. The first analysis was a refinement of a

prior general “phase transition” analysis specificallydeven

Once sensing and object detection is complete, the )_:gbots, which aIIows.usto control the presence of “clustgti
algorithm computes the virtual force felt by that robot. IH! hexagonal formations. The second analysis allows usito se
response, the robot turns and moves to some position. T#Per bounds on a goal force that is felt by the formation,

“cycle” of sensing, computation and motion continues unglowing movement towards the goal while preserving cohe-
we shut down the robots or they lose power. sion of the formation. It is important to note that this seton

analysis holds in the more general situatiomofobots.

For our experiment we built seven robots. The objec-
tive was to form a stable hexagon that moves towards a light Related work includes the potential field (PF) literature
source. Each robot ran the same piece of software. The @9-: [7]). Generally, this deals with a small number ofotsb
sired distance? between robots was 20 inches. Using odfypically just one) that need to navigate through a field of
theory, GtA =231 (p = 2 and F,,., = 2), but as our re- obstacles to get to a target location. Recently, [4] and [8]
fined theory suggests, we can use the higher V@Z@ of h_ave extended the PF gpproach to include int_er—robot repul-
308 without obtaining clustering (hence increasing theegpe!Ve forces. Although this work was developed indepengtent|

of self-organization and the strength of the formation).  ©f AP*hit affirms the feasibility of a physics-force-based ap
proach.

Each robot has a local coordinate system, with the )
“front” of the robot representing the positive axis. We Behavior-based (e.g., [9, 10]) and rule-based (e.g., [11])

placed four photo-diode light sensors on each robot, one pBProaches are alternatives to a physics-based approach to
side. The front, back, left, and right sensors are connecB4f"M robotics. However, these alternatives are heurasitt

to Handy Board analog ports 2, 3, 4, and 5. Each light sdherefore in general they are more difficult to analyze. ® th
sor produces values from 0 to 255, where 0 represents RSt Of our knowledge, the only analyses that can be used
brightest light. Each sensor value is normalized to the earl§ SEt System parameters are those of [12-14]. The first two
(0,1], (where a 1 represents the brightest light) and their Vanalyse; are of b_ehawor-based systems, while the Iatd:ér. is
ues are combined to produce thendy components of the a “velocity matching” robot system. Multi-robot swarms it

goal force. Finally, this force is normalized once again fgnergentbehaviorare notoriously difficultto predict, &wl
have magnitudé,,.;. According to theory, withG = 308 researchers have tackled such an endeavor. Our advantage in

R =20, F,us = 2, andp = 2, F,,,; must be less than 1.33this respect is that AP is physics-based, and thus we are able
! to employ traditional physics analysis techniques.



8 Future Work Spears, R. Hartley, B. Kamgar-Parsi, F. Pipitone,
_ N _ W. Spears, A. Sciambi, and D. Srull. The NRL micro
We are currently adding the capability to deal with ob-  tactical expendable (MITE) air vehicl@he Aeronauti-

stacles. We are pursuing multiple approaches, including a cal Journal 106(1062):431-441, 2002.
“force balance” theoretical approach similar to that used i

this paper for small obstacles (those that can be seen in th&§] W. Spears, D. Spears, J. Hamann, and R. Heil. Dis-
entirety)' a kinetic theory approach (for very |arge Obma); tributed, phySiCS-based control of swarms of vehicles.
and an evolutionary algorithm approach for learning the ap- Autonomous Robqt$7(2-3), 2004.

propriate force laws governing robot-robot, robot-goaild a

. ) [7] O. Khatib. Real-time obstacle avoidance for manipula-
robot-obstacle interactions.

tors and mobile robots.Int’l Journal of Robotics Re-

5(1):90-98, 1986.
It is important to point out that we consider AP to be search 5(1)

one level of a more complex control architecture. The lowf8] D. Vail and M. Veloso. Multi-robot dynamic role assign-
est level controls the actual movement of the platforms. AP ment and coordination through shared potential fields.
is at the next higher level, providing “way points” for the In Multi-Robot System&Iluwer, 2003.

robots to move toward, as well as providing simple repai . o . .
mechanisms. Our goal is to put as much behavior as posg')J M. Mataric. , Des'gn'”g and understanding adaptlvg
ble into this level, in order to provide behavioral assuemnc group behavior. Technical report, CS Dept, Brandeis
and the ability to generate laws governing important parame Univ., 1995.

ters. However, clearly the current AP paradigm will not €0ly10] T. Balch and R. Arkin. Behavior-based formation con-

more complex tasks, involving planning, learning, repainf trol for multi-robot teamsIEEE Trans. on Robotics and
more catastrophic events, and global information. For exam  Autom, 14(6):1-15, 1998.

ple, certain arrangements of obstacles (such as cul-dg-sac

will require the addition of memory and planning. Hencé&ll] A. Schultz, J. Grefenstette, and W. Adams. Roboshep-
even higher levels will be required [15, 16]. Learning is es- herd: Learning a complex behavior. Trhe Robotics
pecially interesting to us, and we would like to add it to AP, ~ and Learning Workshop at FLAIR$996.

Learning has already been demonstrated to be advantagtﬁ)?]sK Lerman and A. Galstyan. A general methodology
in the context of behavior-based [17, 18] and rule-basefl | for mathematical analysis of multi-agent systems. Tech-

systems,.but its value has not yet been explored in the contex nical Report ISI-TR-529, USC Information Sciences,
of a physics-based system. 2001

[13] C. Numaoka. Phase transitions in instigated collec-
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