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Abstract. Ad-hoc networks are a new paradigm for communications Bystie which wireless nodes can
freely connect to each other without the need of a pre-spec#tructure. Difficult combinatorial optimization
problems are associated with the design and operation ¢ thetworks. In this paper, we consider the problem of
maximizing the connection time between a set of mobile agenan ad-hoc network. Given a network and a set of
wireless agents with starting nodes and target nodes, fleetive is to find a set of trajectories for the agents that
maximizes connectivity during their operation. This pehl| referred to as theOOPERATIVE COMMUNICATION
ON AD-HOC NETWORKSis known to be NP-hard. We look for heuristic algorithms theg able to efficiently
compute high quality solutions to instances of large sizee phopose the use of a greedy randomized adaptive
search procedure (GRASP) to compute solutions for thislenob The GRASP is enhanced by applying a path-
relinking intensification procedure. Extensive experitaénesults are presented, demonstrating that the proposed
strategy provides near optimal solutions for ¥ instances tested.
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1. Introduction. Cooperative control has received a significant amount eh#tin by
researchers [6, 7, 21, 25]. In many situations, multipleeteg” collaborate to achieve a
shared goal. Cooperation between the agents is importamipi@ve the efficiency and ef-
fectiveness by which their goal is reached. In wireless ngtg; groups of agents are often
employed to perform a number of cooperative tasks, inclyttie synchronization of infor-
mation among a set of users and the accomplishment of mgsioemote areas. In such
situations, it is useful to maintain collaboration among élgents performing the cooperative
tasks to maximize the probability of success.

There are many applications of this described system. Tinetede situations where
communication in a region is required, but no topologicéiked transmission system ex-
ists. Specific examples include emergency/rescue opesatitisaster relief, and battlefield
operations [27]. In each of these examples the goals andtolge are fixed in advance
and communication is important for the attainment of thes#lgy The current technologies
used in these types of applications allow improved commaiitio systems that rely on ad-
hoc wireless protocols. However, it is computationallyfidifit to decide how to maintain
communication for the maximum possible time when faced Withinherent restrictions of
wireless systems.

Ad-hoc networksire composed of a set of wireless units that can communiaailgt,
without the use of a pre-established server infrastructuréhis respect, ad-hoc systems are
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fundamentally different from traditional cellular systenwhere each user has an assigned
base station which connects it to the wired telephony systenan ad-hoc network, each
client has the capacity of accessing network nodes thatiéinenits reach. This connectivity
model allows for the existence of networks without a preaefitopology, reaching a different
state every time a node changes its position. Due to thigémt&ariability, ad-hoc networks
present serious challenges for the design of efficient pod$éo The optimization of activities
in such networks is subject to the lack of global informatiBarthermore, optimal solutions
may be short-lived, due to the dynamics of the agents’ postand connectivity status.

In this paper, we study a problem involving the coordinatibwireless users involved in
a mission of tasks that requires each user to go from anlilutiation to a target location. The
problem consists in maximizing the amount of connectivityoag the set of users, subject
to constraints on the maximum distance traveled by each aserell as restrictions on what
types of movements can be performed. This problem is refdreas theCOOPERATIVE
COMMUNICATION PROBLEM ON MOBILE AD-HOC NETWORKS(CCPM) [13, 27].

TheccpPmis a path-planning problem and has numerous military apitins. For ex-
ample, suppose a force is planning a reconnaissance misgiora battle space and will be
using a set of so-called unmanned aerial vehicles (UAVs}Hirtask. It may also be re-
quired that the UAVs maintain connectivity with each othreoider to share information that
is being gathered. Before the mission begins, the missianngr could solve an instance
of the ccpmusing the knowledge of the battle space to determine a seqitohal paths for
the UAVs. In theccpPwm, a set of paths is said to be optimal if the communication betw
all pairs of agents is maximized, subject to the agentsiagiat their respective destinations
within the specified time horizon. After briefly reviewingree related work from the litera-
ture, we will provide a mathematical model of thePm and describe an effective algorithm
for solving large instances.

1.1. Related work. Ad-hoc networks represent an extremely active area of relsea
[30]. Several problems related to routing, power controtj accurate position update have
been studied in the last few years [26]. In terms of routingg of the main problems in
ad-hoc networks is the computation of a network backbone.dljective is to find a subset
of nodes with a small number of elements that can be used tbreeiting information. Such
a structure is useful to simplify the management tasks reduiy a routing protocol. The
backbone computation problem can be modeled@MNECTED DOMINATING SET(CDS)
problem. Here, the objective is to find a set of minimum sizenfiag a connected backbone,
with the additional property that each network client careclly reach this set. Thebps
problem, which can be modeled using unit graphs, has seapmbximation algorithms
[4,5, 9], all of which are based on approximation propetighe MAXIMUM INDEPENDENT
SET problem on planar unit graphs [3]. The use of optimizaticzhtéques to maximize
connectivity in ad-hoc systems was studied by Oliveira aadi&os in [27]. Until now, only
local search heuristics have been applied todbem[13].

Given the difficulty of solving thecpmM exactly, we are interested in studying the appli-
cation of metaheuristic methods for the problem. In paldicwe propose a greedy random-
ized adaptive search procedure (GRASP) fordlo@m. In addition, path-relinking [20] is
applied to increase the effectiveness of GRASP. We showthikaesulting algorithm is able
to efficiently provide high quality solutions for large seahstances of the problem.

1.2. Problem definition. An ad-hoc network is composed of a set of autonomous clients
that can connectto each other using their own wireless diétpsh This includes using scarce
resources such as computational processing and battesrpdle model this situation using
a special type of graph called a unit graph [10]. A unit greph planar graply = (V, E)
with associated positions for each nade V. In a unit graph an edge occurs between nodes
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v,w € Vif dist(v,w) < 1, wheredist : V x V — R s the Euclidean distance. Unit graphs
occur as a natural model in ad-hoc networks and are usedsipalpier to represent the set of
configurations of nodes that share connections.

Let G = (V, E) be a graph representing the set of valid positions for ndtwbents.
Suppose this graph has the property that each node is cednaaly to nodes that can be
reached in one unit of time. Therefore, the graph can be wseebresent all possible tra-
jectories of a node. Each such trajectory is a fatk= {v1,...,v;} wherev; € V is the
starting node and;, € V is the destination node. We also consider aseff wireless units,

a set of initial positionsS C V, such thatS| = |U|, and a set of destinatiod3 C V, with
|D| = |U|. We assume that, to perform its task, each wirelesswnit U starts from a
positions; € S, and ends at positio#;, € D. We are given a time limif” such that all units
must reach their destinations by tiriie

The trajectory of users in the system occurs as follows. @& V, let n(v) C V
be the set of all nodes in the neighborhoodvofi.e. the set of nodes € V such that
(v,w) € E. Letp; : U — V be a function returning the position of a wireless unit atetim
t. Then, at each time stgpa wireless uni. € U can stay in its previous positign_, or
move to one of its neighboring nodesc 7(p;—1). More formally, at time step, position
pr(u) € pi_1(u) Un(pi—1). Let {Pi}yi‘l be the set of paths representing the trajectories of
the wireless units i/ (obviously, the first node dP; is s; and its last node id;). Let L;,
fori € {1,...,|V]}, be a threshold on the total cost of p@h Definew : V x V — R to
be the weight of the edge between two nodes. Then, for eablfpat {v1,...,v,, }, We
require that

Zw(vi,l,vi) S Ll (11)
1=2

With this, we can define theOOPERATIVE COMMUNICATION PROBLEM ON MOBILE
AD-HOC NETWORKS(ccpPwM) as follows. Given a network = (V, E), a setU of wireless
agents, a sef C V of starting nodes, a sé? C V' of destination nodes, a maximum travel
time 7', and distance thresholds, fori € {1,...,|V|}, a feasible solution for thecpm
consists of a set of positions (u), fort € {1,...,T} andu € U, such that the initial
position satisfiep; (u) = s(u) for u € U, the final position i9r(u) = d(u), a set positions
given byp:(u) € pi—1(u) Un(pi—1), Yt € {2,...,T — 1}, and the inequalities in (1.1) are
satisfied. The objective is to maximize the connectivity agthe users iV over all time
steps, which is measured by

wherec : V x V. — {0,1} is a function returning 1 if and only iflist(p(u), p(v)) <

1. The reader is referred to the paper by Oliveira and Pardalgsfor additional integer
programming formulations in which other objectives aresidaered and discussed. We finish
this section by providing two results related to the compoiteal complexity of the problem.

THEOREM 1. Finding an optimal solution for an instance of tke®OPERATIVE COM
MUNICATION PROBLEM ON MOBILE AD-HOC NETWORKSIiS NP-hard. This result, due to
Oliveira and Pardalos [27], follows by a reduction framxiMuM 3-SAT [18]. We now
extend this result in the following theorem.

THEOREM 2. Consider an instance of thecPMm, with 7" as the time-horizon. Finding an
optimal solution at each time-stepe 1, T is NP-hard.
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procedure GRASP(MaxIter, RandomSeed)

1 X* 0

2 for i =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

9 return X~

end procedureGRASP

Fig. 2.1: GRASP for maximization.

Proof. We will show this result by reducingLIQUE to cCPM at an arbitrary time-step.
Recall that thecLIQUE problem is as follows. Given a gragh = (V, E) and an integer
J < |V|, doesG contain a clique, or complete subgraph, of sizer more [18]?

Consider an instance afcPm at any time step. An optimal solution is one in which
all the agents are pairwise connected. Thusyf@gents the number of connections in an
optimal solution isn(n — 1)/2. Notice that this is equivalent to finding clique @modes
of the graph. Therefore, given an instancecafQUE, by lettingJ = n, we have the result.
Thus there is a bijection between optimal configurationgefds and cliques in the gragh.

COROLLARY 1. For any instance ofccpPm, an upper bound on the optimal solution is
given by

u(u—1)

T-
2 )

(1.2)
whereT is the time horizon and = |U| is the number of agents.

Proof. This proof follows directly from Theorem 2. If all agents communicate at a
given time, then they form a clique annodes. The clique will contain(u — 1)/2 vertices
representing the communication links. If the agents mairttze clique formation over all
time steps, then the number of communication connectioh$evi

u(u —1)
2

T (1.3)

and the lemma is proved.

2. GRASP for CCPM. A greedy randomized adaptive search procedure (GRASP) [14]
is a multi-start metaheuristic that has been used widelydoige solutions for several dif-
ficult combinatorial optimization problems [17], inclugjiSATISFIABILITY [29], JOB SHOP
SCHEDULING [2], VEHICLE ROUTING [8], andQUADRATIC ASSIGNMENT [24, 28].

GRASP is a two-phase procedure which generates solutiomsgh the controlled use
of random sampling, greedy selection, and local searchalgdren problenil, let F' be the
set of feasible solutions fdil. Each solutionX € F'is composed ok discrete components
ai,...,ax. GRASP constructs a sequencE;, X,, ...} of solutions forIl, such that each
X, € F. The algorithm returns the best solution found after allatens. The GRASP
procedure is described in the pseudo-code shown in Figdre Phe construction phase
receives as parameters an instagcef the problem and a ranking functign: A(X) — R,
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whereA(X) is the domain of feasible components . . ., a; for a partial solutionX. The
construction phase begins with an empty partial solufian Assuming that A(X)| = k,
the algorithm creates a so-call@stricted Candidate LiRCL) containing thex % best
ranked components id(X). The parameter € [0, 1] - 100 can be fixed by the user or
chosen randomly. An elemente RCL is uniformly chosen and the current partial solution
is augmented to include. This procedure is repeated until the solution is feasitde, until
XePF.

Theintensification phaseonsists of a local search which could include gradienteigsc
methods, swap based methods, and even the use of other ométbg Our local search
consists of an implementation of a hill-climbing procedufgiven a solutionX € F, let
N(X) be the set of solutions that can found fro¥nby changing one of the components
a € X. Then,N(X) is called the neighborhood df. The improvement algorithm consists
in finding, at each step, the elemexit such that

X* = X'
arg  max. (X7,

wheref : ' — R is the objective function of the problem. At the end of ea@pstie make
X* — Xif f(X) > f(X*). The algorithm will eventually achieve a local optimum, in
which case the solutioX * is such thaf (X*) > f(X’) forall X’ € N(X*). X* isreturned
as the best solution from the iteration and the best soldtiam all iterations is returned as
the overall GRASP solution.

We discuss in this section how the above algorithm can bdajred to solve thecPm.
In the following subsection, we describe an algorithm far @GRASP construction phase that
provides initial solutions for instances of tlsePm problem. Then, in Subsection 2.2 we
provide a local search algorithm for the improvement phase.

2.1. Construction Phase.The first task in a GRASP algorithm is to build good feasible
solutions in terms of a given objective function. To do thig need to specify the set,
the greedy functiory, and, forX € F, the neighborhood (X ). The components of each
solution X are feasible moves of a member of the ad-hoc network from a nad a node
w € N(v) U {v}. For an agent;; € U located at node in the graph;P;(v) represents a
shortest path from the current nodéo the destination for agemt, namely nodel,.

The complete solution is constructed according to the fallg procedure outlined in
the pseudo-code shown in Figure 2.2. In the pseudo-egdeefers to the current location
of an agent. First, the solution which is initially empty isganented to include the starting
locations for all agents. Then, the time variablis initialized to 1, and in line 6 an agent
u; € U is selected at random and routed from its along a shortesthéat;) from its source
nodes; to its destination nodé;. If the total distance oP;(s;) is greater tharl;, then the
instance is clearly infeasible and the algorithm ends. @tise, the procedure continues and
the remaining agents are scheduled in the loop beginnirgea8l The procedure considers
each feasible movgy, w, u) before scheduling an agent. A feasible move connects thie fina
nodegq of a sub-pathP,, for u € U, to another node, such that the shortest path framto
d, has distance at mogdt, — 5 dist(e). The set of all feasible moves in a solution is
defined as4(X).

The loop in lines 12—-14 ensures that a node currently at gsirdgion remains there.
Likewise, the loop in lines 15-17 schedules an ageoh a shortest pat®, (a;,) from its
current positiona;, to dy if the maximum allowed travel time for agentis equal to the
|Pr(ar)|. Inlines 19-21, the sel C A(X) is formed and consists of all feasible moves
for agents not yet scheduled. Then, in line 25, the greedstimmg returns for each move
k € L the number of additional connections created by that mowedescribed above, the

ecPy,
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procedure ConstructionSolution(G, g, X)
X 0
for i =1tokdo

X — X U {Sl}
end
t—1
Select randomly; € U and routeu; on shortest-patt®; (s;)
X — XU{Pi(si)}
while t < T"and3 u; € U \ X do

L~

RCL «— 0

for up, € U\ X do

if ap = dp, do

13 X — X U{dn}
14 end
15 if dist(an,dn) = Lp — ZeePh, dist(e) do
16 Routew;, on shortest patt®;, (an)
17 X — X U{Pn(an)}
18 end
19 while 3 (Ig,lw,ur) do
20 L — {(lg,lw,un)}
21 end
22 end
23 a «— RealRandomNumber(0, 1)
24 0 — (MazContribute — (a * (MaxContribute — MinContribute)))
25 for all (15,1;,ue) such thaig((l;,1;,ue)) > ¢ do
26 RCL‘—RCLU{(ZZ',Z]',U@)}
27 end
28 (1,15, ue) < Get randomly from RCL
29 Add (13,15, ue) into the path of agent. in the solution
30 t—t+1
31 end
32 return (X)
end procedureConstructionSolution

© 0N OO W N

=
N = O

Fig. 2.2: Greedy randomized constructor &arpm.

construction procedure will rank the elementsioficcording tog. The o % best-ranked

elements are then added to the RCL and in lines 28-29, a meeadsted at random and
added to the solution. This is repeated until a completdlitmsolution for the problem is

obtained.

2.2. Improvement phase.In the local search phase, GRASP attempts to improve the
solution built in the construction phase. As mentioned abae use a hill-climbing proce-
dure where the objective is to improve the solution as mugboasible until a local optimal
solution is found as described in the pseudo-code proviué&tgure 2.3.

The local search receives the construction phase solitiand a paramet@faxIterLS
as input. In each iteration, the neighborhdé@X ) of X is explored in search of a solution
X'’ such thatf(X’) > f(X). In order to exploreéV(X), a perturbation function is defined
as follows. In the loop in lines 5-21, agents are re-routéigua greedy method similar to
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procedureLocalSearch(X, MaxIterLS)

1 X' 0

2 t«1

3 LastImprove «+— 1

4 1+ 2

5 iter — 0

6  while i # LastImprove anditer < MaxIterLS do
7 Remove current path from to d; for agentu;

8 while a; ;é d; do

9 if dist(ai,di) = Li — 3 cp, dist(e) then

10 Route use; using its shortest patR;(a;)
11 else

12 BestMove «— {(ai, lw,ui) | g((ai, lw,wi)) > g((ai, i, wi)),V (as, lj,ui)}
13 end

14 Add BestMowe into the new path for; in solution X’
15 t—t+1

16 end

17 if f(X')> f(X) then

18 X« X'

19 LastImprove < i

20 end

21 i<—1i+1 mod k

22 iter «— iter + 1

23 end

24 return (X')
end procedureLocalSearch

Fig. 2.3: Local search forcpm.

that of the construction phase. In line 6, the current cotitn phase path for agent is
removed from the solution. Then each feasible move is censiand the move which adds
the greatest increase to the objective functiBast M ove, is added to the new path for agent
u;. This is repeated for all agents until a new feasible safufid € N(X) C A(X) is
created. Iff(X’) > f(X), theninline 17X’ is set as the new current solution. The process
returns to line 5 and repeats until no agent can be re-rowigatding to this greedy method
and improve the current solution or until some maximum nunabéterationsMaxIterLS

are completed.

2.3. Complexity of the heuristic. The following theorems address the computational
complexity of the proposed algorithm.

THEOREM3. The construction phase finds a feasible solution fotbemin O(T'mu?)
time, where[ is the time horizony = |U|, andm = |E)|.

Proof. Notice that thewhile loop in lines 8-31 will requirél’(|JU| — 1) iterations to
complete. Likewise, the loop in lines 11-22 requif@siterations. Within the loop, the most
time consuming step is the construction of the shortest pédlvever, this can be done using
a breadth-first search i@@(m) time [1]. Thus, we have the resuli.

THEOREM 4. The time complexity of the local search phas®i&Tu?m), whereT is
the time horizony = |U|, m = |E|, andk = MaxIterLS.

Proof. The proof is similar to Theorem 3. Notice that thsile loop in lines 5-22
perform local improvements according the greedy re-rgusicheme. Again, the most time
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procedure PathRelinking(zs, &)
x4 < randSelect(y € £ : A(zs,y) > 9)
[ max{f(zs), f(zg)}
2" — argmax{f(z.), f(z4)}
X — Ts
while A(zs, z4) # 0 do
m* — argmax{f(x ®m):m € A(x,z4)}
Az ®m*,ay) — Ala,zg) \ {m"}
T—xdm”
if f(z) > f* then
RC)
xr <« T
end
13 end
14 return z*
end procedurePathRelinking

© 00 Ut b W N

=R e
N = O

Fig. 3.1: A path-relinking subroutine adapted from [31].

consuming step is the construction of a shortest path whachbe accomplished i@ (m)
time. Each improvement can require upitderations of the loop, and we have the prdof.
COROLLARY 2. The overall time complexity of the proposed GRAS® (K u?m(k +
1)), where wherel is the time horizony = |U|, m = |E(G)|, k = MaxIterLS, and
| = MaxIter is the overall number of GRASP iterations.
Proof. The proof is immediate from Theorem 3 and Theorerd 4.

3. Path-relinking. First introduced by Glover in [19], path-relinking (PR) wased as
an enhancement for tabu search heuristics. PR was first cehkiith GRASP by Laguna
and Marti [23]. When applied to GRASP, path-relinking éttuces a memory to the heuris-
tic which usually results in improvements in solution gtyalirhis is because in the standard
GRASP framework, the multi-start nature of the heuristiesloot include any long-term
memory mechanism for saving traits of good solutions gaadrhy the algorithm. Path-
relinking allows GRASP to remember these traits and favemnthin successive iterations.
GRASP with path-relinking has been successfully appliegrttblems such asiAXIMUM
CUT [16], QUADRATIC ASSIGNMENT[28], TDMA MESSAGE SCHEDULING[12], and origi-
nally for LINE CROSSING MINIMIZATION [23]. For a survey of GRASP with path-relinking,
the reader is referred to [31].

Path-relinking works by maintaining a set of elite solus&h known asguidesand
examines point-to-point trajectories between a guididgtsm and an incumbent solution
in search of an optimum. Pseudo-code for a generic pathkieli procedure is provided
in Figure 3.1. To perform path-relinking, we begin with adjog solutionz, € £, and an
initial starting solutionr,. The guiding solution, is selected at random from the pool of
elite solutionsg, so long as the symmetric differenée(z,, z,) between the two solutions
xs andz, is sufficiently large. The symmetric difference is definedtss set of pairwise
exchanges needed to transfogmin to z,. Recall that all solutions i§ are local optima,
and we are trying to discover solutions which are not locétatie neighborhoods af; or
x4. Therefore this constraint prevents us from applying patimking to solutions which are
too similar to each other, and would not likely yield an imyed solution [15].

At each step, the procedure examines all mowes A(z, z,), and greedily selects the
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move which results in the maximum increase in the objectivih® current solution. This

occurs in line6 of the pseudo-code in which the mowe" is selected as the move which
maximizesf (z @ m), wherex & m is the solution which results from incorporatingin to

z. Inline 7, the symmetric difference is updated, and if necessarydbedwlution is updated
in lines9-12. The procedure ends whex(z, z,) = 0, i.e. whernxy = z, [31].

Path-relinking can be applied to a pure GRASP in a straigivdied manner, which can
be visualized in the pseudo-code of Figure 3.2. First, thefsalite solutionst is initialized
to the empty set in lin@ and is built by including the solutions from the fil4xElite
iterations. After a standard GRASP iteration of greedy manided construction and local
search produces a local optimal soluti&n thePathRelinking procedure is called on line
7. For theccpwm, the elements in the symmetric difference are the agenspeltiich differ
between the initial and guiding solutions. The valuergffrom Figure 3.1 is the path for an
agent in the symmetric difference which results in the maxmincrease in the total number
of communications between the agents. In Bna functionUpdateElite is called in which
the elite pool is possibly updated. The solution returnednfpath-relinking is included in
the elite pool if it is better than the best solutiongdror if it worse than the best but better
than the worst and is sufficiently different from all elitdions [31]. Finally, the optimal
solution is updated in linek2 to 14 if necessary.

procedure GRASP+PR(MaxIter, RandomSeed)
X0
E—0
for 4 = 1 toMaxIter do
X « ConstructionSolution(G,g,X)
X « LocalSearch(X,MaxIterLS)
if |E| = MaxElite then
X < PathRelinking(X,¢&)
UpdateElite(X, &)
else
E—EU{X}
end
if f(X) > f(X™)then
X =X
14 end
15 end
16 return X*
end procedureGRASP+PR

© 0y oUW N

HooE e
N = O

"
w

Fig. 3.2: GRASP with path-relinking for maximization [15].

4. Computational experiments. The proposed procedure was implemented inthe
programming language and compiled using the Micré®o¥isual C++ 6.0. It was tested on
aPC equipped with a 1800MHz Int&l Pentiun® 4 processor and56 megabytes of RAM
operating under the Microsé¥t Windows® 2000 Professional environment.

Both the pure GRASP and the GRASP with path-relinking westetton a set of0
random unit graphs with varying densiti2& each having0, 75, and100 nodes. The radius
of communication varies frorhto 5 units (miles) in unitincrements. We tested each case with
three sets of mobile agents to achieve better comparisahsnadel real-world scenarios.
Thus, in totab00 test cases were examined. The graphs were created by a pensed by
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Table 4.1: Three instances with different sets of agents®ndsle graphs are given. The

value in theUBound column was found using Corollary 1.
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Instance: 50r30i1  Nodes: 50  Agents: 10 MaxTime: [LO
Source: [6101035742106]
Destination: [ 49 47 44 48 46 40 48 42 47 47 ]
Radius GRASP | GRASP+PR UBound
1 291 303 450
2 365 373 450
3 412 423 450
4 443 443 450
5 449 449 450
(a)
Instance: 50r30i1 Nodes: 50  Agents: 15 MaxTime: [LO
Source: [1098968172555211]
Destination: [ 49 47 44 48 46 40 48 42 47 47 ]
Radius GRASP | GRASP+PR UBound
1 756 757 1050
2 881 909 1050
3 963 972 1050
4 1029 1029 1050
5 1050 1050 1050
(b)
Instance: 50r40i4  Nodes: 50  Agents: 25 MaxTime: [LO
SOouUrce:[89845446274217589381187568]
Destination: [ 49 48 44 48 46 42 49 40 48 49 45 46 49 45 48 44 42 41 48 43 40 49 4519 4B
Radius GRASP | GRASP+PR UBound
1 2613 2653 3000
2 2896 2918 3000
3 3000 3000 3000
4 3000 3000 3000
5 3000 3000 3000
(c)

Butenko et al. [11] on the TDMAMMESSAGE SCHEDULING PROBLEM

Since any instance of thecpmis composed of several parameters, i.e. the number of
mobile agents, their respective source and destinatiorsidtle radius of communication,
and the maximum time horizon, each of which impacts the agtsulution for the instance,
we will provide our numerical results in several sets of ¢abl First, we report solutions
for several representative instances and provide all ipptameters in order to establish an
inference base for the overall experiment. Then we will samre the overall results by
providing the average solutions for each problen.set

In Table 4.1, we report solutions for three different inseson50 node graphs. The
Source vector andDestination vector provide the respective;, d;) pair for each agent
respectively. The specific valuesgfwere randomly selected from the fie%t% of the nodes
of the graph. Likewise, the; values were chosen randomly from the &% of nodes. This
method of selection is preferred over a completely randecthidesign because in real-world
situations such as a combat scenario, the available entigxéihpoints from a battle space

1Complete results for all experiments are &ttp://ww.research. att.conf ~mgcr/ doc/
gccpndat a. pdf .
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Table 4.2: Three instances with different sets of agentsndtle graphs are given. The
value in theUBound column was found using Corollary 1.

Instance: 75r30i2 Nodes: 75  Agents: 10 MaxTime: [L5
Source: [76133101315662]
Destination: [68 68 71 73 68 68 73 70 74 62 ]
Radius GRASP | GRASP+PR UBound
1 571 575 675
2 614 621 675
3 658 658 675
4 670 670 675
5 675 675 675
(a)
Instance: 75r40i4  Nodes: 75  Agents: 20 MaxTime: 1§
Source:[1157153894613143831014111593]
Destination: [ 63 66 69 61 62 68 62 67 68 66 62 60 61 66 63 737264 71 11]
Radius GRASP | GRASP+PR UBound
1 2535 2554 2850
2 2746 2758 2850
3 2842 2842 2850
4 2850 2850 2850
5 2850 2850 2850
(b)
Instance: 75r30i1 Nodes: 75  Agents: 30 MaxTime: 15
SOUI’CeZ[141528104133451284923158512937711341154]
Destination: [68 69 63 626572626267 71 65 69 63 64 60 64 60 60 66 64 74 63 73 63 68 65 60 63 ]
Radius GRASP | GRASP+PR UBound
1 4721 4870 6525
2 6002 6012 6525
3 6265 6285 6525
4 6497 6497 6525
5 6525 6525 6525
(c)

are likely to be limited. However, using a random selectiamf the available subset of nodes
allows for more thorough testing and helps avoid unintergtidiases.

The columrMaxTime is the maximum time horizofi. Recall that all agents must reach
their destination node by this time. TlG&ASP column provides the solution from GRASP
after1000 iterations and/Bound is the upper bound on the solution value and was calculated
by the equation in Corollary 1. Notice that as the radius &ahcreases, the number of
connections between the agents tends to converge to the eathe upper bound. Recall
that the upper bound value from Corollary 1 is not an uppemnbaen the optimal solution
for the given graph per se; it is an upper bound on the solditiothe given time horizon and
number of agents. Thus, the more dense the graph, the tietbound.

Table 4.2 presents the specific parameters and relatedosdior three instances of the
ccpmMon 75 node graphs. On these networks, the number of agents vaoedl to 30,
and the maximum time horizon wd$. Again, we see that as the communication radius
increases the solutions tend to the upper bound valueslaBiresults for three graphs having
100 nodes are provided in Table 4.3. For #¥ node instances, the number of agents varied
from 15 to 35 and the maximum travel time wa$ units. The results for these instances also
indicate that the heuristic is robust and able to providebent solutions for large instances.
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Table 4.3: A100 node instance with solutions with radius varying franto 5 units. The
value inUBound was found using Corollary 1.

Instance: 100r30i2 Nodes: 100  Agents: 15 MaxTime: |20
Source: [9191018131812181586620181]
Destination: [ 84 88 83 84 96 96 81 95 83 82 93 80 90 85 81 ]
Radius GRASP GRASP+PR UBound
1 1819 1821 2100
2 1960 1974 2100
3 2065 2067 2100
4 2100 2100 2100
5 2100 2100 2100
(a)
Instance: 100r30i1 Nodes: 100  Agents: 25 MaxTime: 20
Source:[1769199122157812863131617131317192521]
Destination: [ 81 89 84 82 88 99 93 89 93 97 84 96 96 91 90 86 98 86 81 89 82 89 81 B0|99
Radius GRASP GRASP+PR UBound
1 5183 5186 6000
2 5577 5647 6000
3 5898 5909 6000
4 5992 5992 6000
5 6000 6000 6000
(b)
Instance: 100r30i2 Nodes: 100  Agents: 35 MaxTime: 20
Source: [35112144451012141317417816715715131295619183161852]
Destination: [89 95899184 99 8891 9282 98 84 85 89 85 98 92 80 81 85 98 94 82 86 90 92 90 96 96 96 99 81 82 ]
Radius GRASP GRASP+PR UBound
1 10222 10255 11900
2 11108 11224 11900
3 11660 11704 11900
4 11842 11845 11900
5 11900 11900 11900
(c)

Tables 4.4, 4.5, and 4.6 show the evolution of the averaggisplvalues as the commu-
nication range increases for the, 75, and100 node graphs, respectively. Notice once more
that as the communication range increases, the averag®satonverges to the value of the
upper bound given by Corollary 1. In these tables we alsortepe average computing time
required by both the pure GRASP and the GRASP+PR to find tlesirdmlutions within the
specified number of iterations. For all of the experimeihis,GRASP+PR found solutions at
least as good as the pure GRASP, finding superior solution&fé of the instances tested.

In Figures 4.1, 4.2, and 4.3, we provide plots of the averdgective function value
versus communication range found using GRASP with pafhldelg. The upper bound
values for each case as computed by Corollary 1 are als@@lwithe charts. These graphs
indicate that on average, as the radius of communicatioe#&ses, the objective function
values tend to the upper bound values.

5. Concluding remarks. In this paper, we extended the work of Commander et al. [13]
by providing a greedy randomized adaptive search procd@RASP) for thecOOPERA
TIVE COMMUNICATION PROBLEM ON MOBILE AD-HOC NETWORKS This is a new prob-
lem in cooperative control [21], which has many applicagiam path-planning for multiple
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Table 4.4: Average solution values for GRASP and GRASP wétthpelinking on 50 node
graphs.

Nodes | Agents | Radius| GRASP | GRASP+PR| Bound
50 10 1 347 352.21 450
50 10 2 404.58 407.58 450
50 10 3 428.32 429.47 450
50 10 4 437.84 438.53 450
50 10 5 444.37 444.58 450
50 15 1 813.11 817.32 1050
50 15 2 937.74 945.47 1050
50 15 3 1001.11 1003.58 1050
50 15 4 1025.37 1026.21 1050
50 15 5 1037.16 1037.53 1050
50 25 1 2272.79| 2315.58 3000
50 25 2 2686.26| 2704.53 3000
50 25 3 2850.84| 2861.95 3000
50 25 4 2924.05| 2927.68 3000
50 25 5 2959 2959.26 3000
Average Comp Time (S) 2.89 4.29 -

Table 4.5: Average solution values for GRASP and GRASP witthpelinking on 75 node
graphs.

Nodes | Agents | Radius| GRASP | GRASP+PR| Bound
75 10 1 574.95 577.42 675
75 10 2 629.42 631.37 675
75 10 3 653.53 654.63 675
75 10 4 665.42 665.89 675
75 10 5 669.47 669.84 675
75 20 1 2288 2319.63 2850
75 20 2 2639.37 2651.5 2850
75 20 3 2756.69 2762 2850
75 20 4 2805.53| 2807.68 2850
75 20 5 2827.42 2828.42 2850
75 30 1 5349.84| 5391.26 6525
75 30 2 6037.47 6064 6525
75 30 3 6310.90| 6332.37 6525
75 30 4 6422.11| 6430.80 6525
75 30 5 6472.42 6478.84 6525
Average Comp Time (S) 6.16 7.43 -

autonomous agents. Since this problem is NP-hard, the reezfficient heuristics which
quickly provide high-quality solutions arises. The propd$&RASP is one such heuristic.
Extensive computational experiments indicate that thighoebis superior to the shortest path
protocol and one-pass local search heuristic presentd@]nfurthermore, the method finds
near optimal solutions for th@00 cases tested and converges to the derived upper bound as
the communication range increases. Future researchiificitide developing an algorithm

to find optimal solutions for smattcPminstances such as a branch and cut or a column gen-
eration method [22]. This will help evaluate the performan€ heuristics whose solutions
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Table 4.6: Average solution values for GRASP and GRASP wath-pelinking on 100 node
graphs.

Nodes | Agents | Radius| GRASP | GRASP+PR| Bound
100 15 1 1838.25 1840.45 2100
100 15 2 1996.75 2003.15 2100
100 15 3 2061.9 2064.7 2100
100 15 4 2083.1 2084.4 2100
100 15 5 2093.95 2094.05 2100
100 25 1 4979.1 5019.2 6000
100 25 2 5655.3 5674.35 6000
100 25 3 5869.35 5876.9 6000
100 25 4 5940.65 5944.7 6000
100 25 5 5978.2 5979.2 6000
100 35 1 9947.45 9997.15 11900
100 35 2 11254.55 11280 11900
100 35 3 11636.85| 11664.5 11900
100 35 4 11787.9 11793 11900
100 35 5 11859.1 11860.35 | 11900
Average Comp Time (S) 5.17 8.05 -

for certain instances are not verifiably optimal, i.e. thiiBons that are not at the computed
upper bound.
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Fig. 4.1: Evolution of GRASP+PR solution values on 50 nod®gps as the communication
radius increases from 1 to 5 units.
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Fig. 4.2: Evolution of GRASP+PR solution values on 75 nodgps as the communication
radius increases from 1 to 5 units.
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Fig. 4.3: Evolution of GRASP+PR solution values on 100 no@ghs as the communication
radius increases from 1 to 5 units.
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