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ABSTRACT. We consider the problem of maximizing the total conneiti¥or a set of
wireless agents in a mobile ad hoc network. That is, givert afseireless units each hav-
ing a start point and a destination point, our goal is to deiige a set of routes for the units
which maximizes the overall connection time between themowh as thecOOPERATIVE
COMMUNICATION PROBLEM IN MOBILE AD HOC NETWORKS(CCPM), this problem has
several military applications including coordination escue groups, path planning for
unmanned air vehicles, and geographical exploration amgttaecognition. TheecpPm

is N'P-hard; therefore heuristic development has been the mafarsfof research. In
this work, we survey thecpmMexamining first some early combinatorial formulations and
solution techniques. Then we introduce new continuous fitations and compare the re-
sults of several case studies. By removing the underlyiaghysstructure, we are able to
create a more realistic model of the problem as supportetéopumerical evidence.

1. INTRODUCTION

Research in the area of cooperative networks has surgedentrgears [5, 6, 17, 22].
This particular branch of telecommunications is leadingway for future technologies
and the development of new network organizations [25]. Ini@aar, so-callednobile
ad hoc network§MANETS) are at the forefront of the work in autonomous caagiee
networks [10]. MANETSs are comprised of a set of loosely cedmgents which commu-
nicate via a shared radio channel with other agents withipegified range. The unique
feature of MANETS that separates them from traditionalutet! networks is the fact that
the topology of MANETS is dynamic. That is, with each movet&fithe agents, a new
topology is established.

The lack of a pre-established infrastructure is an attradgature of MANETS. They
are particularly useful in situations where communicatsequired, but no fixed telecom-
munication system exists. MANETS are also helpful when @fetobile users need to be
in constant contact with each other. Specific examples dectitombat search and rescue
teams, and medical teams. In the wake of disasters such testtbast attacks of Septem-
ber11, 2001, and Hurricane Katrina, the nation saw first hand that comoation among
the emergency responders was critical to the success oésbae operations.

Most cooperative networks require coordination among tloeg of users in order to
accomplish the objective. The coordination of the systemallg depends on communi-
cation being guaranteed amongst the agents. In typical adhétwvorks, bandwidth and
communication time are very limited resources. Therefoesee that the lack of a central
command center for MANETS, while appealing from a distréaliperspective, does lead
to several problems in terms of routing, communication, gauth-planning [4, 8]. Perhaps
the most important among these, and the focus of this chaptire study of communi-
cation models in the network. In particular, we study thebjem of coordinating a set of
wireless agents involved in a task that requires them tetfaom a source location to a
destination. The objective is to determine the paths, ¢edtaries for the agents which
maximizes the connectivity between them subject to coimran the initial and final
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configurations, and several limitations on the movementh®fagents [23]. This prob-
lem is known as th&&e OOPERATIVE COMMUNICATION PROBLEM IN MOBILE AD HOC
NETWORKS (ccPM), and is known to beV"P-hard [16]. In the next section, we review
the currently existing work on thecpm, which is primarily focused on heuristics for the
problem posed as a discrete optimization problem.

The organization of this chapter is as follows. In Sectiong, provide the problem
formulation for theccPm. Then in Section 3 we present a review of the previous work
in the area of communication in cooperative networks. IntiSeet,we derive two mixed
integer formulations for thecpmusing the combinatorial problem as a guide. We provide
some preliminary numerical results in Section 5 and discusslusions and directions of
future research in Section 6.

2. PROBLEM FORMULATION

Consider an undirected gragh= (V, E), whereV = {vy,vq,...,v,} represents the
set of available positions for the wireless agents. Eaclenod is assumed to be con-
nected only to nodes that can be reached in one time stepl tegiresent the set of agents,
S = {s1,82,...,5y} € V the set of initial positions, an®® = {dy,ds,...,djy |} €V
the set of destination positions for the agents. Furtheemlet N (v) C 2V, forv € V,
represent the set of neighbors, or nodes, which are adjazantev. Given a time hori-
zonT, the objective of the problem is to determine a set of roudeshfe agents, such that
each agent; € U starts at source node and finishes at its respective destination néde
after at mosfl" units of time [10].

For each agent € U, the functionp, : U — V returns the position of the agent at
timet € {1,2,...,T}. Then at each time instantan agent: € U can either remain in
its current location, i.ep;—1 (u), or move to a node itV (p; 1 (u)).

We can represent a route for an agert U as a patP = {v1,vs,...,v;} C V where
V1 = Sy, Uk = dy, and, fori € {2,... k}, v; € N(v;—1) U {v;}. Finally, if {Pi}yi‘l is
the set of trajectories for the agents, we are given a casreipg vectorL such that’; is
a threshold on the size of pafh. This value is typically determined by fuel or battery life
constraints on the wireless agents.

We assume that the agents have omnidirectional antennathaintivo agents in the
network are connected if the distance between them is lesssibme radius € R. The
particular value of- is determined by the capabilities of the wireless equipmanth as
the antenna strength and power amplifier. More specifidally, : V' x V' — R represent
the Euclidean distance between a pair of nodes in the grdamn, Tve can define a function
¢:V xV —{0,1} such that

L if 6(pe (ui), pe(uy)) < v
0, otherwise

c(pe(ui), pe(uy)) = { 1)

With this, we can define thecpPm as the following optimization problem as given by
Commander et al. [10]:

T
max Y e(pi(u),pe(v)) )
t=1 u,velU
s.t. ié(vj,l,vj) Sﬁu V,Pi:{vl,’UQ,...,’Um} (3)
=2
pi(u)=s, YueU (4)
pr(u)=d, Vuel, (5)

where constraint (3) ensures that the length of each Patis less than or equal to its
maximum allowed lengtit’;.
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It has been determined [23] that the problem described alsoVéP-hard. This can be
shown by a reduction from the well knowis 8T problem. Moreover, it idvV"P-hard even to
find an optimal solution for one stage of the problem at a giiraa¢. To see this, consider
an algorithm that maximizes the number of connections at tjy defining the positions
for members of the network. Run this algorithm for differeatsU?, with |U?| = i and
1 varying from1 to T'. Then the algorithm stops when the number of connectioress |
then (;) and the value returned is- 1; clearly, the algorithm described above computes
the value of the maximum clique on the underlying unit gra@jh However, computing
optimal solutions for thenAXIMUM CLIQUE PROBLEM oOn a unit graph is known to be
NP-hard [7].

Due to the computational complexity of the problem, reaHdidnstances cannot be
solved exactly. Therefore, we turn our attention to the gtesind implementation of ef-
ficient heuristics to solve large-scale instances withasomable computing times. In the
following section, we review the recent work in this area aedcribe the implementa-
tion of the first advanced metaheuristic for thepm based on the Greedy Randomized
Adaptive Search Procedure [26].

3. PREVIOUSWORK

Since the introduction of thecpm by Oliveira and Pardalos [23], heuristic design has
been a major focus [9, 10]. In [10], the authors introducedrstruction heuristic for the
ccpPM based on shortest paths [1]. The goal was to provide a way itklgwcalculate
sets of feasible trajectories for the agents. Pseudo-aodéis algorithm is provided in
Figure 1. The procedure takes as input an instance of ttrav consisting of the graph
G, the set of agent§, source nodes, destination node®, and a maximum travel time
T'. The total number of connections)(represents the value of the objective function from
equation (2) and is initialized to zero. The set of trajee®for the agentss@l ut i on)
is initialized to the empty set. In lin& we compute the shortest source-destination path
for each agent using the Floyd-Warshal algorithm [15, 27%r &ach agent € U, the
corresponding shortest path is assigned as the trajeBofgr the agent. The trajectory
is feasible if agent is able to reach its destinatiafj in at mostT" time units. Any agent
which reaches its target location in less tlfatime steps will remain there until all other
agents reach their respective destinations. If any pathféasible, the algorithm termi-
nates. Otherwise, the number of connections is updatedhenprocess repeats until all
agents have been considered.

procedure ShortestPath(G, U, S, D, T)
c+—20
sol ution« @
Compute all shortest patl8(s;, d;) for each pair(s;,d;) € S x D
for i =1to|U| do
Pi — SP( Si, dz)
if length of P, > T then
returng
ese
sol ution«<solutionUu®p,
C < C + new connections generated By
end
12 end
13 return(c, solution)
end procedure ShortestPath

© 0y oUW N

e
= O

FIGURE 1. Pseudo-code for the shortest-path construction h&urist
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The aforementioned algorithm provides feasible solutifmmsnstances of thecpm
in O(|V|?) time. However, the trajectories calculated are not guarhto be locally
optimal, let alone globally optimal. Therefore, a localgtgorhood search enhancement
was applied. In general, a local search method receivessibfeaolution as input and
returns a solution that is guaranteed to be optimal witheessip the given neighborhood
structure. LetS be the set of feasible solutions for an instadt®f the ccPm. Then
for somes € S the neighborhood of, denoted\/(s), can be defined as the set of all
solutionss’ € S that differ froms in exactly one route. Notice that the number of feasible
paths between any source-destination pair is exponeatidicould lead to unreasonable
computation times. Therefore instead of exhaustivelycteag the entire neighborhood
the authors probe onlil/| neighbors at each iteration (one for each source-desimati
pair). Also, because of the exponential size of the neigimal, the maximum number of
iterations performed was limited to a constdaix| t er .

Pseudo-code for the local improvement heuristic can be seBigure 2. Letf rep-
resent the objective function for thecPm as given in equation (2) above. New routes
are computed using a randomized version of the standarti-diegttsearch (DFS) [1]. As
mentioned in [10], at each step of the randomized DFS, the setbcted to explore is
uniformly chosen among the available children of the currere. Randomization helps
to find a route that may improve the solution, while avoidiming trapped at a local op-
timum after only a few iterations. The local search is a saaddill-climbing method.
Beginning with the feasible solution from the shortest padhstructor, the local search
begins computing new trajectories for the agents by usiagahdomized DFS to explore
the neighborhood as described above. The method iterateslbthe agents and repeats a
total of Max| t er iterations after which the current best solution is deeroedlly optimal
and returned.

procedureHillClimb(solution)
Cc < f(sol ution)
whilesol ut i on not locally optimaland i t er < Maxlter do
for i =1to|U| do
sol ution«solution)\ {P;}
,PZ/ — DFS(SZ'7 dz)
c' « f(solutionuwP;)
if length of P; < T'andc’ > c then
c«¢cC’
iter —0
else
Restore pattP;
end
end for
14 iter —iter+1
15 end while
16 return (sol ution)
end procedureHillClimb

© 0 OU e W N =

B e
N = O

=
w

FIGURE 2. Pseudo-code for the Hill Climbing intensification procesl

The two aforementioned heuristics can be combined into apass heuristic for the
ccpMmas shown in Figure 3. Using this method, locally optimal Sohs can be efficiently
computed inD(max{n3, kTu?m}) time, wherel is the time horizony = |U|, n = |V|,

m = |E|, andk = MaxIter is the maximum number of iterations allowed in the local
search phase.

We now describe the implementation of a more advanced raizédmulti-start heuris-
tic for the ccpm based on the Greedy Randomized Adaptive Search ProcedB&SE)
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procedureOnePass(G,U, S, D, T)

1 sol ution« ShortestPath(G,U,S,D,T)
2 sol ution« HillClimb(sol uti on)

3 return(sol ution)

end procedure OnePass

FIGURE 3. Pseudo-code for the one-pass heuristic.

[26] framework. GRASP is a two-phase metaheuristic for cioratorial optimization that
aims to find very good solutions though the controlled useaofilom sampling, greedy
selection, and local search. GRASP has been used extgnisivible last decade on nu-
merous optimization problems and produces excellentt®supractice [14]. LetF' be
the set of feasible solutions for the a probl&imwhere each solutiof € F' is composed
of k discrete components, . .., ax. GRASP constructs a sequenice}; of solutions for

11, such that eacly; is feasible forll. At the end, the algorithm returns the best solution
found.

procedure GRASP(MaxIter)

1 XT—0

2 fori=1toMaxIter do
3 X « ConstructionSolution(G, g, X)
4 X « LocalSearch(X,MaxIterLS)
5 if f(X) > f(X") then
6 X=X
7 end

8 end

g return X~

end procedure GRASP

FIGURE 4. GRASP for maximization.

Pseudo-code for the GRASP is provided in Figure 4. Noticedheh GRASP solution
is built in two stages, calledreedy randomized constructi@md intensificationphases.
The construction phase receives as parameter an instatiee foblem, a ranking func-
tiong : A(S) — R (whereA(S) is the domain of feasible components . . ., a; for a
partial solutionS), and a constarii < o < 1. It starts with an empty partial solutiof.
Assuming thatA(S)| = I, the algorithm creates a list of the best rankédomponents in
A(S), and returns a uniformly chosen elemeritom this list. The current partial solution
is augmented to include, and the procedure is repeated until the solution is feasild.
until S € F.

The intensification phase consists of the implementatiom lofl-climbing procedure.
Given a solutionS € F, let N(S) be the set of solutions that can found fréhiby chang-
ing one of the components € S. Then, N(S) is called a neighborhood of. The
improvement algorithm consists of finding, at each stepetementS* such that

S* = argmax f(S'),
S'eN(S)
wheref : F' — R is the objective function of the problem. At the end of eadpstve
assignS «— S*if f(S) > f(S*). The algorithm will converge to a local optimum, in
which case the procedure above will generate a soluffosuch thatf(S*) > f(.5) for
eachS € N(S*).

To apply GRASP to thecrPMm, we need to specify the sdt, the greedy function, the

parametery, and the neighborhool¥ (S), for S € F. The components of each solution
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S are feasible moves of a member of the ad hoc network from a nddea nodew <
N(v) U {v}. The complete solution is constructed according to thefatg procedure.
Start with a random, € U and find the shortest path from s,, to d,,. If the total distance
of P is greater tharD,,, then the instance is clearly infeasible, and the algori¢mds.
Otherwise, the algorithm considers each feasible moveasiliée move connects the final
node of a sub-pati®,, for v € U \ {u}, to another nodev, such that the shortest path
fromw to d,, has distance at mo#,, — > dist(e). The set of all feasible movesin a
solution is defined ad(.5).

The greedy functiog returns for each move id(.5) the number of additional connec-
tions created by that move. As described above, the cotistnyarocedure will rank the
elements of4(.5) according tog, and return one of the best- |A(S)| elements. This is
repeated until a complete solution for the problem is oletzin

The improvement phase is defined by the perturbation fumctidich consists of se-
lecting a wireless agent € U and rerouting it, i.e. finding a complete path using the
procedure described above for each time dtép7". The set of all perturbations of a so-
lution S is its neighborhoodV(.S). At each step, all elements € U are tested, and the
procedure stops when no such elememiat improves the current solution can be found

[9].

ech,

4. CONTINUOUS FORMULATIONS

In this section, we present continuous formulations oftbem[2]. These formulations
will provide a more realistic scenario than the discretefalation provided above, in that
movementis not restricted to a discrete set of positionswiNessume that the agents are
operating in a battlespaa® C R¢, whereQ is a compact, convex set with unit volume
and the Euclidean norf- ||, in R%. For our purposes, we are going to consider the planar
case, i.e.d = 2, with the understanding that extensions to higher dimerssare easily
achieved. Suppose there arewireless agents in the ad hoc network. Theagents are
assumed to be omnidirectional and are modeled as point madéeallow the agents to
move freely withinQ at some bounded velocity.

4.1. Formulation 1: A ContinuousAnalog of CCPM-D. In orderto derive a continuous
formulation, we need to to define an objective function tkatansistent with that of the
discrete formulation. LeR;; be the communication constant for agentsnd j. That
is, R;; is the radius of communication for the two agents. One ptessibjective is to
maximize theHeaviside functiondefined as

Lf [|E(2)" = Z()7[]2 < Ryj

O, if ||f(lf)Z — f(t)jHQ > R” (6)

B[Ry — 170 — 07 11] = {

A graphical representation df; is displayed in Figure 5. While this function will work
as an obijective, it is very extreme in the sense that therelasga jump from perfect
communication at distances less than or equdttoto no communication as soon as the
distance becomes larger th&%;. A more desirable function is one that approximatis
but degrades in a continuous fashion from perfect to no conmication.

We consider two alternatives @, . The first is a piecewise continuous, linear function
defined by

1, if |2 — &[] < Ry
. i i =) . . i
Ha[Rij — |7 - Zll2) = {2- W_, if Ry <||7; — @[l <2Ry;  (7)
0, if |7} — @|]2 > 2Ry;.



COMMUNICATION MODELS FOR COOPERATIVE NETWORKS 7
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FIGURE 5. The Heaviside function{;.
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FIGURE 6. H,, continuous approximation td;.

This function, whose graph is provided in Figure 6, has aevagual to one if agents
i andj are within the communication radius;; of one another. The function then de-
creases constantly until the agents have distadtg, at which time they are unable to
communicate.

The third and final objective function we will consider is antiauously differentiable
decreasing function of the distance between ageatsdj. This function, displayed in
Figure 7, is defined by

P o 7(\\53;1\\2)2
H3[||xt «Tt||2,R”] = € ij (8)
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e N~
"‘ﬂi.?‘ 'Yff‘

FIGURE 7. Hj3, continuously differentiable approximation &f .

This is perhaps the best approximatiorthf in that it can be interpreted as the probability
of agents andj directly communicating as a function of the distance betwteem.

Now that we have found a suitable objective function we cédindehe remaining pa-
rameters and constraints of the problem. E&ft) be the position of agentat timet.
Similarly, let#(¢) be the velocity of agentat timet. The relationship between velocity

and position is the standard one, giveni#yt) = d””;t(t). In order to formulate the con-
tinuous time analog of thecpPm, we must constrain the maximum speed of each agent.
This is the continuous time analog of the constraints on thrimum distance traveled in
the discrete formulation, between any two time steps; & R? is the starting position of
agenti, andd; € R? is the destination point of agentthen we can formulate theon-
TINUOUS COOPERATIVE COMMUNICATION PROBLEM ON MOBILE AD HOONETWORKS

(ccpm-C) as follows.

T

max / S H[[17(t) — 7 ()] ]2, Rey] )
0 i<y

s.t.
F0)=s;, Vi=1,.... M (10)
F(T)=d;, Vi=1,...,.M (11)
T < Vi, Vi=1,...,M,t€[0,T] (12)
Ft)eR?, Vi=1,...,M,tc[0,T] (13)

The above formulation provides a set of trajectories alomichvthe agents can be
routed in order to ensure that the communication betwean thenaximized. Clearly, if
the agents remain in a tightly coupled formation then comigation will be maximized;
however, unlike the discrete version of the problem in whtah vertices of a graph had
to be traversed, in a continuous setting this problem igivelg easy and worse yet, not
very interesting. Alternatively, consider a set of UAVsahxed in a search-and-rescue or
reconnaissance mission. For obvious reasons, missiofmssodrt generally require the
UAVs to traverse a large portion of the battlespace befaieiag at their destinations. In
this case, the above formulation is not helpful. With thigrimd, we move on to develop
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a second continuous formulation which not only maximizesdbmmunication between
the agents, but also maximizes the coverage of predefinezhsegf the battlespace.

4.2. Formulation 2: A Continuous M ultiobjective Formulation. In the following para-
graphs, we derive a second continuous formulation whichaguees that certain locations
will be visited by the UAVs as they traverse the battlespaoenftheir sources to their
respective destinations. Previous work on target visiteiroblems appear in [3]. Once
again, we are considering a set f UAVsS. We keep the assumption that tita UAV
starts at a positior; = (s;z, siy), at time0, and ends at positioh, = (d;, d;;), at time
T. Theith UAV, at timet € [0, T, has positionz®(t) = (z;(t), v:(t)). Assume that the
following holds:

iﬂ(t) S [xlowaxhigh] X [ylowayhigh] Vi= 17 .. -aMa te [OaT]

Furthermore, assume that there existpositions in the domain, each of which must
be visited by at least one UAV in the time intenj&l 7). These positions are given by
Q; = (z,y;), foreachj =1, ..., J. Lastly, theith UAV has a minimum and maximum
speed given by"" andea* for eachi = 1,. .., M, respectively.

In order to implement a solution technique in a digital cotepuwve make use of the
L1-norm as a measure of the distance between two points anetiliecthe time domain
into p equal time stepsi\t = T/(p—1). Lett, = kAt, foreachk =0,...,p—1. Thus
the position of theth UAV at time stepk is given by#(tx) = (x;(tx),vi(tx)), for each
i1=1,...,M,andforeactk =0,...,p— 1.

Then the problem, which is denoted@€PM-C, can be written as:

p—1
min Z Z[lxil (tk) — Liy (tk)l + |yi1 (tk) — Yiy (tk)u (14)
11 <io k=0
S.t.
xi(O):siw, yi(O)ZSiy, Vizl,...,M (15)
,Ti(T)Zdim, yl(T)Zdw, Vizl,...,M (16)
. 1 .
v wi(te) — 2i(te—1)| + |ya(tr) — vi(te—1)|] V1,
Vhk=1,....,p—1 (17)
. 1 )
€G> A7 [ (tr) — @i (te—1)] + |ya(tr) — yi(te—1)]] V4,
VE=1,...p—1 (18)
Bigie [|lzi(tr) — Z;| + lya(te) — 751] =0Vi, Vje JVE (19)
M p—1
S Bk =1V (20)
i=1 k=0
Tiow < Ti(tk) < Thigh  Yiow < Yi(tk) < Ynigh Vi, VK (21)
ﬁijk S {0, 1} Vi, Vj, YV k. (22)

Theorem 1. The above formulation foECPM-C is correct.

Proof. Clearly, the objective function minimizes the pairwisedises between the agents.
Thus as the distance between the agents decreases, the pmamion increases. Con-
straints (15) and (16) respectively specify the startinigscand the destination points for
the agents. Together, constraints (17) and (18) bound #medspf the agents. Next (19)
and (20) ensure that at least one agent co-locates with tloésaints in the domain which
must be visited. More specifically, (19) implies that foradiintsj € J, there must be a
time when an agent occupies positiprin the constraint, this is accomplished by ensuring
the distance between the visiting agent and pgiigt 0. Constraint (20) implies that at
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least one agent must visits each pogint J. Finally, constraints (21) and (22) define the
domain of the decision variables. O

We can linearize the mixed integer programming formulatio(il4)-(22) as follows.
To begin with, replace the objective function (14) with

p—1
DD Eiiak + iriak (23)

i1 <t2 k=0
with the additional constraints

Tivigk > @y () — x4, (tg) Vin,ie = 1,0, M, iq < ig,
Vk=0,...,p—1 (24)
Tivigk = —[wiy (te) — @iy (t)] Vv iz = 1,..., M, iy < ia,
Vk=0,...,p—1 (25)
Uivick = Yiy (th) — Ya, (tr) Vv, ip = 1,..., M, iy < ig,
Vk=0,...,p—1 (26)
Jivigk = — i (tk) — yip (b)) ] Vin, iz = 1,..., M,iq < ig,
Vk=0,...,p—1 27)
Next, we replace (17) and (18) with
M < + A < e (28)
adding the constraints
aig > wi(ty) —xi(tp-1)Vi=1,..., M, Vk=0,...,p—1 (29)
e > [wz(tk)—xi(tk_l)}Vz’zl,...,M,szO,...,p—l (30)
aie > yilty) —yiltk—)Vi=1,.... M, Vk=0,...,p—1 (32)
Qi > —[yi(tk)—yi(tk,l)}Vi:l,...,M,Vk:O,...,p—l (32)

Finally, we replace (19) with

Gijk + diji =0 (33)
and add the constraints

Oij > wi(ty) — T4, Vi, Vj, Vk (34)
Oij > [9cl(t;C — xj] Vi, Vi, Vk (35)
éijk > yi(ty) — g5, ViV jVk (36)
éijk > — [yi(tk) -7 j], Vi, Vj, Vk (37)
dijk < Bijk(Thigh — Tiow), Vi, V3, VE (38)
Gij = 0,Vi, Vj, VEk (39)
Gijk < Ok, Vi, Vi, VEk (40)
Gije = O — [1 = Biji] [Thigh — Tiow], Vi, Vj, VEk (41)
Gije < Bijk(Ynigh — Yiow), Vi, ¥ j, Yk (42)
b > 0,Vi, Vi, Vk (43)
biji < Oiji, Vi, V3, Vk (44)
Gije > Oije — [1= Biji] [Ynigh — Yiow|, Vi, ¥ j, V k. (45)

Thus the problem becomes one of minimizing (23) subjecteécctinstraints (15), (16),
(20)-(22), (24)-(45). The resulting formulation is a mixeteger linear program (MILP)
and can be solved using a number of commercial software gaskaln the following
section, we present some preliminary results from one sachage, as well as providing
a discussion of the experiments.
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FIGURE 8. Example with 5 agents.

5. CASE STUDIES

.
>

1]
>
B
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[

FIGURE 9. Example with 7 agents.

We have implemented the MILP formulation of tlkePm using the CPLEXM opti-
mization suite from ILOG [13]. CPLEX contains an implemeitta of the simplex method
[18], and uses a branch and bound algorithm [28] togethdr adlvanced cutting-plane
techniques [21, 24].
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FIGURE 10. Example with 10 agents.

The instances were tested on grids of size 10. The set of icaed,/, to be visited
were generated uniformly at random. Three sets of coorenaere generated and each
visited by three different sets of UAVs, numbering 5, 7, afd They-coordinates of the
starting and ending positions were also randomly generatad) a uniform distribution
and thex-coordinates were assumed to be 0 and 10 respectively. €haisas were solved
making use of the MILP formulation derived above. The optistdutions were obtained
for the instances with 5 UAVs. The instances with 7 UAVs andU&Ys were stopped
at optimality tolerances of 10% and 25% respectively. A timsene of 10 units was pro-
vided as an input and the minimum and maximum speed of the WAfs 1 and 2 units
respectively.

We have provided three graphical representations of tligctaies of the agents from
each problem set. Figure 8 shows the paths traversed in dhe e€enarios containirig
agents. The movements of the agents are from left to rigitarfigure. The points which
must be visited are denoted as stars. We see that from thgingtpoints, the agents tend
to converge into a tight formation. Notice that UAV2 sepasdtom the group around point
(7,6) in order to visit three “must visit” points and arrive at itssfination. The remaining
agents travel together until they must diverge to reach thestinations.

In Figure 9 we have an example scenario contairfiraggents. As before, the agents
quickly converge to a tightly coupled formation with ageletving the group only to visit
the points inJ or arrive at their destinations. ) agent scenario is depicted in Figure 10
and similar behaviors of the agents can be observed. Fidurd$ show how the paths
of the agents change (from tH® agent scenario in Figure 10) as agents are randomly
removed from the scenario. As expected, the remaining ageatforced to spread out in
order to ensure visiting thé target points.

The results presented are very promising. Indeed, the sigghtbit the exact behavior
we would expect to see given the nature of thePM. As communication strength is
inversely proportional to distance, the convergence taangon path clearly indicates that
the UAVs are attempting to maximize the communication ansotiye group. Consider
the scenario in Figure 8. Notice that midway through the imisa very clear clustering
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FIGURE 12. Example derived from 10 agent example, with two agem®ued.
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effect can be seen as two distinct groups of agents makeahgitowards the “must visit”

points and ultimately, their destinations.
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FIGURE 13. Example derived from 10 agent example, with three agentsved.
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FIGURE 14. Example derived from 10 agent example, with four agemtsoved.
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FIGURE 15. Example derived from 10 agent example, with five agemmoved.
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FIGURE 16. Example derived from 10 agent example, with six agemmwed.
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6. CONCLUSION

In this paper, we provided a review of recent work in the arfeeooperative commu-
nication in mobile ad hoc networks. While inherently a peshlof path planning, our
formulations incorporated communication as a measureeofithess of a given solution.
We presented some discrete versions of the problem andeddrixo continuous formu-
lations, the first time this has been considered. The adgardfthe new models is that
they ensure that a specified amount of the battlespace isrexpby the agents. This
addition is important in real-world applications partiady in the areas of surveillance,
reconnaissance, and rescue operations. The preliminamgmezal results demonstrate the
effectiveness of the proposed models.

Due to the inherent complexity of the problem, future resleavill focus on continuous
heuristic techniques for the newly proposed models, simdahose found in [19, 20].
Percentile risk constraints will be incorporated into tberiulation. Commonly applied in
financial applications, risk measures such as Value-&-f4sR) and Conditional Value-
at-Risk have proven to be effective tools for military apptions as well [8, 11, 12]. We
also plan to provide some theoretical results regardingjlideay of problem instances.
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