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Abstract. This paper provides an overview of our framework, called
physicomimetics, for the distributed control of swarms of robots. We
focus on robotic behaviors that are similar to those shown by solids,
liquids, and gases.Solid formations are useful for distributed sensing
tasks, while liquids are for obstacle avoidance tasks. Gasesare handy for
coveragetasks, such as surveillance and sweeping. Theoretical analyses
are provided that allow us to reliably control these behaviors. Finally,
our implementation on sewen robots is summarized.

1 Vision

The focus of our researt is to designand build rapidly deployable, scalable,
adaptive, cost-e®ectie, and robust swarms of autonomous distributed robots.
Our objective is to provide a scierti ¢, yet practical, approac to the designand
analysis of swarm systems.

The team robots could vary widely in type, aswell assize,e.g.,from nanobots
to micro-air vehicles (MAVs) and micro-satellites. A robot's sensorsperceive
the world, including other robots, and a robot's e®ectorsmake changesto that
robot and/or the world, including other robots. It is assumedthat robots can
only senseand a®ectnearby robots; thus, a key challenge has beento design
\lo cal" cortrol rules. Not only do we want the desiredglobal behavior to emerge
from the local interaction betweenrobots (self-organization), but we alsorequire
fault-tolerance, that is, the global behavior degradesvery gradually if individ-
ual robots are damaged. Self-repair is also desirable, in the event of damage.
Self-organization, fault-tolerance, and self-repair are precisely those principles
exhibited by natural physical systems.Thus, many answers to the problems of
distributed control can be found in the natural laws of physics.

This paper provides an overview of our framework for distributed cortrol,
called \ph ysicomimetics" or \arti cial physics" (AP). We usethe term \arti -
cial" (or virtual) becausealthough we are motivated by natural physical forces,
we are not restricted to them [1]. Although the forcesare virtual, robots act asif
they werereal. Thus the robot's sensorsmust seeenoughto allow it to compute
the force to which it is reacting. The robot's e®ectorsmust allow it to respond
to this perceiwed force.



There are two potential advantagesto this approad. First, in the real phys-
ical world, collections of small ertities yield surprisingly complex behavior from
very simple interactions betweenthe entities. Thus there is a preceden for be-
lieving that complexcortrol is achievable through simple local interactions. This
is required for very small robots, sincetheir sensorsand e®ectorswill necessarily
be primitiv e. Second,sincethe approad is largely independert of the size and
number of robots, the results scalewell to larger robots and larger setsof robots.

2 The Physicomimetics Framew ork

The basicAP framework is elegarly simple. Virtual physicsforcesdrive a multi-
robot systemto a desiredcon guration or state. The desiredcon guration (state)
is onethat minimizes overall systempotential energy In essencehe systemacts
as a molecular dynamics (F = ma) simulation.

At an abstract level, AP treats robots as physical particles. This enablesthe
framework to be embodied in robots ranging in sizefrom nanobots to satellites.
Particles exist in two or three dimensionsand are point-masses.Each particle
i has position x and velocity v. We use a discrete-time approximation to the
continuous behavior of the system, with time-step ¢t . At ead time step, the
position of eadh particle undergoesa perturbation ¢ x. The perturbation depends
onthe current velocity, i.e., ¢ X = vt . The velocity of ead particle at ead time
step alsochangeshy ¢ v. The changein velocity is controlled by the force on the
particle, i.e., ¢ v = F ¢t=m , wherem is the massof that particle and F is the
force on that particle. A frictional forceis included, for self-stabilization. This is
modeledasa visomus friction term, i.e., the product of a viscosity coe+cient and
the robot's velocity (independertly modeled in the samefashion by Howard et
al. [2]). We have alsoincluded a parameter Fpnax , which restricts the maximum
forcefelt by a particle. This providesa necessaryestriction on the accelerationa
robot can achieve. Also, a parameter Vhax restricts the velocity of the particles,
which is very important for modeling real robots.

Given a set of initial conditions and somedesired global behavior, it is nec-
essaryto de ne what sensors,e®ectors,and local force laws are required for the
desiredbehavior to emerge.This is explored, in the next section, for a variety of
simulated static and dynamic multi-rob ot con gurations. Our implemertation
with robots is discussedin Section 3.2.

3 Physicomimetic Results

Our researd hasfocusedon robotic behaviors that are similar to those showvn by
solids, liquids, and gases.Solid crystalline formations are useful for distributed
sensingtasks, to create a virtual antenna or synthetic aperture radar. For such
tasksit is important to maintain connectivity and a lattice geometry Liquids are
for obstacleavoidancetasks, since°uids easily maneuwer around obstacleswhile
retaining connectivity. Solid and liquid behaviors are formed using a similar force
law, that hasattractiv e and repulsive componerts. The transition betweensolids



and liquids can be performedvia a changein only one parameter, which balances
the attractiv e and repulsive componerts [3].

Finally, gasesare handy for coveragetasks, such assurveillance and sweeping
maneuwers. For these tasks it is imperative that coverage can be maintained,
evenin the faceof individual robot failures. Gas-like behaviors are created using
purely repulsive forces.

3.1 Simulation Results

Solids:  Our initial application required that a swarm of MAVs self-organize
into a hexagonallattice, creating a distributed sensinggrid with spacingR be-
tween MAVs [4]. Potential applications include sensinggrids for the mapping
or tracing of chemical/biological plumes [5] or the creation of virtual antennas
to improve the resolution of radar images[1]. To map this into a force law,

ead robot repels other robots that are closerthan R, while attracting robots
that are further than R in distance. Thus ead robot has a circular \p otential

well" around itself at radius R { and neighboring robots will be separatedby
distance R. The intersection of these potential wells is a form of constructive
interferencethat creates\no des" of low potential energy where the robots are
likely to reside. A simple compassconstruction illustrates that this intersection
of circles of radius R will form a hexagonallattice where the robot separationis
R. Note that potential energy (PE) is newer actually computed by the robots.
Robots compute local force vectors. PE is only computed for visualization or
mathematical analysis.

With this in mind, we de ned a forcelaw F = Gm;m; =rP, whereF - Fpax
is the magnitude of the force betweentwo particlesi andj, and r is the distance
betweenthe two particles. The variable p is a user-de ned power, which ranges
from -5.0 to 5.0. Unless stated otherwise, we assumep = 2.0 and Fpax = 1in
this paper. Also, m; = 1.0 for all particles (although the framework does not
require this). The \gravitational constart" G is set at initialization. The force
is repulsive if r < R and attractiv e if r > R. Each particle has one sensorthat
can detect the distance and bearing to nearby particles. The one e®ectorenables
movemernt with velocity v - Vmax . TO ensurethat the force laws are local, we
allow particles to senseonly their nearest neighbors. Hence, particles have a
visual range of only 1:5R.

A simple generalization of this force law will also create square lattices. If
robots are arbitrarily labeled with one of two colors, then square lattices are
formed if robots that have unlike cBlgrs have a separationof R, while robots that
have like colors have separation = 2R. Furthermore, transformations between
squareand hexagonallattices (and vice versa) are easily accomplished.Figure 1
illustrates formations with 50 robots. The initial deployment con guration (left)
isassumedo beatight cluster of robots. The robots move outwardsinto a square
formation (middle). Then they transform to a hexagonalformation (right). Self-
repair in the face of agert failure is also straightforward [6].

The total PE of the initial deployment con guration is an excellert indicator
of the quality of the nal formation. High PE predicts high quality formations.



Fig. 1. The initial deployment con guration (left) is assumedto be afairly tight cluster
of robots. The robots move outwards into a square formation (middle). Then they
transform to a hexagonal formation (right).

This energyis dependent on the value of G, and it canbe proventhat the optimal
value of G for hexagonallattices is [7]:

Gopt* = Fmax RP[21 151 PP P (1)

The value of Gy doesnot depend on the number of particles, which is a nice
result. Howewer, for squarelattices:
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Note that in this caseGg, depends on the number of particles N. It occurs
becausethere are two classegcolors) of robots. However, the dependencyon N
is not large and goesto zeroas N increases.

Fig. 2. A solid formation moves through an obstacle "eld towards a goal (upper left
part of the "eld). The rotations and counter-rotations of the whole collective are an
emergert property.



Our current researt is focused on the movemert of formations through
obstacle "elds towards somegoal. Larger obstaclesare created from multiple,
point-sized obstacles;this enables’exible creation of obstaclesof arbitrary size
and shape. As a generalizationto our standard paradigm, goals are attractiv e,
whereasobstaclesare repulsive (similar to potential eld approaces,e.qg.,[8]).

Figure 2 illustrates how a squareformation movesthrough an obstacle eld
via a sequenceof rotations and courter-rotations of the whole collective. This
behavior emergesfrom the interaction of forcesand is not a programmed re-
sponse.If this cannot be accomplished,the formation may not be able to make
further progresstowards the goal.

Liquids:  As stated above, the di®erencein behavior betweensolid formations
and liquid formations dependson the balance betweenthe attractiv e and repul-
sive componerts of the forces.In fact, the parameter G onceagain plays a crucial
role. Below a certain value of G~ G, liquid behavior occurs. Above that value,
solid behavior occurs. The switch betweenthe two behaviors acts very much like
a phasetransition. Using a standard balance of forces argumert we can show
that the phasetransition for hexagonallattices occurs at [3]:

F

RP
G = F— ®3)
23
The phasetransition law for squarelattices is:
Frax RP
G? = = — 4
=P 4

Neither law dependson the number of robots N, and the di®erencein the
denominators re°ects the di®erencein hexagonaland square geometries.There
are seweral usesfor these equations. Not only can we predict the value of G;
at which the phasetransition will occur, but we can also use G; to help design
our system. For example, a value of G ¥, 0:9G; yields the best liquid formation,
while a value of G ¥ 1:8G; Y4 Gopt yields the best solid formations.

As mertioned before, liquids are especially interesting for their ability to
°ow through obstacle "elds, while retaining their connectivity. Figure 3 illus-
trates how a\square" liquid formation movesthrough the sameobstacle eld as
before.In comparisonwith the solid formation shovn above, far more deforma-
tion occurs as the liquid movesthrough the obstacles.However, the movemert
is quicker, becausethe liquid doesnot have to maintain the rigid geometry of
the solid. Despite this, connectivity is maintained. One can easily imagine a sit-
uation where a formation lowers G to move around obstacles,and then raisesG
to \re-solidify" the formations after the obstacleshave beenavoided.

Gases: The primary motivation for gasbehavior is regional coverage,e.qg., for
surveillance and sweeping. For stealth it is important for individual robots to
have an elemen of randomness,while the emergen behavior of the collective is



Fig. 3. A liquid formation movesthrough the sameobstacle eld towards the goal. Far
more deformation occurs, but connectivity is maintained.

still predictable. Furthermore, any approad must be robust in the face of robot
failures or the addition of new robots. The AP algorithm for surveillance is
simple and elegan { agens repel eac other, and are also repelled by perimeter
and obstacle boundaries, providing uniform coverage of the region. If robots
are added/destroyed, they still seard the enclosedarea, but with more/less
virtual \pressure" [6]. An interesting phasetransition for this system depends
on the value of G. When G is high, particles 1l the corridor uniformly, providing
excellert on-the-spot coverage.When G is low, particles move toward the corners
of the corridor, providing excellert line-of-sight coverage.Depending on whether
the physical robots are better at motion or sensing,the G parameter can be
tuned appropriately.

Currently we are investigating the more dixcult task of \sweeping" a region,
while avoiding obstacles. This task consists of starting a swarm of robots at
one end of a corridor-lik e region, and allowing them to travel to the opposite
end, providing maximum coverage of the region in minimal time. A goal force
causesthe robots to traversethe corridor length. As they move, robots must
not only avoid obstacles,but they must also sweepin behind the obstaclesto
minimize holesin the coverage.One obvious tradeo®is the speedat which the
robots move down the corridor. If they move quickly, they traversethe corridor
in minimal time, but may move too quickly to sweepin behind obstacles.On
the other hand, excellert sweepingability behind obstaclescan signi cantly slow
the swarm. What is required is a Pareto optimal solution that balancessweeping
ability with traversal speedVy ayersal -

To addressthis task we modi ed our standard AP algorithm to employ a
more realistic gas model that has Brownian motion and expansion properties
[9]. The collective swarm behavior appearsas Brownian motion on a small scale,
and as a directed bulk movemern of the swarm when viewed from a macroscopic
perspective. The expansionproperties provide across-corridorcoverageand the
ability to sweepin behind obstacles.An analogy would be the releaseof a gas
from the ceiling of the room that has an atomic weight slightly higher than the



normal atmosphere. This gas drifts downward, moving around obstacles, and
expanding back to cover the areasunder the obstacles.

Fig. 4. These three "gures depict a sweep of a swarm of robots from the top of a
corridor to the bottom.

As mertioned above, speed of movemert down the length of the corridor
is governed by Vi aversal - HOwever, the expansion properties (acrossthe corri-
dor width) are governed by a temperature parameter T, which determinesthe
expected kinetic theory speed[9]:

(®)

where k is Boltzmann's constart. Note that hvi is an emergen property of
the system{ ead robot can cortinually changeits velocity, basedon \virtual"
robot/rob ot, robot/obstacle, and robot/corridor collisions. The net e®ectis to
provide a stochastic componert to ead robot, while maintaining predictable col-
lective behavior. The resultant velocity of ead robot dependson both Vi ayersal
and hvi. In other words, although the speed of the swarm is predictable, the
individual robot velocities are not. This is especially valuable for stealthy surveil-
lance.

Figure 4 illustrates the compromisebetweentraversalspeedand the quality of
the sweep, providing e®ective coveragein reasonabletime, with the exception of
small gapsbehind the obstacles.Numerous experiments with di®erert corridors
con rm this e®ectivenessin simulation [10].



3.2 Results with Rob ots

The current focus of this project is the physical embodiment of AP on a team
of robots.

For our experiments, we built sewen robots. The \head" of eat robot is a
sensorplatform usedto detect other robots in the vicinity. For distance infor-
mation we use Sharp GP2D12 IR sensors.The headis mounted horizontally on
a seno motor. With 180° of servo motion, and two Sharp sensorsmounted on
opposite sides, the head provides a simple \vision" system with a 360° view.
After a 360° scan,object detection is performed. A st derivative Tter detects
object boundaries, even under conditions of partial occlusion. Width TTters are
usedto ignore narrow and wide objects. This algorithm detects nearby robots,
producing a \rob ot" list that givesthe bearing/distance of neighboring robots.

Once sensingand object detection are complete, the AP algorithm computes
the virtual force felt by that robot. In response,the robot turns and movesto
someposition. This \cycle" of sensing,computation and motion corntin uesuntil
we shut down the robots or they run out of power. Figure 5 shavs the AP code.
It takesa robot neighbor list asinput, and outputs the vector of motion in terms
of a turn and distance to move.

To ewvaluate performancewe ran two experiments. The objective of the rst
experiment wasto form a hexagon.The desireddistance R betweenrobots was
23 inches. Using the theory, we chosea G of 270 (p = 2 and Fnax = 1). The
beginning con guration wasrandom. The results werevery consister, producing
a good quality hexagonten times in arow and taking approximately sewen cycles
on average.A cycle takes about 25 secondsto perform, almost all of which is
dewoted to the scanof the ervironment. The AP algorithm itself is extremely fast.
A new localization technology that we are developing will be much faster and
will replacethe current scantechnique. For all runs the robots were separated
by 20.5to 26 inchesin the "nal formation, which is only slightly more error than
the sensorerror.

The objective of the secondexperiment wasto form a hexagonand then move
in formation to a goal. For this experiment, we placed four photo-diode light
sensorson ead robot, one per side. These produced an additional force vector,
moving the robots towaBi§a light source(a window). The magnitude of the goal
force must be lessthan © 3G=RP for cohesionof the formation to be maintained
[11]. The results, shovn in Figure 6, were consistert over ten runs, achieving
an accuracy comparableto the formation experiment above. The robots moved
about onefoot in 13 cyclesof the AP algorithm.

In conclusion, the ability to set system parameters from theory greatly en-
hancesour ability to generatecorrect robotic swarm behavior.

4 Discussion and Outlo ok

This paper has summarized our framework for distributed cortrol of swarms of
robots in sensornetworks, basedon laws of arti cial physics (AP). The moti-
vation for this approad is that natural laws of physics satisfy the requiremerts



void ap() {

int theta, index = 0;

float r, F, fx, fy, sum_fx = 0.0, sum_fy = 0.0;
float wvx, vy, delta_vx, delta_vy, delta_x, delta_y;
vx = vy = 0.0; /[ Full friction.

/I Rowi of robots[][] is for the ith robot located.

/I Column 0/1 has the bearing/range to that robot.
while ((robots[index][0] I= -1)) { // For all neighboring robots do:
theta = robots[index][0]; /l get the robot bearing
r = robots[index][1]; /I and distance.
if r >15 * R) F=0.0; // If robot too far, ignore it.
else {
F=G/ (r *r), /I Force law, with p = 2.
if (F > F_MAX)F = F_MAX;
if (r <R)F=-F [/l Haseffect of negating force vector.
}
fx = F * cos(theta); /I Computex component of force.
fy = F * sin(theta); /I Computey component of force.
sum_fx += fx; /I Sumx components of force.
sum_fy += fy; /I Sumy components of force.
index++;
}
delta_vx = delta_T*sum_fx; // Changein x component of velocity.
delta_vy = delta_T*sum_fy; // Changein y component of velocity.
vxX = vx + delta_vx; /I Newx component of velocity.
vy = vy + delta_vy; /I Newy component of velocity.
delta_x = delta_T*vx; /I Changein x component of position.
delta_y = delta_T*vy; /I Changein y component of position.
/I Distance to move.
distance = (int)sqrt(delta_x*delta_x + delta_y*delta_y);
/I Bearing of movement.
turn = (int)(atan2(delta_y, delta_x));
/I Turn robot in minimal direction.
if (delta_x < 0.0) turn += 180; }
Fig. 5. The main AP code, which takesas input a robot neighbor list (with distance

and bearing information) and outputs a vector of motion.



Fig. 6. Sewen robots self-organizeinto a hexagonal formation, which then successfully
moves towards a light source (a window, not the re°ection of the window). Pictures
taken at the initial conditions, at two minutes, fteen minutes, and thirt y minutes.

of distributed cortrol, namely, self-organization, fault-tolerance, and self-repair.
The results have beenquite encouraging.Weillustrated how AP canself-organize
hexagonaland squarelattices. Results showing fault-tolerance and self-repairare
in [1]. We have also summarizedsimulation results with dynamic multi-agent be-
haviors such as obstacle avoidance, surveillance, and sweeping. This paper also
outlines seweral physics-basedanalysesof AP, focusingon potential energy force
balanceequations, and kinetic theory. These analysesprovide a predictive tech-
nique for setting parametersin the robotic systems.Finally, we have shovn AP
on a team of seven mobile robots.

We consider AP to be one level of a more complex control architecture.
The lowest level cortrols the movemen of the robots. AP is at the next higher
level, providing \w ay points" for the robots, as well as providing simple repair
mechanisms. Our goal is to put as much behavior as possibleinto this level, in
order to provide the ability to generatelaws governing important parameters.
Howewer, levels above AP are neededto solve more complex tasks requiring
planning, learning, and global information [12].

5 Future Work

Currently, we are improving our mecanism for robot localization. This work is
an extension of Navarro-Sermen et. al. [13], using a combination of RF with
acoustic pulsesto perform trilateration. This will distinguish robots from ob-



staclesin a straightforward fashion, and will be much faster than our current
\scan" technique.

We alsoplan to addressthe topic of optimalit y, if needed.lt is well understood
that potential "eld (PF) approacescan yield sub-optimal solutions. SinceAP is
similar to PF, similar problemsarisewith AP. Our experiencethus far indicates
that this is not a crucial concern,especially for the tasksthat we have examined.
Howewer, if optimalit y is required we can apply new results from cortrol theory
to design force laws that guarantee optimality [14,15]. Although oscillations of
the formations do not occur, excessmovemert of the robots can occur due the
fact that the force law F = Gm;m;=rP is not zero at the desired separation
distance R. Current work using an alternativ e force law basedon the Lennard-
Jones potential, where the magnitude of the force is negligible at the desired
separation, greatly minimizes this motion.

From a theoretical standpoint, we plan to formally analyze other important
aspectsof AP systems.This analysiswill be more dynamic (e.g., kinetic theory)
than the analysis preseried here. We also intend to expand the repertoire of
formations, both static and dynamic. For example, initial progresshas been
madeon deweloping static and dynamic linear formations. Many other formations
are possiblewithin the AP framework. Using ewolutionary algorithms to create
desiredforce lawsis oneintriguing possibility that we are currently investigating.
We summarize one preliminary experimert here.

5.1 Evolving Force Laws for Surv eillance

This task consistsof an ervironment with areasof forest and non-forest. The goal
is for a swarm of MAVs to locate tanks on the ground. Tanks are hidden from the
MAVs if they are in the forest. Each MAV has a target sensorwith a small "eld
of view for locating the tanks (with probability of detection Py), and a foliage
sensorwith a larger “eld of view for detecting forest below it. The ervironment
is shawn in Figure 7 with three MAVs. The smallest circle represerts the target
sensor.The next largest circle represerts the foliage "eld of view. Each MAV
acts asif it were cortained in a \bubble" that hasa certain radius (depicted as
the outer circle). If the bubbles of two MAVs are separatedfrom ead other, the
MAVs are attracted to one another. If the bubbles overlap, they are repelled.
The optimum MAV separation occurs when the bubbles touch.

A geneticalgorithm is usedto 'nd the optimum bubble radius, aswell asthe
G, p, and Fhax parametersof the force law. We generatedone ervironment with
100 tanks, 25% forest coverage,20 MAVs, and P4 = 1. The GA "tness function
wasthe percertage of tanks seenwithin 3000time steps.In this \training" phase
the GA was usedto ewlve a force law, that when used by all MAVs, created
perfect coverage(all tanks were seen).

Testing consistedof generating other environments and performing ablation
studies. First, nine other environments were created with the same parameter
settings. The MAVs had no ditcult y "nding all tanks. Next, the percertage of
foliage was systematically changedfrom 0% to 90%in incremerts of 10%. In all
casesthe MAVs found all tanks. Finally, two ablation studies were performed.



Fig. 7. The surveillance environment, showing areas of forest, three MAVs, and 100
tanks. The triangle represens a tank that has not yet beenseenbut is visible, the +
represerts a tank that has been seenand is visible, the £ represerts a hidden tank
that has not been seen,and the j represerts a tank that is currently hidden but has
been previously seen.

First, the number of MAVs was reduced from 20, to 15, to 10, and then to 5.
The results were quite robust; performance only su®eredwhen the number of
agerts wasreducedto 5. Second,we alsoloweredthe probability of detection Py
from 1.0, to 0.75,to 0.5, and then to 0.25. Again, the results were quite robust,
shawing negligible performancedrops (seeFigure 8).

In summary, the results are extremely promising. Using only one training
ervironment, the GA ewlved a force law that shawved surprising generality over
changesin the ervironment, the number of MAVs, and the quality of the target
detection sensor.

6 Related Work

Most of the swarm literature canbe subdivided into swarmintelligence, behavior-
basel, rule-based, control-theoretic and physics-lasel techniques. Swarm intel-
ligence techniques are ethologically motivated and have had excellert success
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Fig. 8. The number of tanks found as the number of MAVs is reduced (left graph).
The number of tanks found as the probabilit y of detection (P4) of the target sensoris
reduced (right graph). The number of visible tanks is 73.

with foraging, task allocation, and division of labor problems[16]. In Beni et. al.
[17,18], a swarm distribution is determined via a system of linear equations de-
scribing di®erenceequationswith periodic boundary conditions. Behavior-based
approaces[19,20,21,22] are alsovery popular. They derive vector information in
afashionsimilar to AP. Furthermore, particular behaviors such as\aggregation”
and \disp ersion" are similar to the attractiv e and repulsive forcesin AP. Both
behavior-based and rule-based (e.g., [23]) systemshave proved quite successful
in demonstrating a variety of behaviors in a heuristic manner. Behavior-based
and rule-basedtechniques do not make use of potential “elds or forces.Instead,
they deal directly with velocity vectorsand heuristics for changing those vectors
(although the term \p otential "eld" is often usedin the behavior-based litera-
ture, it generally refersto a “eld that di®ersfrom the strict Newtonian physics
de nition). Control-theoretic approaceshave also beenapplied e®ectiely [14].
Our approac doesnot make the assumptionof having leadersand followers[24].

One of the earliest physics-basedtechniquesis the potential "elds (PF) ap-
proach (e.g., [8]). Most of the PF literature dealswith a small number of robots
(typically just one) that navigate through a "eld of obstaclesto get to a target
location. The environment, rather than the agerts, exert forces.Obstaclesexert
repulsive forces, while goals exert attractiv e forces. Recerily, Howard et al. [2]
and Vail and Veloso[25] extended PF to include inter-agert repulsive forces{
for the purposeof achieving coverage. Although this work was developed inde-
pendenly of AP, it atrms the feasibility of a physicsforce-basedapproac. The
sacial potential “elds [26] framework by Reif and Wang is highly related to AP,
in that they rely on a force-law simulation similar to our own. We plan to merge
their approad with ours.
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