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Abstract

Mobile Ad Hoc Networks (MANETS) are composed of a set of communicating devices which are able to
spontaneously interconnect without any pre-existing infrastructure. In such kind of networks, broadcastin
becomes an operation of capital importance for the own existence and operation of the network. Optimizin
a broadcasting strategy in MANETSs is a multi-objective problem targeting three goals: reaching as man
devices as possible, minimizing the network utilization, and reducing the duration time of the broadcastin
process. In this paper, we study the fine-tuning of broadcasting strategies by using a cellular multi-objectiv
genetic algorithm (cMOGA) which computes a Pareto front of solutions to empower a human designe
with the ability of choosing the preferred configuration for the network. We define two formulations of the
problem, one with three objectives and another one with two objectives plus a constraint. For our tests,
benchmark of three realistic environments for metropolitan MANETs has been defined. Our experiment
using a complex and realistic MANET simulator reveal that cMOGA is a promising approach to solve the
optimum broadcast problem.
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1 Introduction as it is usually in communication networks. The
most popular wireless networking technologies
available nowadays for building MANETSs are

Mobile Ad Hoc Networks (MANETS) are fluc- Bluetooth and IEEE802.11 (WiFi). This implies
tuating networks populated by a set of commuthat a) devices communicate within a limited
nicating devices calledodeg(or devicepwhich  range, and b) devices may move while commu-
can spontaneously interconnect each other witmicating. A consequence of mobility is that the
out any pre-existing infrastructure. This meangopology of such networks may change quickly
that no organization is present in such networkind in unpredictable ways. This dynamical be-
havior constitutes one of the main obstacles for
performing efficient communications.
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have some specific properties: the density irels [3-5], although cellular genetic algorithms
the network is heterogeneous and continuousl{cGAs) have proved in the past very good ef-
changing (particularly high density regions doficiency and accuracy in single-objective op-
no remain active full time). Three real world timization [6-9]; the algorithm we propose,
examples of such networks, a shopping mall, &MOGA, is a contribution to this field. Further-
metropolitan area and a highway environmentmore, to the best of our knowledge, our work is
have been taken into account in this work sahe first attempt to solve the broadcasting prob
that, instead of providing a multi-purpose pro-lem on MANETS using a multi-objective EA.
tocol, the originality of our proposal consists in
tuning the broadcasting service for each particuThe rest of the paper is organized as follows.
lar network. Optimizing a broadcasting strategyln the next section, we give a brief background
implies multiple goals to be satisfied at the samé&n multi-objective optimization. Section 3 de-
time, such as maximizing the number of devicesscribes the problem we address, the benchmark
reached (coverage), minimizing the network us@ve propose, and the broadcasting strategy we
(bandwidth), and/or minimizing the duration of intend to optimize. We detail the proposed ap-
the process. Thus, what we deal with is knowrproach based on a cellular multi-objective ge-
as a multi-objective optimization problem. netic algorithm in Section 4. Section 5 presents a
set of experiments and analyzes the results. The
The main feature of multi-objective optimiza- paper ends with some conclusions and future re-
tion is that it is not restricted to find a unique search lines.
solution as in single-objective optimization but
a set of solutions known as thRareto opti-
mal set The reason is that, taking as an exam-, Multi-Objective  Optimization  Back-
ple the problem we are dealing with, one so- ground
lution can represent the best result concerning
the number of reached devices, while another

solution could be the best conceming the duyp, this section, we include some background on
ration of the broadcasting process. These solyyiti-gbjective optimization. In concrete, we de-
tions are said to beon-dominatedThe result g the concepts of multi-objective optimization

provided by a multi-objective optimization al- nghjem, Pareto optimality, Pareto dominance,
gorithm is then a set of non-dominated solu-p4,etq optimal set, and Pareto front.

tions (thePareto setwhich, when plotted in the
objective space, are collectively known as thea general multi-objective optimization problem
Paretofront. The mission of the decision maker (MOP) can be formally defined as follows:
is to choose the most adequate solution from
the Pareto front. Here we study the use of &efinition 1 (MOP) Find a vector 7* =
cellular multi-objective evolutionary algorithm |23, 25, ... x*] which satisfies then inequality
(cMOGA,) for solving the multi-objective prob- constraintsg; () > 0,i = 1,2,...,m, thep
lem of tuning a particular broadcasting strategyequality constraints; (¥) = 0,7 = 1,2,...,p,
for Metropolitan MANETS. and minimizes the vector functipnz) =

| | A@), B@), - fi(@) wherel = [11, 15,2,
Many popular algorithms for solving multi- is the vector of decision variables.
objective optimization problems are evolution-

ary algorithms (EASs) [1,2]. However, few works The set of all values satisfying the constraints
use genetic algorithms based on cellular modedefines théeasible regiori2 and any point’ € 2



is afeasible solutionAs mentioned before, we 3 The Problem
seek for thePareto optimalts formal definition

is provided next:
The problem we study in this paper consists in,

given an input metropolitan MANET network,
Definition 2 (Pareto Optimality) A pointz* €  determining the most adequate parameters to a
Q is Pareto Optimal if for everyt € 2 and broadcasting strategy. We first describe in Sec-
= {1,2,...,k} eitherVic; (f; () = f;(&*)) tion 3.1 the target networks we use. Section 3.2
or there is at least one € [ such thatf; (¥) > is devoted to the presentation of DFCN [10], the

fi (@). broadcasting strategy to be tuned. Finally, the
MOPs we define for this work are presented in
Section 3.3.

This definition states that* is Pareto optimal

if there exists no feasible vectarwhich would

decrease some criterion without causing a si3.1 Metropolitan Mobile Ad Hoc Networks

multaneous increment in at least one other crite-

rion. Other important definitions associated with

Pareto optimality are the following: Metropolitan mobile ad hoc networks are
MANETSs with some particular properties. First,
they have one or more areas where the node

Definition 3 (Pareto Dominance) A vector density is higher than the average. They are

@ = (u1,...,u;) is said to dominatet’ = calledhigh density aregsand they can be statis-
(v1,...,v;) (denoted byi < v) ifand onlyifiis tically detected. A high density area may be, for
partially less tharv, i.e.,Vi € {1,...,k}, u; < example, a supermarket, an airport, or an office.
v AN Fie{l,... k}: u <. Second, high density areas do not remain active

full time, i.e., they can appear and disappear

Definition 4 (Pareto Optimal Set) For a given
MOP f(Z), the Pareto optimal set is defined as

P = (&€ Q-3 € Q, f(a) < f(2)}.

Definition 5 (Pareto Front) For a given MOP
f(#) and its Pareto optimal seP*, the Pareto
front is defined aF* = {f(2), ¥ € P*}.

Obtaining the Pareto front of a MOP is the main
goal of multi-objective optimization. However,

given that a Pareto front can contain a large num:
ber of points, a good solution must contain a lim-
ited number of them, which should be as close
as possible to the Pareto optimal set, as wel
as they should be uniformly spread. Otherwise,

they would not be very useful to the decision
maker. Fig. 1. An example metropolitan MANET.




from the network (e.g., a supermarket is open,

roughly, from 9 a.m. to 10 p.m., and outside this
period of time, the node density within the cor-

responding area is close to zero). An example

of 4 km?, 2000 devices metropolitan network is

displayed in Fig. 1. °

To deal with such kind of networks, there is no
other solution than resorting to software simula-
tions. In this work we have usddadhoc[11],

a metropolitan MANET simulator (available

upon request by e-mailing to Luc Hogie —
luc.hogie@uni.lu-). It aims at providing a tool

for simulating different level services based on
distinct technologies on MANETS for different

environments.

In the context of metropolitan MANETS vari-

density of shops can be found in this kind
of scenario. Finally, in the mall environment
both the mobility of devices and their signal
propagation are restricted by the walls of the
building.

Metropolitan Environment. The second re-
alistic scenario we propose is the metropoli-
tan environment. We have modelled it as
an attempt for simulating the behavior of a
MANET in a metropolitan area. For that, we
locate a set of spots (crossroads) in the mod-
elled surface, and link them with streets. In
this case, both pedestrians and vehicles are
modelled, and they are continuously moving
from one crossroad to another. Like in the
real world, devices must reduce their speed
when they approach a crossroad. In this sce-
nario, the obstruction of the walls in the sig-

ous topological configurations can be foreseen.
Some examples are networks built on-the-fly by
people moving in concert places, market placess
train stations, shopping centers and city centers. ment for simulating the behavior of MANETS
All these scenarios have a number of different out of cities. As an example, think on a large
characteristics, such as the mobility and density surface with roads, and people travelling by
of devices, the size of the area, and the presence car. In this context, there should be a very low
or not of walls (which are obstacles for mobility — density of devices per square kilometer (all
and attenuate the signal strength), among others. the devices are located on the roads), mov-
Hence, three very different realistic scenarios, ing all of them in a fast manner. Additionally,
implemented by Madhoc, are used in this paper. there should not exist obstacles that attenuate
These scenarios correspond to real world envi- the signal strength in communications.
ronments, and they aim at modelling a shopping
mall, a metropolitan area, and a highway scein order to make our studies more realistic, an
nario: observation windowhas been included in the
simulations, such that only the devices located
e Mall Environment. The mall environment into this window are taken into account for mea-
aims at modelling a commercial shoppingsurements. This makes possible the simulation of
center, in which stores are usually locatedhodes exiting and joining the network by enter-
together one each other in corridors. Peopléng or leaving the observation window, respec-
go from one store to another through thesdively. Therefore, we are allowing the existence
corridors, occasionally stopping for looking of a changing number of devices in the network,
some shopwindows. These shopping centerss it is the case in real MANETS. In all our tests
are usually very crowded (high density ofin this work, this observation window supposes
devices), and people do not have the samthe 70% of the whole area. As an example, in
behavior (in terms of mobility) when they are Fig. 2 we can see a MANET simulating a mall
in or out of the stores. Additionally, a high environment (left), and the observation window

nal strength will be stronger than in the case
of the mall environment.
Highway Environment. We use this environ-



Fig. 2. The effects of introducing an observation window on the studied MANET.

we study (right); supposing the 70% of the wholedoes not consist in a new approach for calcu-
network. The circles represent the shops, whildating dominating sets. Instead it is a fully lo-
the points stand for the devices (those outsidealized protocol which defines heuristics based

the observation window are grey colored).

on 1-hop information. This permits DFCN to
achieve great scalability. The “hello” messages
interchanged by the nodes do not carry any ad-

3.2 Delayed Flooding with Cumulative Neigh- ditional information. Only broadcast messages

borhood

must embed the list of node’s neighbors.

For being able to run the DFCN protocol, the
Williams and Camp [12] and, more recently, following assumptions must be met:

Stojmenovic and Wu [13] proposed the two
most frequently referenced analysis of broade
casting protocols. In their proposal, Stojmen-
ovic and Wu [13] state that protocols can be
classified according to their algorithmic nature
—determinism (no use of randomness), relia-
bility (guarantee of full coverage)- or the in-
formation required by their execution (network
information, “hello” messages content, broad-®
cast messages content). Similarly, Wu and Lou
[14] categorized protocols asentralized[15]
and localized ones. Centralized protocols re- ®
quire a global or quasi-global knowledge of the
network. They are hence not scalable. Local-
ized protocols are those which require some
knownledge of the network at only 1 or 2-hops.

Using the classifications presented hereinbe-
fore, DFCN [10] is a deterministic algorithm. It

Like many other neighbor-knowledge-based

broadcasting protocols (FWSP, SBA, etc.) [16,17

DFCN requires the knowledge of 1-hop

neighborhood. This can be obtained by the

use of “hello” packets at a lower network

layer. The set of neighbors of the devigés

named~N (s).

Each messagen carries —embedded in its

header— the set of IDs of the 1-hop neighbors

of its most recent sender.

Each device maintains local information about

all messages received. Each instance of this

local information consists of the following

items:

- the ID of the message received;

- the set of IDs of the devices that are known
to have received the message;

- the decision of whether the message should



be forwarded or not. density) of the recipient device. It is written

e DFCN requires the use of a random delay‘threshold|N(s)|)”. The decision made by,

before possibly re-emitting a broadcast mesto re-emit the packet received fromis defined

sagem. This delay, called Random Assess-by the boolean function:

ment Delay (RAD), is intended to prevent col-

lisions. More precisely, when a devisemits 5, ) _ { true h(sz, s1) 2 threshold| N (s2)])

a messagen, all the devices inV(s) receive false otherwise.

it at the same time. It is then likely that all

O_f them f(_)rwardm simultaneousl_y,_and this £ the threshold is exceeded, the recipient device
S|multa_ne|ty entails network _coII|S|ons. The s, becomes an emitter in turn. The message is
R'_A‘D, aims at randomly del'aylr}g the ret_rans'effectively sent when the random delay (defined
mission ofm. As every device inV(s) waits by the RAD) expires. The threshold function,
for the expiration of a different RAD before | hich aliows DFCN to facilitate the message re-
forwardingm, the risk of collisions is hugely oo 4casting when the connectivity is low, de-
reduced. pends on the size of the neighborhagas given

DFCN is an event driven algorithm which can oy
be divided into three main parts: the two first 1 n < safeDensity
ones deal with the handling of outcoming events™™es"" = {

which are (1) new message reception and (2)

detection of a new neighbor. The third part (3)

consists in the decision making for emission agvhere “safeDensity” is the maximum safe den-
a follow-up of one of the two previous events. Sity below DFCN always rebroadcasts and “min-

The behavior resulting from message receptio&in” is @ parameter of DFCN used for com-
is referred to aseactivebehavior; when a new Puting the minimum threshold for forwarding a

neighbor is discovered, the behavior is referredn€ssage, i.e., the ratio between the number of
asproactivebehavior. neighbors which have not received the message

and the total number of neighbors.

minGainx n_otherwise,

Let s; and s, be two devices in the neighbor-
hood of one another. Whes sends a packet RAD for all messages is set to zero and, there-

to 5, it attaches to the packet the Sé(s, ). At fore, the messages are immediately candidate to
reception,s, hence knows that each device in =~ " . 9 y
emission. IfN (s) is greater than a given thresh-

N(s1) has received the packet. The set of de- : _ _
vices which hagotentiallynot yet received the iOIdciiV\;hblfehdWeohr?(\)/eags(lylﬁqjim%dtgrlfasgrzvr;o:,ew
packet is thenV(sy) — N(s1). If s, re-emits > 01> 'S s u

the packet, theffectivenumber of devices newly neighbor discovery.
reached is maximized by the heuristic function:

h(sa, s1) = |[N(s2) — N(s1)l. 3.3  MOPs Definition

Each time a device gets a new neighbor, the

In order to minimize the network use caused

by a possible packet re-emission, a message fsrom the description of DFCN in the previous

forwarded only if the number of newly reachedsection, the following parameters are to be tuned:
devices is greater than a given threshold. This

threshold is a function of the number of de-minGain is the minimum gain for rebroadcast-

vices in the neighborhood (the local network ing. This is the most important parameter for



(a)

Fig. 3. Panmictic (a), distributed (b), and cellular (c) EAs.

tuning DFCN, since minimizing the band- Additionally, it is also interesting to consider
width should be highly dependent on thethe network coverage as a constraint instead of
network density. It ranges from 0.0 to 1.0. a goal for practical purposes. This way, we can

[lowerBoundRAD,upperBoundRAD]define define that the coverage must be, for example,
the RAD value (random delay for rebroad-over 90%, and then to find the best tradeoff
casting in milliseconds). The two parametersbetween bandwidth and duration. The resulting
take values in the interval.0, 10.0] millisec-  problem, which is named cDFCNTd¢nstrained
onds. DFCNT), is a bi-objective MOP with one con-

proD is the maximal densitypfoD € [0,100])  straint. Analogously, three different target net-
for which it is still needed using proactive be- works here bring three different instances of cD-
havior (i.e., reacting on new neighbors) forFCNT:. cDFCNT.Mall cDFCNT.Metropolitan
complementing the reactive behavior. andDFCNT.Highway

safeDensitydefines a maximum safe density of
the threshold which ranges from 0 to 100 de-

vices.
4 The Algorithm

These five parameters, i.e., five decision variThe application of Evolutionary Algorithms
ables which correspond to a DFCN configura{EAs) to complex optimization problems has
tion, characterize the search space. We have skéen very intense during the last decade [18].
wide enough intervals for the values of theseThese algorithms work on a sepdpulation
parameters in order to include all the reasonef potential solutionsiidividualg by applying
able possibilities we can find in the real world. some stochastic operators to them in order to
The objectives to optimize are: minimizing the search for the best solutions. Most EAs use a
duration of the broadcasting process, maximizsingle population (panmixia) of individuals and
ing the network coverage, and minimizing theapply operators to them as a whole (see Fig. 3a).
number of transmissions. Thus, we have dein contrast, there exists also some tradition in
fined a triple objective MOP, which is called using structured EAs, where the population is
DFCNT (which stands for DFCN Tuning). As decentralized somehow. Among the many types
we stated before, this problem is defined by af structured EAsdistributed and cellular al-
given target network in which the DFCN broad- gorithms are two popular optimization vari-
casting strategy is used. Since three differenants [19,20] (see Fig. 3). In many cases [21],
real world metropolitan MANETs have beenthese decentralized algorithms provide a better
considered, three instances of DFCNT are tsampling of the search space resulting in im-
be solved:DFCNT.Mall, DFCNT.Metropolitan  proved numerical behavior with respect to an
andDFCNT.Highway equivalent algorithm in panmixia.



Algorithm 1 Pseudocode for a Canonical cGA

1: proc Steps_Up(cga) //Algorithm parameters in ‘cga’

2: while not Termination_Condition() do

for individual «— 1 to cga.popSize do
n_list«—Get_Neighborhood(cga,position(individual));
parents<—Selection(n_list);
offspring«—Recombination(cga.Pc,parents);

offspring«—Mutation(cga.Pm,offspring);

Evaluate_Fitness(offspring);
Insert(position(individual),offspring,cga,aux_pop);

end for

11:  cga.pop«—aux_pop;

12: end while

13: end_proc Steps_Up;

P
S0P UEW

In this work, we focus on Cellular Genetic 3). An individual may only interact with indi-
Algorithms (cGAs). In cGAs, the concept of viduals belonging to its neighborhood (line 4),
(small) neighborhoodis intensively used; this so the parents are chosen among its neighbors
means that an individual may only interact with (line 5) with a given criterion. Crossover and
its nearby neighbors in the breeding loop [22].mutation genetic operators are applied to the in-
The overlapped small neighborhoods of cGAdividuals in lines 6 and 7, with probabilities.
help in exploring the search space because thend P,,, respectively. After applying these oper-
induced slow diffusion of solutions through the ators, the algorithm computes the fitness value
population provides a kind of exploration (diver- of the new offspring individual (or individuals)
sification), while exploitation (intensification) (line 8), and inserts it (or one of them) into the
takes place inside each neighborhood by genetiequivalent place of the current individual in the
operations. These cGAs were initially designechew (auxiliary) population (line 9) following a
for working in massively parallel machines, given replacement policy.

although the model itself has been adopted re-

cently also for mono-processor machines, withAfter applying this reproductive cycle to all the
no relation to parallelism at all. Besides, theindividuals in the population, the newly auxil-
neighborhood is defined among tentative soluiary population is assumed to be the new popu-
tions in the algorithm, with no relation to the lation for the next generation (line 11). This loop

geographical neighborhood definition in theis repeated until a termination condition is met
problem space. (line 2). The most usual termination conditions

are to reach the optimal value, to perform a max-
imum number of fitness function evaluations, or

_ _ a combination of both of them.
4.1 Cellular Genetic Algorithms

4.2 A Multi-Objective cGA: cMOGA

In this section, a detailed description of a canon-

ical cGAis presented (we include a pseudo-codén this section we present a multi-objective al-
in Algorithm 1). In this basic cGA, the popula- gorithm based on a cGA model. Although other
tion is usually structured in a regular grid éf cellular-like genetic approaches exist in the liter-
dimensionsd = 1, 2, 3), and a neighborhood is ature, to the best of our knowledge, none of them
defined on it. The algorithm iteratively consid- follows the canonical cGA model (Algorithm 1).
ers as current each individual in the grid (lineln [3], a multi-objective evolution strategy fol-



Algorithm 2 Pseudocode of cMOGA

1: proc Steps_Up(cmoga) /IAlgorithm parameters in ‘cmoga’
2: Pareto_front = Create_Front() //Creates an empty Pareto front
3: while !TerminationCondition() do

4 for individual «— 1 to cmoga.popSize do

5: n_list«—Get_Neighborhood(cmoga,position(individual));
6: parents<Selection(n_list);
7 .
8
9

offspring<— Recombination(cmoga.Pc,parents);
offspring«—Mutation(cmoga.Pm,offspring);
: Evaluate_Fitness(offspring);
10: Insert(position(individual),offspring,cmoga,aux_pop);

11: Insert_Pareto_Front(individual);
12:  end for

13:  cmoga.pop+—aux_pop;

14: end while

15: end_proc Steps_Up;

lowing a predator-prey model is presented. Thisnanage the insertion of solutions in the Pareto
is a model similar to the cGA, because solutiondront with the goal of obtaining a diverse set, a
(preys) are placed on the vertices of a undirectedrowding procedure has been used.

connected graph, thus defining neighborhoods,

where they are ‘caught’ by predators. MurataCMOGA starts creating an empty Pareto front
and Gen have presented in [4] a cellular algo{line 2 in Algorithm 2). Individuals are arranged
rithm in which, for ann-objective MOP, the pop- in @ 2-dimensional toroidal grid, and the genetic
ulation is structured in an-dimensional weight Operators are successively applied to them (lines
space, i.e., the location of the individuals (called” and 8) until the termination condition is met
cells) corresponds to their weight vector, which(line 3). Hence, for each individual, the algo-
are uniformly specified according to the popu-l’ithm consists in selecting two parents from its
lation size. Finally, in [5] a metapopulation evo- neighborhood, recombining them in order to ob-
lutionary algorithm (called MEA) is presented. tain an offspring, mutating it, evaluating the re-
This algorithm is a cellular model with the pe- sulting individual, and inserting it in both the
culiarity that disasters can occasionally happeuxiliary population (if it is not dominated by the
in the population, thus dying all the individuals current individual) and the Pareto front (follow-
located in the disaster area (extinction). Addi-ing a crowding procedure). Finally, after each
tionally, these empty areas can also be occupiegeneration, the old population is replaced with
by individuals (colonization). Thus, this model the auxiliary one.

allows a flexible population size, combining the

ideas of cellular and spatially distributed popu-
lations. 4.3 Dealing with Constraints

A pseudo-code of our cMOGA is given in Algo- To deal with constrained MOPs, cMOGA uses
rithm 2. We can observe that Algorithms 1 and 2a simple approach also encountered in other
are very similar. One of the main differences be-multi-objective evolutionary algorithms, like
tween the two algorithms is the existence of aNSGA-II [23] and microGA [24]. Whenever
Pareto front(Definition 5) in the multi-objective two individuals are compared, their constraints
case. The Pareto front is just an additional popuare checked. If both are feasible, a Pareto dom-
lation composed of the non-dominated solutiongnance test (Definition 3) is directly applied. If
found, which has a maximum size. In order toone is feasible and the other is infeasible, the



former dominates. In other case, if both the in-Table 1 _
dividuals are infeasible, then the one with theParameterization used in cMOGA
lowest amount of constraint violation dominates "°PU/2on Size 100 Indviduals {0 10)

Stopping Condition 25000 Function Evaluations

the other.
Neighborhood NEWS
Selection of Parents Current Individual + Binary Tournament
Recombination Simulated Binary,p. = 1.0

5 Experiments Mutation Polynomial, p, = 1.0/L

(L = Individual Length)
. . . . . Replacement Repif _Non_.Dominated

In this section, we first describe the parameteri- P o !

Archive Size 100 Individuals

zation used by cMOGA. Next, the configurations
of the network simulator for the three defined
environments are described. Finally, we analyze
the obtained results for bothFCNT and cD-
FCNT and compare them.

Crowding Procedure Adaptive Grid

cMOGA has been implemented in Java and
tested on a PC with a 2.8 GHz Pentium IV

processor with 512 MB of RAM memory, and erator (SBX) [25] with probabilityp, = 1.0. As
running SUSE Linux 8.1 (kernel 2.4.19-4GB). ts name suggests, SBX simulates the working
The Java version used is 1.508. principle of the single-point crossover on binary
genotypes. It basically consists in splitting the
chromosomes of the two parents in two portions,
5.1 cMOGA Parameterization and merging the portions of different parents to
generate two new offsprings. The mutation oper-

In Table 1 we show the parameters used bytor used is the so callgmwlynomial and itis ap-
cMOGA. A square toroidal grid of 100 individ- plied to every allele of the individuals with prob-
uals has been chosen for structuring the popuability p,, = 1.0/L. Polynomial mutation [25]
lation. The neighborhood used is composed ofs characterized because it uses the polynomial
5 individuals: the considered individuals plusprobability distribution to perturb the variables.
those located at its North, East, West, and Soutfihe resulting offspring replaces the individual at
(called NEWS, Linear5 or Von Neumann neigh-the current position if the latter does not domi-
borhood). Due to the stochastic nature of thenate the former. For inserting the individuals in
Madhoc simulator, five simulations per function the Pareto front, aadaptive grid algorithnj26]
evaluation are performed and the fitness valuets used. It consists in dividing up the objec-
of the functions are computed as the average dfve space in hypercubes with the goal of bal-
the values obtained in each of these simulation@incing the density of non-dominated solutions
This important detail has a considerable influ-in the hypercubes. Then, when inserting a non-
ence in the running time to solve the problem,dominated solution in the Pareto front, its grid
and explains why reporting 30 independent rungocation in the solution space is determined. If
of the algorithm in our tests represents a high efthe Pareto front is already full and the grid lo-
fort in studying this problem, since we want to cation of the new solution does not match with
ensure statistical confidence on the results.  the most crowded hypercube, a solution belong-

ing to that most crowded hypercube is removed
We use the simulated binary recombination opbefore inserting the new one.

10
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Fig. 4. The three studied scenarios for MANETS.
5.2 Madhoc Configuration we are modelling people walking. We have de-

fined for this work a shopping center of 20200

square meters of surface with densities of 800
As we stated in Section 3.1, we have definedtores and 2 000 devices per square kilometer.
three different environments for MANETs mod- Stores are circles of radius between 1 and 10 me-
elling three possible scenarios that can be foungkrs, and the obstruction of the walls is computed
in real world. Their main features are explainedwith a penalty of the 70% in the signal strength.
in Sections 5.2.1 to 5.2.3, and they are sumfinally, devices travel with a speed ranging be-
marized in Table 2. We show in Fig. 4 exam-tween 0.3 and 1 m/s in the corridors and between

ple MANETSs for each of the studied scenarios.0.3 and 0.8 m/s when they are inside the stores.
These example networks were obtained by using

the graphical interface of Madhoc with exactly Regarding the mall environment, it is worth
the same parameterization suggested in our pratoting that the resulting connection graph is
posed benchmark. We consider that the broadjuite dense (see Fig. 4). The reason for that
casting is completed when either the coveragés that the coverage of mobile devices ranges
reaches 100% or it does not vary in a reasonableetween 40 and 80 meters (randomly selected
period of time (set to 1.5 seconds after some exvalue), and the simulation area is small. Hence,
perimentation). This point is important since anthe problemsDFCNT.Mall and cDFCNT.Mall
improper termination condition will lead us to are more difficult to solve due to the broadcast
bad results or slow simulations. storm problem [27]. This problem consists in

severe network congestions provoked by packet

re-emissions due to frequent packet collisions.
5.2.1 The Mall Environment

In this section we proceed to explain the params.2.2 The Metropolitan Environment
eterization we used for modelling the mall en-

vironment. In malls, the density of both shopsin this second environment we study the behav-
(spots) and devices is usually very high. Ad-ior of DFCN in a metropolitan MANET. For

ditionally, there exist walls which attenuate themodelling this environment we set a surface of
signal and limit the movements of devices, and400x400 square meters, with a density of 50
these movements are usually very slow, sincepots (standing for crossroads) per square kilo-

11



Table 2
Main features of the proposed environments

Mall Metropolitan Highway
Surface 40 000 n? 160 000 i 1 000 000 r4
Density of spots 800 (shops/krf) 50 (crossroads/ki 3 (joints/knt)
Speed out of spots 0.3-1 m/s 1-25 m/s 30-50 m/s
Devices Speed in spots 0.3-0.8 m/s 0.3-10 m/s 20-30 m/s
Density 2 000 dev./km 500 dev./km 50 dev./km
Wall obstruction 70% 90% 0%

meter having a circle surface of radius betweerf devices, travelling at high speeds. Thus, we
3 and 15 meters. The wall obstruction is in thisused thehuman environmerdcenario provided
case higher than for the mall environment (upby Madhoc for modelling the network with the
to 90%), and the density of devices is 500 unitpeculiarity of setting the wall obstruction to 0%.
per square kilometer. When setting the speed ofhe simulated surface was set to 16A@00
devices, the cases when people move on foot aquare meters with a density of only 50 devices
by car must be taken into account, so its valuger square kilometer. These devices travel at ran-
ranges between 0.3 and 10 m/s when they are idom speeds between 30 and 50 m/s. We de-
a crossroad, and between 1 and 25 m/s in othdine the roads as the straight line connecting two
case (streets). spots, and we establish a density of only 3 spots
(highway entrances and/or exits) for modelling
In Fig. 4, it can be seen that the resulting netthe scenario. The speed of devices in the spots
work in a metropolitan area is not as dense amust be reduced to the range between 20 and
that of the mall environment. Generally speak-30 m/s. The size of each spot (length of the en-
ing, this kind of network is composed of a few trance/exit) is set to a random value between 50
number of subnetworks, which are usually con-and 200 meters (spots radigg25, 100] meters).
nected one each other by only a few links, typi-
cally one or two, or even zero (unconnected sub-
networks). Additionally, some devices could not

be part of any subnetwork (isolated nodes). Th?t can be seenin Fig. 4 how the resulting network

topology (.)f this netwc;rtla cz;n (_:hange '? a fﬁl_s'[using this parameterization is composed by a set
_manrrllgrl, smcteh_sohme 0 q eAI(IE\t/rllceS ?retrave d'qc%f multiple (usually disconnected) sub-networks

In vehicles at high Speeds. ese features di involving a small number of devices (even only
ficult the broadcasting task, and that makes in-

¢ ting the studv of this kind of networks f one). The existence of these small and uncon-
uesres INg the study ot this kind of NEWOTKS 10 o cted networks supposes a hard obstacle for the

task of the broadcasting protocol. Additionally,
the topology of the network changes very fast
due to the high speed on the devices movement.
5.2.3 The Highway Environment Hence, as a consequence of these high speeds,

new subnetworks are continuously being made
As we previously commented in Section 3.1,and disappearing, what hinders the broadcasting
this environment is composed by a few numbeiprocess even more.

12



Table 3
Results of cMOGA for the threBFCNT instances

Environmment Time (hours) Number of Pareto optima
DFCNT.Mall 66.12.7.94 97.71:3.20
DFCNT.Metropolitan ~ 108.21.g 41 93.40:15.02
DFCNTnghway 47-57:|:0.42 52.27:|:10.99
5.3 DFCNT Results obey the same criterion for considering that the

broadcasting process is done in the three envi-

ronments. Hence, tuning this criterion for each
We now turn to present and analyze the obtainednvironment will lead us to better results.
results for theDFCNT problem (Section 3.3)
with the three environments. Let us remind thatAs an example of the diverse and wide set of
this problem is composed of five decision vari-solutions reported by the multi-objective opti-
ables and three objective functions. All the val-mizer, we plot in Fig. 5 an example Pareto front
ues presented are the average over 30 indepeobtained with cMOGA for the three studied en-
dent runs of cMOGA. vironments. Best solutions are those implying

(i) high coverage, (ii) low bandwidth, and (iii)
In Table 3 we show the mean and the stana short duration of the broadcasting process, (i)
dard deviation of the execution time (in hours)and (ii) being the most important parameters.
and the number of non-dominated solutiongn fact, Pareto optima in these fronts reaching
found by cMOGA for the threeDFCNT in-  a coverage over 95% need on average 3.77 sec-
stances: DFCNT.Mall DFCNT.Metropolitan onds and 17.25 messages for mall, and 13.78
and DFCNT.Highway As can be seen, the ex- seconds and 75.71 messages (i.e., intense band-
ecution time of an algorithm run is very long, width usage) in the case of the metropolitan area.
since it ranges from 1.98 days for the high-In contrast, in the case of the highway environ-
way scenario, up to 4.51 days in the case ofnent only 5 solutions of the Pareto front have a
DFCNT.Metropolitan The reason is the high coverage over 95% (38 f@FCNT.Malland 16
cost of computing the fitness function, since wefor DFCNT.Metropolitai), achieving an average
launch five simulations per evaluation, and eaclyf 74.88 messages sent in 13.37 seconds, which
run of the simulator requires between 1 andare values similar to those of the metropolitan
4 seconds. Regarding the number of solutiongrea. Finally, notice that if coverage were not
found, the obtained results are highly satisfaca hard constraint in our network, we could use

tory in the threeDFCNT instances, since the very cheap solutions in terms of time and band-
number of different solutions found is 97.77, width for the two environments.

93.40, and 52.27 on average (the maximum is

100) for DFCNT.Mall, DFCNT.Metropolitan Comparing the three graphics, it is possible to
and DFCNT.Highway respectively. Thus, we observe that the broadcasting is more efficient
allow the decision maker to choose from a widein the mall environment than in the other two
range of possibilities. Notice that the numbercases, since it takes less than 8 seconds (dura-
of solutions composing the Pareto front de-tion), transmitting always less than 23 messages
creases when decreasing the density of the nefbandwidth), and reaching more than 40% of the
work (i.e., increasing the surface and decreasindevices (coverage). However, in the metropoli-
the number of devices). This is because wean and highway environments the broadcasting
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Fig. 5. Pareto fronts for the three environments andDRENT problem.

process is usually longer, with a greater numbea consequence of the different topology of the
of transmitted messages, and the coverage is imetworks, since the high connectivity of the de-
some cases less than 10%. Finally, although theices in the mall environment allows that one
front obtained for the highway environment hasmessage can reach much more devices than in
similar bounds that those observed in the casthe case of the other two studied environments.
of the metropolitan area, the diversity is muchConversely, this high connectivity increases the
lower in the former. risk of a broadcast storm, makiigFCNT.Mall
very difficult to solve. From our results we can

The difference on the coverage of solutionsconclude that cMOGA has dealt with the prob-
found in the three environments should be exiem successfully.

pected, since the probability of having isolated

subnetworks (composed of one or more devices)he Pareto fronts on Fig. 5 expose the design
grows when increasing the simulation surfaceobjectives of the DFCN protocol: most of the
and decreasing the number of devices. Hencealots (in the center of the clouds) provide sets
the difference in the quality of the solutions is of parameters that make DFCN achieving a cov-
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Fig. 6. Pareto fronts for the three environments andcECNT problem.

Table 4
Results of cMOGA for the three instances

Environmment Time (hours) Number of Pareto optima

Mall 56.53_‘:10_56 13.47:|:2.70
Metropolitan 106.15:9 11 5.57:1.98
Highway 46.99, 4 39 3.4011.76
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erage rate close to 100%, keeping the networkvhether a new solution is dominated or not by
throughput very low. What makes the DFCNTthe current front. Second, since a lower num-
problem particularly interesting from an applica- ber of points is found for the constrained MOP,
tive point of view is that it permits the decision this previous test is still less costly, because of
maker to discard this default behavior by settinghe lower number of comparisons. As it was
a degree of coveragéor the broadcasting ap- stated before, if we analyze the non-dominated
plication. Indeed not all applications require thesolutions found, results show that the number of
maximization of the coverage rate. For examplepoints has been drastically reduced in the three
local advertising—which consists in spreading studied environments with respect to the uncon-
advertisement messages to devices a few hosrained instances. This indicates that the cover-
away from the source— need the broadcastingge constraint made the problem very hard (spe-
process to cease after a while. Sometimes higtially for the metropolitan and highway environ-
coverage is even to be avoided. For example tryments), maybe excessively hard if the designer
ing to achieve a high coverage on metropolitans satisfied with thdDFCNT scenatrio.
MANETs (which may realistically be made of
thousands devices) is harmful, since it is likelyFig. 6 depicts three typical Pareto fronts corre-
to lead to severe network congestions. sponding to the three proposed instances{
FCNT. The relationship between the two objec-
tive functions is clear in the three cases: if a mes-
5.4 cDFCNT Results sage has to be rapidly broadcasted, it involves
using a high bandwidth. Otherwise, cheap solu-
tions in terms of bandwidth could be obtained
Now we analyze the results of theDFCNT by considering long duration times. Once more,
problem, where the coverage has become @ne can see that the solutions for the metropoli-
constraint: at less, the 90% of the devices mudian and highway environments are more expen-
receive the broadcasting message. This waygive than in the case of the mall environment
cMOGA has to find solutions with a tradeoff (in terms of time and bandwidth used). The low
between bandwidth and duration of the broadnumber of points found for the metropolitan and
casting process. Just like f@FCNT, Table 4 highway environments with respect to the mall
presents the average time and the number @fnvironment can be explained by the lower final
Pareto optima that cMOGA is able to find coverage found in the solutions due to the net-
over 30 independent runs when solvin-  work topology, as we previously commented in
FCNT for the three instancexDFCNT.Mall  the case oDFCNT problem.
cDFCNT.MetropolitanandcDFCNT.Highway
As suggested before, broadcasting protocols all
Regarding the execution timeDFCNT can be follow the next rule: the more opportunistic they
solved a bit faster than its unconstrained counare the faster they proceed (by not considering
terpart for the mall environment (56.53 againstthe impact of packet collisions), but the higher
66.12 hours), although the difference is smallebandwidth they use. DFCN has been designed
(about 2%) in the cases of the metropolitan areavith this in mind: its behavior —when used with
(106.15 against 108.21 hours) and the highwawpppropriate parameters— make it break this rule.
environment (46.99 versus 47.57). Two reasonslerein, since we seek for Pareto-optimal set of
can explain this behavior. First, dominance testparameters, our objective is different. Conse-
are less costly due to the lower number of ob-quently the common behavior exhibited by all
jectives, thus reducing the time needed to checkroadcasting protocol shows up on the Pareto
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Table 5
Results of the-tests comparinddFCNT andcDFCNT

DFCNT cDFCNT  pvalue

Mall Time (hours) 66.127 94 56.5310.56 +
a

Pareto optima 97.7490 93.40.15.02 +

_ Time (hours) 108.21541 106.15.9.11 -
Metropolitan

Pareto optima 93.40s502  5.5711.98 +

_ Time (hours)  47.57p42  46.994 32 —
Highway

Pareto optima 52.24099  3.40:1.76 +

fronts. The latters remind that achieving verybeen performed after ensuring that data follow a
short duration times entails high bandwidth andhormal distribution (by using the Kolmogorov-
that very low bandwidth is only achievable by Smirnov test). The+' symbols of column p-
using slow forwarding policies. Aside to this value” in this table indicate that the two distri-
asymptotic behaviors, the Pareto fronts alsdutions have passed the test, i.e., they are truly
show that DFCN can be tuned in such a way thastatistically different, and, therefore, there ex-
it permits to obtain a reasonably short durationists a statistical confidence for the two previous
of the broadcasting process while keeping thelaims. Conversely,~’ means that no statistical
network throughput (e.g., the number of packetifferences were found after applying the test.
emission) low. Since good coverage is guar-

anteed, these settings are appropriate to most

broadcasting applications. ,
6 Conclusions and Further Work

5.5 Comparing DFCNT and cDFCNT This paper presents a first approximation to the
problem of optimally tuning DFCN, a broad-
casting protocol for MANETS, using cMOGA, a
As we stated before, two facts can be deduceflew cellular multi-objective genetic algorithm.
from Table 3 and Table 4: first, solvilQFCNT c¢cMOGA has been used to solve two formu-
instances are more costly theaDFCNTinterms  |ations of the problem; the first one, named
of the computational power (the difference getsDFCNT, is defined as a triple-objective MOP,
more important when growing the number ofwith the goals of minimizing the duration of the
devices) and, second, cMOGA is able to find eroadcasting process, maximizing network cov-
higher number of Pareto optima fOFCNTthan  erage, and minimizing the network usage; the
for cDFCNT (what shows the higher complexity second onecDFCNT, is a bi-objective MOP,

of cDFCNT). In this section we compare theseconsidering the coverage objective as a con-
results from an statistical point of view by pro- straint.

viding these claims with confidence. For such

purpose, we have performed several statisticalhree different realistic scenarios were used.
tests {-tests) at the 95% significance level whoseWNe are then solving three different instances
results, along with a summary of Tables 3 and 4pf each MOP. They correspond to a shop-
are presented in Table 5. Thdseests tests have ping center DFCNT.Mall and cDFCNT.Mal)
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the streets in a city IFCNT.Metropolitan
and cDFCNT.Metropolitap, and a wide non-
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