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Abstract

Many of the optimization problems from the real
world are multiobjective in nature, and the reference
algorithm for multiobjective optimization is NSGA-II.
Frequently, these problems present a high complexity,
so classical metaheuristic algorithms fail to solve them
in a reasonable amount of time; in this context, par-
allelism is a choice to overcome this fact to some ex-
tent. In this paper we study three parallel approaches
(a synchronous and two asynchronous strategies) for
the NSGA-II algorithm based on the master-worker
paradigm. The asynchronous schemes are designed to
be used in grid systems, so they can make use of hun-
dreds of machines. We have applied them to solve a real
world problem which lies in optimizing a broadcasting
protocol using a network simulator. Our experiences
reveal that significant time reductions can be achieved
with the distributed approaches by using a grid system
of more than 300 processors.

1. Introduction

Many sectors of the industry are concerned with
complex problems of great dimension that must be op-
timized. Most of these problems have more than one
function to optimize, which are frequently contradic-
tory. This kind of problems is known as multiobjective
optimization problems (MOPs). Multiobjective opti-
mization is a discipline devoted to solve this kind of
problems. The solution to a given MOP, in contrast to
single-objective optimization, is not given by a single
solution, but a set of non-dominated solutions, known
as Pareto optimal set. The representation of this set
on the objective space is known as Pareto front.

As in single-objective optimization, there are two
different ways for solving a MOP. On the one hand,

exact techniques allow to obtain the optimal solution
to a given problem; however, these techniques become
unfeasible when they must deal with NP-hard prob-
lems, because of the huge amount of time needed to
solve them. On the other hand, stochastic techniques
are approximate strategies, so they do not guarantee
to obtain optimal solutions, but they can produce high
quality solutions in a reasonable amount of time.

Metaheuristics are a family of stochastic techniques
that have been used to solve optimization problems
[15]. Among them, multiobjective evolutionary algo-
rithms (MOEAs) are widely used for solving MOPs
[7][9] because they produce a complete set of solu-
tions in a single run. In multi-objective optimization,
NSGA-II [10], a genetic algorithm (GA), is the most
widely known metaheuristic, and it is considered the
reference algorithm in the field.

Although metaheuristics allow to reduce the time
needed to produce safisfactory solutions for a given
MOP, they have limitations to solve MOPs whose ob-
jective functions require minutes and hours to be com-
puted, as use to happen in many real world problems.
In this context, parallelism is a choice to overcome this
issue to some extent. This way, a parallel MOEA exe-
cuted in a system composed of many processors can
provide solutions to a MOP in an acceptable time.
This idea is particularly interesting when using grid
systems [14], which are large-scale distributed systems
composed of potentially thousands of computing re-
sources that take advantage of the Internet infrastruc-
ture to provide a huge unique virtual supercomputer.

In this paper we study three parallel approaches for
the NSGA-II metaheuristic on the grid. The three
schemes are based on the master-slave paradigm. To
address our study, we carry out firstly a comparison
of the original NSGA-II algorithm, which is a genera-
tional GA, against a steady state version of it. This
comparison is intended to provide us with an insight



of the influence of using a steady state approach in
NSGA-II, because parallel schemes of steady state GAs
have been successfully applied in a similar context in
mono-objective optimization (e.g., see [20]), so it is an
interesting choice to be applied to NSGA-II. Secondly,
we propose the following parallel schemes to NSGA-II
according to whether the resulting parallel GA is syn-
chronous or asynchronous: synchronous generational,
asynchronous generational, and asynchronous steady
state. Finally, we apply all the approaches to solve a
real world MOP from the telecommunication domain.

The rest of this work is structured as follow. Sec-
tion 2 contains a brief review of related works of par-
allel multiobjective metaheuristics. Sections 3 and 4
are devoted to describe the NSGA-II algorithm and its
parallel versions, respectively. In Section 5 we describe
the test that we have carried out with the sequential
versions of NSGA-II and in Section 6 we discuss the
obtained results. Section 7 presents the application of
a parallel approach to the optimization of a broadcast-
ing protocol. Finally, Section 8 includes the conclusion
and future work.

2. Related Works

In this section we review works related to proposals
dealing with the parallelization of NSGA-II. As it is
the most popular multiobjective metaheuristic, many
researchers have proposed parallel versions based on it.
A number of works are related to apply an island model
to distribute the search for the Pareto front among sev-
eral processors. We briefly comment three of them.
In [11], a guided dominance approach is used to allo-
cate to processors tasks of finding particular regions of
the Pareto front, althouth these have the requirement
of being convex. A geometrical approach to subdivide
the search for the Pareto front is presented by Branke et
al. in [5]; the resulting island-based NSGA-II performs
well on bi-dimensional MOPs, but the distribution of
individuals is not good on problems with three objec-
tives. Finally, Streichert et al. [21] propose the use of
clustering algorithms and the combination of the is-
land model with a divide and conquer strategy; as a
result, they prove that their distributed NSGA-II does
not perform well in the considered test MOPs.

Concerning to the application of the master-slave to
NSGA-II, some authors have used this paradigm with
the goal of reducing the time needed by the sequential
algorithm, like [3][4][8][6]. In these works no details
about the number of machines or the environment are
given and in all of them a synchronous behavior (i.e.,
the individuals are evaluated in parallel, but the behav-
ior of the parallel algorithm is the same than an equiv-

alent sequential version) is used. A more detailed de-
scription of the parallel approach applied to NSGA-II
is given in [16]. The proposed algorithm aims at adapt-
ing the grain of computation in the slaves with the idea
in mind of executing the resulting parallel program in
heterogeneous systems (e.g., grid computing systems).
The hardware platform is composed of 50 PCs run-
ning Linux, belonging to four clusters. The reported
results indicate a high search ability of the proposed
model combined with a good performance concerning
the computing resources.

Compared with these proposals, our work is unique
in the following issues: the analysis of synchronous ver-
sus asynchronous master-slave models based on NSGA-
II, the statistical metholodogy applied, and the use of
more than 300 processors.

3. The NSGA-II Algorithm

This section is devoted to describe NSGA-II and to
present its steady state version.

The NSGA-II algorithm was proposed by Deb et
al. [10]. It is a GA based on obtaining a new offspring
population from the original one by applying the typ-
ical genetic operators (selection, crossover, and muta-
tion); then, the individuals in the two populations are
sorted according to their rank, and the best solutions
are chosen to create a new population. In the case of
having to select some individuals with the same rank,
a density estimation based on measuring the crowd-
ing distance to the surrounding individuals belonging
to the same rank is used to get the most promising
solutions.

NSGA-II is a generational algorithm, in which there
is a current population that is used to create an aux-
iliary one (the offpring population); after that, both
populations are combined to obtain the new current
population. Typically, both the current and the auxil-
iary populations have the same size.

An alternative to a generational GA is a steady state
GA, which basically means that there is only a popu-
lation, without using an auxiliar one. This way, new
individuals are incorporated immediately in the evolu-
tionary cycle, so parents and offspring coexist in the
same population. As a consequence, steady state GAs
are characterized by incrementing the intensificacion
capability of the search process.

A steady state version of NSGA-II can be easily im-
plemented by using an offspring population of size 1.
This means that the ranking and crowding procedures
have to be applied each time a new individual is cre-
ated, so the computational complexity of the algorithm
will increase notably. As we are interested in solving



computational expensive MOPs, the computing time
of the algorithm is not so important. Furthermore, our
idea is to use this scheme as the basis of a parallel ver-
sions, so what really matters in this context is to know
about the search capability of the steady state version
against the original NSGA-II. In the rest of this work
we will refer to the steady state version as NSGA-IIss

and, in the same manner, the original algorithm will
be named NSGA-IIgen.

4. Parallel versions of NSGA-II

In this section we describe the three parallel ap-
proaches that we have proposed for NSGA-II. As men-
tioned earlier, all of them are based on the master-slave
model.

4.1 Synchronous NSGA-II (NSGA-IIsyn
gen)

A direct application of the master-slave to NSGA-II
lies simply in evaluating the offspring population in
parallel. We refer to this version as synchronous gen-
erational NSGA-II, or NSGA-IIsyn

gen for short. In this
approach, a master process executes the base code of
NSGA-II, and the workers evaluate the objective func-
tions of each new individual. This way, if the popula-
tion size is N , the same number of individuals are cre-
ated and sent to the workers for evaluation; when all of
them have been evaluated and returned to the master,
the offspring population is filled and a new generation
of NSGA-II is completed.

The behavior of NSGA-IIsyn
gen is the same than que

sequential algorithm, and its parallel performance will
depend on the number of available processors. It is
clear that a maximum of N processors will be used,
so this algorithm will not take advantage of a higher
number of processors.

It is worth mentioning that many variants of this
scheme could be envisioned; for example, given a new
individual, each of its objective functions could be eval-
uated in parallel, thus making use of number of proces-
sors higher than N . In this study we are interested in
applying basic schemes, so we will not consider further
variants of the proposed algorithms.

4.2 Asynchronous Generational NSGA-II
(NSGA-IIasy

gen)

The idea in this approach is to make use of all the
available processors, which use to be larger than the
population size of the algorithm in grid systems (typi-
cally, the value of N is 100). With this goal in mind,
the asynchronous generational NSGA-II (NSGA-IIasy

gen)

is based on NSGA-IIsyn
gen but, instead of creating N in-

dividuals in the master, if the number of processors is
P , then P individuals will be generated. Furthermore,
when an evaluated individual is received by the mas-
ter, a new one is created and sent to an idle worker;
in fact, if W idle workers are detected, W individu-
als will be created. The NSGA-IIasy

gen algorithm is still
generational, because when the offspring population is
filled, a new generation takes place, leading to a new
population.

In NSGA-IIasy
gen, the master does not have to wait

until all the individuals of a generation have been eval-
uated; hence, we consider it as having an asynchronous
behavior. As a consequence, the search capabilites of
this algorithm are different compared to NSGA-II, be-
cause now it is possible that individuals which are gen-
erated later can be inserted into the evolutive cycle
before than individuals generated earlier. An advan-
tage of NSGA-IIasy

gen is that all the processors in the
system can be used in the computation.

4.3 Asynchronous Steady State NSGA-II
(NSGA-IIasy

ss )

As commented before, the steady state scheme in
GAs allows to improve the exploitation of the search, so
the purposes of the asynchronous steady state NSGA-
II (NSGA-IIasy

ss ) is twofold: to achieve this behavior in
a master-slave NSGA-II and to reduce the time needed
to solve MOPs using as many processors as possible.

In NSGA-IIasy
ss , the master also generates as many

individuals as available processors. Once each evalu-
ated solution is received, it is inserted in the popu-
lation applying ranking and crowding. As in NSGA-
IIasy

gen, when idle workers are detected, new individuals
are created and sent for evaluation.

4.4 Implementation Details

This section is aimed at describing the software that
we have used to implement our proposals and to deploy
them in a parallel environment.

We have used the NSGA-II implementation pro-
vided by jMetal [13]. jMetal stands for Metaheuris-
tic Algorithms in Java, and it is an object-oriented
Java-based framework aimed at facilitating the devel-
opment, experimentation, and study of metaheuris-
tics for solving multiobjective optimization problems
(MOPs). jMetal is open source software, and it can be
freely obtained from http://neo.lcc.uma.es/metal.

To deploy our algorithms in a distributed environ-
ment we have implemented a software tool called spar-
row. Sparrow is inspired in MW [19], a C++ frame-



work developed on top of Condor [22] to implement
master-worker applications in grids. Our motivation
when developing Sparrow is that our needs are related
to Java programs, so MW is not adequate for us, and
existing Java based plaftforms (e.g., Proactive [2]) are
too heavy-weighted for our purposes.

Sparrow is written using JDK 5.0, and no additional
libraries are needed to use it. It is composed of three
components: worker, driver, and workerServer. Each
worker runs on a processor, and its behavior lies in
executing a task sent by the driver; the workerServer
contains information about the workers (how many are
available, how many are computing taks, etc); finally,
the driver executes the master-slave application. To
develop an application with Sparrow, the programmer
has to define the task to be computed by the workers,
the result returned when a task is completed, and some
methods defining the main body of the algorithm.

The current version of Sparrow contains some de-
sirable properties. First, as it is written in Java, it
is portable to many platforms. Second, it is easy to
deploy and to be used, since the users only have to re-
define a small set of methods. Finally, it incorporates
mechanisms providing fault tolerance and allowing to
discover new machines in the system.

5. Metodology of the Experiments

This section is devoted to describing the methodol-
ogy that we have used in the experiments carried out
in this work. First we present the benchmark problems
that we have used to compare NSGA-II and its steady
state version, NSGA-IIss. After that, we present the
quality indicators used to measure the search capabil-
ity of our proposals. Finally, we describe the statistical
test that we have applied to ensure the confidence of
the obtained results.

5.1 Test Problems

To have an insight of the search capability differ-
ences between NSGA-IIgen and NSGA-IIss, we have
chosen the ZDT family of MOPs as benchmark [24].
These problems are well-known and have been used in
many studies in this area. This benchmark is com-
posed of five bi-objective problems [24]: ZDT1 (con-
vex), ZDT2 (nonconvex), ZDT3 (nonconvex, discon-
nected), ZDT4 (convex, multimodal), and ZDT6 (non-
convex, nonuniformly spaced).

5.2 Quality Indicators

To assess the performance of algorithms on the test
problems, two different issues are normally taken into
account: the distance between the Pareto front gener-
ated by the proposed algorithm to the exact Pareto
front should be minimized and the spread of solu-
tions found should be maximized in order to obtain as
smooth and uniform a distribution of vectors as possi-
ble. According to these two properties, the indicators
to measure the quality of the obtained Pareto fronts
can be classified into three categories depending on
whether they evaluate the closeness to the Pareto front,
the diversity in the solutions obtained, or both [9].

We have adopted one indicator of each type. The In-
verted Generational Distance (IGD) measures how far
the elements are in the Pareto optimal set from those
in the set of non-dominated vectors [23]; the Spread is
a diversity metric that measures the extent of spread
achieved among the obtained solutions [10]. Finally, we
include the Hypervolume (HV ) indicator, which mea-
sures both convergence and diversity [25].

To apply the IGD and the Spread indicators it is
necessary to know the exact location of the true Pareto
front. In the case of the problems belonging to the
ZDT family they are known, while in the case study
(see Section 7) the front is unknown. For this reason,
we will use only the HV quality indicator on the real-
world MOPs.

5.3 Statistical Tests

Since we are dealing with stochastic algorithms and
we want to provide the results with confidence, we have
made 30 independent runs of each experiment, and
the following statistical analysis has been performed
throughout this work [12]. Firstly, a Kolmogorov-
Smirnov test was performed in order to check whether
the values of the results follow a normal (gaussian) dis-
tribution or not. If the distribution is normal, the
Levene test checks for the homogeneity of the vari-
ances. If samples have equal variance (positive Lev-
ene test), an ANOVA test is done; otherwise a Welch
test is performed. For non-gaussian distributions, the
non-parametric Kruskal-Wallis test is used to compare
the medians of the algorithms. In the case of normal
distributions, we include the mean x̄ and the standard
deviation σn in the tables containing the results; oth-
erwise, we use the median x̃ and interquartile range
IQR.

We always consider in this work a confidence level
of 95% (i.e., significance level of 5% or p-value under
0.05) in the statistical tests, which means that the dif-



Table 1. NSGA-IIgen vs NSGA-IIss (IGD)
NSGAIIgen NSGAIIss

Problem x̃IQR x̃IQR
ZDT1 1.896e-04 1.1e−05 1.374e-04 1.3e−06 +
ZDT2 1.928e-04 1.8e−05 1.416e-04 2.1e−06 +
ZDT3 2.534e-04 1.7e−05 1.955e-04 4.3e−06 +
ZDT4 2.073e-04 4.6e−05 1.988e-04 7.7e−05 -
ZDT6 3.606e-04 7.1e−05 1.799e-04 1.9e−05 +

Table 2. NSGA-IIgen vs NSGA-IIss (Spread)
NSGAIIgen NSGAIIss

Problem x̃IQR x̃IQR
ZDT1 3.747e-01 3.1e−02 7.390e-02 8.5e−03 +
ZDT2 3.854e-01 3.7e−02 7.807e-02 1.0e−02 +
ZDT3 7.481e-01 1.7e−02 7.034e-01 3.4e−03 +
ZDT4 4.027e-01 5.2e−02 1.267e-01 2.0e−02 +
ZDT6 3.554e-01 4.1e−02 1.013e-01 1.2e−02 +

ferences are unlikely to have occurred by chance with
a probability of 95%.

6. NSGA-IIgen versus NSGA-IIss

This section is aimed at analyzing the results ob-
tained when comparing the two versions of NSGA-II.

We have used the same configuration for both al-
gorithms. The operators for crossover and mutation
are SBX and polynomial mutation, with distribution
indexes of ηc = 20 and ηm = 20, respectively. A
crossover probability of pc = 0.9 and a mutation prob-
ability pm = 1/n (where n is the number of decision
variables) are used. The population size is 100 individ-
uals.

Table 1 shows the results of the IGD quality indica-
tor for the two variants of the algorithm. We observe
that the steady state version obtains the best (lowest)
on all the problems with statistical confidence (see ‘+’
symbols in the last column of Table 1). The values re-
lated to problem ZDT4 have not statistical confidence
(see the symbol ‘–’ in the right column).

The values obtained after applying the Spread qual-
ity indicator are included in Table 2. We can observe
that the steady state version of NSGA-II obtains the
best values for all the problems. All the results are
significant.

Finally, Table 3 shows the results obtained for the
HV indicator. According to this indicator, NSGA-IIss

obtains the highest (best) values in four out of the five
problems. We can observe that in the case of ZDT4,
the results have not statistical confidence, so the al-
gorithms are statistically equivalent according to this
metric in this problem.

To illustrate the search capabilities of the two vari-
ants of NSGA-II, we include the Pareto fronts obtained
when solving the ZDT1 problem in Figure 1. Clearly,

Table 3. NSGA-IIgen vs NSGA-IIss (HV )
NSGAIIgen NSGAIIss

Problem x̃IQR x̃IQR
ZDT1 6.593e-01 5.0e−04 6.616e-01 1.5e−04 +
ZDT2 3.261e-01 4.4e−04 3.282e-01 1.2e−04 +
ZDT3 5.148e-01 2.1e−04 5.157e-01 1.3e−04 +
ZDT4 6.563e-01 3.8e−03 6.560e-01 4.9e−03 -
ZDT6 3.878e-01 2.8e−03 3.960e-01 7.1e−04 +

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

0.2

0.4

0.6

0.8

1

1.2

1.4

f1

f 2

ZDT1

Enumerative
NSGA!II

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

0.2

0.4

0.6

0.8

1

1.2

1.4

f1

f 2
ZDT1

Enumerative
Steady State NSGA!II

Figure 1. Pareto front for problem ZDT1 ob-
tained with NSGA-IIgen (top) and NSGA-IIss

(bottom).

the front generated by the steady state version (Fig-
ure 1, bottom) presents an almost perfect convergence
and spread, while the one obtained with the original
NSGA-II algorithm (Figure 1, top) clearly fails in ob-
taining a uniform diversity.

If we deep into the two compared algorithms and
in the results presented in this section, the behavior of
NSGA-IIss was somehow expected. The fact that we
apply the ranking and crowding procedures each time
a new individual is created eliminates precisely some
situations in which the crowding distance does not per-



form well [18]. Obviously, these improved search capa-
bilities do not come for free, and steady state version
is computationally more expensive than the original
NSGA-II. We have measured the times to solve the
ZDT1 problem on a MacBook Intel Core 2 Duo 2GHz
processor based laptop, running MacOS 10.4. Using
Java JDK 1.5, NSGA-IIgen requires 2.78 s while NSGA-
IIss takes 50.4 s. As commented before, this increment
in the computing time can be unacceptable when solv-
ing problems such as those composing the ZDT family.
We have to consider that the time of executing the
algorithm is roughly constant, so in the case of solv-
ing real world problems, which can require minutes or
hours to evaluate the objective functions, spending 50
s can be acceptable.

7 A case of study: Optimize a Broad-
casting Protocol in MANETs

In this section we describe first the problem of op-
timizing a broadcasting protocol in MANETs, which
is the real world problem we have chosen to test
the master-slave versions of NSGA-II proposed in this
work. Then, we present and analyze the obtained re-
sults.

7.1 Definition of the problem

Mobile Ad Hoc Networks (MANETs) are fluctuating
networks populated by a set of communicating devices
called nodes (or devices) which can spontaneously in-
terconnect each other without any pre-existing infras-
tructure. This means that no organization is present
in such networks as it is usual in communication net-
works. Here we are interested in studying the opti-
mization of the problem of broadcasting on this kind
of networks. The scenario that we want to optimize is
a mall environment.

The general principle of broadcasting is as follows:
starting from a source node a message needs to be
forwarded to all nodes in the network. In a given
MANET, due to host mobility, broadcasting is ex-
pected to be performed very frequently. Additionally,
broadcasting may also serve as a last resort to pro-
vide multicast services in networks with such rapidly
changing topologies and sytems for the organization of
terminals in groups. Hence, having a well-tuned broad-
casting strategy will result in a major impact in net-
work performance.

Optimizing a broadcasting strategy implies multiple
goals to be satisfied at the same time, such as maxi-
mizing the number of devices reached (coverage), min-
imizing the network use (bandwidth) and/or minimiz-

ing the duration of the process. The problem that we
are considering consist of, given a model of a MANET
environmet as input, to select the best parameter set-
tings for the broadcasting strategy. To deal with such
kind of networks we have employed software simulators.
A simulation tool for this kind of networks is Madhoc
[17], a metropolitan MANET simulator.

Summarizing, the considered MOP has three objec-
tives and five decision variables, and we have selected as
scenario to optimize a mall environment. More details
about the formulation of the problem or the properties
of the scenario can be found in [1].

7.2 Obtained Results

Before commenting the results, we give next infor-
mation about the grid system used to carry out these
experiments. We have used up to 330 processors be-
longing to eight laboratories of the Computer Science
Department at the University of Málaga. Each ma-
chine runs a flavour of Linux (Fedora 5, Fedora 6, and
Debian 4.0). We have to point out that most of the
computers are equipped with Intel Core 2 Duo proces-
sors, so we consider them as bi-processors.

We start by comparing first the results obtained
with the sequential versions of NSGA-II when solving
the broadcasting problem. In Table 4 we show the re-
sults obtained after applying the HV indicator to the
obtained fronts. We observe that NSGA-IIgen yields
a higher (better) value of the metric, but the results
have no statistical confidence, as it is pointed out by
the symbol “-” in the last column of the table. Thus,
we cannot ensure that a version improves the other in
this problem.

We analyze now the results of the parallel ap-
proaches. Here we are interested in two issues, the
quality of the obtained fronts and the suitability of the
algorithms to take advantage of the available process-
ing resources. To decide about the first issue, we need
to observe the HV values, which are contained in Ta-
ble 5. According to the table, the more accurate al-
gorithm is NSGA-IIsyn

gen, followed by NSGA-IIasy
ss and

NSGA-IIasy
gen. The last column shows that there are

statistical confidence in the obtained results.
As the values of the HV indicator are similar, in-

cluding the sequential and parallel versions, we decided

Table 4. HV Quality Indicator for the Sequen-
tial NSGA-II

NSGA-IIgen NSGA-IIss
x̄σn x̄σn

8.677e-01±4.7e−03 8.672e-01±4.1e−03 -



Table 6. Statistical Test Between Pairs
NSGA-IIgen NSGA-IIss NSGA-IIsyngen NSGA-IIasygen NSGA-IIasyss

NSGA-IIgen - - - -
NSGA-IIss - - - -
NSGA-IIsyngen - - + -
NSGA-IIasygen - - + -
NSGA-IIasyss - - - -

Table 5. HV Quality Indicator for the Parallel
Approaches

NSGA-IIsyngen NSGA-IIasygen NSGA-IIasyss

x̄σn x̄σn x̄σn
8.682e-01±4.6e−03 8.640e-01±4.4e−03 8.651e-01±4.5e−03 +

to apply a statistical test between each pair combina-
tion of the algorithms. We have employed for this pur-
pose the MATLAB function Multcompare, that uses
as input the output of the above described tests (i.e
ANOVA and Kruskal-Wallis) and allows us to carry
out different tests for comparing multiples groups. In
this studio the selected one was the Tukey’s HSD test.
The results are included in Table 6. We observe that we
have only statistical confidence about that NSGA-IIsyn

gen

outperforms NSGA-IIasy
gen. Thus, we can conclude that

the other versions present similar search capabilities.
Given that our interest is to study the capabilites

of the proposed distributed versions of NSGA-II, the
fact that NSGA-IIsyn

gen and NSGA-IIasy
ss produce Pareto

fronts of similar quality leads us to conclude that
NSGA-IIasy

ss is the most salient algorithm in our study,
because it can use all the processors of our grid system,
while NSGA-IIsyn

gen is limited to use at most 100 pro-
cessors (the population size). To illustrate this point,
we give the computing times when executing both al-
gorithms in a representative run. Using 100 proces-
sors, NSGA-IIsyn

gen calculates the Pareto front in about
1.83 hours (83.33 minutes), while NSGA-IIasy

ss , using
up to 286 CPUs, needs only 0.125 hours (seven min-
utes), i.e., a time reduction of 11.9. A typical run of the
sequential versions of NSGA-II takes roughly 32 hours
of computing time in a single machine, so the time
reduction using NSGA-IIasy

ss is about 109.7. These fig-
ures clearly state the advantages of using our proposed
parallel schemes when solving real world optimization
problems.

8. Conclusions and Future Work

In this work we have presented a study of the
parallelization of the NSGA-II using the master-slave
model. In concrete, we have designed three parallel
versions, which are derived by considering the gen-

erational/steady state and synchronous/asynchronous
features that can be applied to the parallel schemes
we have applied. The three variants are called
NSGA-IIsyn

gen, NSGA-IIasy
gen, and NSGA-IIasy

ss , from
synchronous, asynchronous generational, and asyn-
chronous steady state, respectively.

A previous experiment designed to study the influ-
ence of using a steady state approach in NSGA-II has
revealed that this algorithm clearly outperforms the
classical NSGA-II in the considered benchmark. The
drawback is the high computational time required.

To evaluate the search capabilities of the three paral-
lel algorithms, we have used them to solve a real world
problem, the optimization of a broadcasting protocol
in MANETs, on a grid composed of up to 330 pro-
cessors. A first experiment, using the sequential algo-
rithms, shows that the sequential steady state NSGA-
II algorithm outperforms the original NSGA-II. The
comparison of the three parallel versions indicates that
NSGA-IIsyn

gen is the algorithm producing the more accu-
rate fronts, although the differences with the solutions
given by NSGA-IIasy

ss are not significant; however, the
latter version needs 7 minutes while the former requires
83 minutes to solve the problem. These times are re-
markably low taking into account that the sequential
versions of NSGA-II require more than 30 hours of com-
puting time to solve the problem in a single computer.

As future work, we plan to apply the algorithms
described in this paper to solve other problems. The
study and analysis of the search capabilities of the pro-
posed master-slave versions of NSGA-II are also a mat-
ter of further research.
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