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Resumen

Esta tesis doctoral, presentada como compendio de articulos, explora los bene cios prac-
ticos del uso combinado de la optimizacién multi-objetivo con aplicaciones de simulacién.

En esta tesis, con un caracter de aplicacion, se aportan ideas practicas sobre como
las meta-heuristicas combinadas con la simulacién, es decir, la optimizacion de la simu-
lacion, pueden proporcionar soluciones a problemas del mundo real. Esta tesis comienza
presentando un caso de técnicas de optimizacion multiobjetivo a través de la simulacion
para ayudar a los directores de proyectos de software a encontrar las mejores con gura-
ciones para los proyectos basados ITIUnformation Technology Infrastructure Library),
de manera que se optimicen las estimaciones de calendario para un proyecto determinado,
el tiempo y la productividad. Los datos de gestion de proyectos pueden obtenerse me-
diante simulacion, por ejemplo, para optimizar el nimero de recursos utilizados en cada
fase de la vida del proyecto.

También se presenta otro caso de estudio sobre la forma en que la optimizacion de la
simulacion puede ayudar en el disefio de cualquier tipo de antena. En este caso de estudio,
el objetivo es lograr una antena helicoidal, de doble banda, lo mas compacta posible, para
la telemetria, el seguimiento y el control (TTC) de los satélites. En los satélites es esencial
reducir el volumen y el peso de los dispositivos instalados, manteniendo al mismo tiempo
los requisitos de funcionamiento.

Adicionalmente, esta tesis realiza un aporte tedrico proponiendo un nuevo algoritmo
gue mejora el rendimiento de los algoritmos de optimizacion multi-objectivo basados en
el calculo del Pareto front.

Palabras clave: Optimizacion Multiobjetivo, Algoritmos Evolutivos, Simulacion, Dis-
efio de Antenas, ITIL, Pareto Front.






Abstract

This thesis, presented as a collection of articles, explores the practical bene ts of using
multi-objective optimization combined with simulation applications.

In this thesis, with practical application, we provide practical insights about how meta-
heuristics combined with simulation, i.e., simulation optimisation, can provide solutions
in real world applications. This thesis begins by presenting a case of multi-objective
optimisation techniques via simulation to help software project managers nd the best
con guration for ITIL (Information Technology Infrastructure Library) based projects,
such that schedule estimates for a given project, time and productivity are optimised.
Project management data can be obtained via simulation, for example, to optimize the
number of resources used in each phase of the project life.

Another case study is also presented about how simulation optimisation can help with
the design of any type of antenna. In this case study, the objective is to achieve a dual-
band helical antenna, as compact as possible, for Telemetry, Tracking, and Control (TTC)
of satellites. Reducing the volume and weight of any devices installed on satellites while
maintaining their operational requirements is of paramount importance.

Finally, an algorithm will be presented that improves the performance of a part of
some meta-heuristic multi-objective optimization algorithms, known as the Pareto front
calculation.

Keywords: Multi and Many-Objective Optimization, Evolutionary Algorithms, Sim-
ulation, Antenna Design, ITIL, Pareto Front.
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Chapter 1

Introduction

1.1 Introduction

Predicting what will happen in certain situations and knowing which is the best decision
to make can be very di cult.

The problem of decision making is as old as humanity itself. Everyday, we face situ-
ations or problems where we have to choose from a set of possible solutions. Once the
decision criteria associated with the problem have been identi ed, it is necessary to study
the possible alternatives in order to choose the most advantageous one. In many real
cases we also deal with problems with many variables that need to be optimized at the
same time, and usually these variables to be optimized are compromised with each other.

On the other hand, having the chance to experiment with certain situations before
facing them can be very advantageous, and simulation tools are an excellent tool for
doing so.

Design optimization in any engineering eld, process or economic/ nancial parameters
are clear examples where multi- and many-objective optimization techniques can help to
nd optimal solutions to the problems at hand.

These are multi-objective optimization problems (MOOP), and each element presents a
set of characteristics that, depending on the case, we will want to maximize or minimize.
Choosing, therefore, means arranging the elements, so that, after arranging, the most
advantageous are the rst ones. Unfortunately, ordinary sorting algorithms do not allow
to sort a set of variables that may be contradictory to each other. As we will see later,
there are many algorithms and methods to solve this type of problems. Some algorithms
o er a set of optimal solutions, while others o er only one solution. Depending on their
own needs, the decision maker will have to consider which algorithm is the most suitable
to solve the problem.

From the decision maker's point of view, multi-objective optimization algorithms can
be classi ed into [1]:
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A priori: Algorithms that use a priori methods require the decision maker to establish
a previous order of each objective, before launching the optimization process.

A posteriori: In this case, the decision maker launches the optimization process and
then chooses among the solutions obtained by the process.

Interactive: The algorithms within this classi cation request additional information
from the decision maker during the execution of the optimization process.

No-preference methods: In these methods, the opinion of the decision maker is ig-
nored and the problem is resolved by whatever method is deemed appropriate. The
decision maker will only decide whether to accept or reject the solution obtained.

In this thesis, we provide practical insights about how a posteriori meta-heuristics
combined with simulation, i.e., simulation optimization, can provide solutions in real
world applications. This thesis begins by presenting a case of multi-objective optimization
techniques via simulation to help software project managers nd the best con guration for
ITIL-based projects such that schedule estimates for a given project, time and productivity
are optimized. Project management data can be obtained via simulation, for example, to
optimize the number of resources used in each phase of the project life.

Another case study is also presented about how simulation optimization can help with
the design of any type of antenna. In this case study, the goal is to achieve a dual-band
helical antenna as compact as possible, for Telemetry, Tracking, and Control (TTC) of
satellites. Reducing the volume and weight of any devices installed on satellites while
maintaining their operational requirements is of paramount importance.

Finally, an algorithm that improves the performance of a part of some meta-heuristic
algorithms for multi-objective optimization, known as the Pareto front calculation, will
be presented.

1.2 Aim and Objectives

The main aim of this thesis is to show how a posteriori meta-heuristic algorithms can be

combined with simulation to provide solutions to real problems. Also, a major issue was

how to speed up the execution of such algorithms and we also show an important new
algorithm. To do so, we intend to achieve this through several objectives:

Objective 1: Study the di erent multi-objective optimization algorithms.
Objective 2: Study of simulation optimization in software development projects.

Objective 3: Study of multi-objective approaches in antenna design, combined with
simulation of antenna radiation patterns.
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1.3 Outline of the Thesis

This thesis is divided into two parts: (i) main contributions on simulation based opti-
mization with multi-objective approach, and (ii) selected refereed publications.

In Part I, an introduction to multi-objective optimization is described in Chapter 2.
This introduction serves as the basis for understanding the contributions made in this
thesis. After providing a brief introduction, in Section 2.3, multi-objective concepts are
introduced. Sections 2.4 and 2.5 show the most known algorithms, and Section 2.6 presents
the metrics for evaluating this type of algorithm.

Chapter 3 introduces the need and applications of multi-objective optimization. Sec-
tion 3.2 presents the application of multi-objective optimization in the eld of Simulation
applied to Information Technology Service Management, while Section 3.3 shows the use
of multi-objective optimization to solve the problem of TTC antenna design. Finally, Sec-
tion 3.4 presents the theoretical contribution by means of a new algorithm, called Merge
Non-Dominated Sorting (MNDS), which improves the calculation times of the ranking of
the solutions and their Pareto Front. This algorithm presents, in the best case, a com-
putational cost of O(NlogN) and a worst case ofO(MN ?). MNDS was proven to be
the most e cient algorithm of all the existing ones at the time of writing this thesis. Fi-
nally, Chapter 4 presents the conclusions, in Section 4.1, raises potential future challenges
for further progress, in the eld of multi-objective optimization, in Section 4.2, and in
Section 4.3, presents the works published during the elaboration of this thesis.

In Part Il, the refereed journal publications derived from this work are included. Chap-
ters 5 and 6 describe the practical and real applications of simulation optimization with
meta-heuristics. The former is in the domain of software engineering, which is also known
as Search based Software Engineering (SBSE) [2]. This term, SBSE, refers to the ap-
plication of optimization techniques to the eld of Software Engineering. The Software
Engineering presents many optimization problems where constraints and con icts between
the variables are given to optimize, from testing to project management as it is the case
in this work. The latter is in the domain of antenna design. Next, Chapter 7 presents a
more theoretical publication improving the running time of all algorithms that calculate
the ranking of Pareto front.
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Chapter 2

Multi-Objective Problems in a
Nutshell

2.1 Introduction

Many of the problems we face, whether in personal or professional life require to consider
several objectives to be optimized in a simultaneous way. In these situations, the objec-
tives have con icts between them and cannot be optimized separately. Multi-Objective
Problems (MOOPs) have an additional challenge. There are several functions to optimize
(each function is an objective), and optimizing one often implies not-optimizing the other
one. Therefore is necessary to nd solutions to the problem that individually optimize
each objective and also, be feasible with the rest of solutions found for the remainder
objectives.

In this chapter, we will show di erent algorithms that deal with these type of problems.

2.2 Multi-objective Algorithms

In this section, we provide a brief introduction to a type of metaheuristics specializing in
optimization, known as multi-objective algorithms. As stated in Section 1.1, traditionally,
algorithms dedicated to solving MOOPSs are classi ed from the decision maker's point of
view into: (i) a priori, (ii) a posteriori, (iii) interactive and (iv) non-preferential.

The a priori algorithms de ne a total order in the objective spack Additionally,
the decision maker must establish his preferences or criteria to discriminate and apply the
order of the solutions. In this way, the decision maker is guiding the search for solutions in
advance. The lexicographic sorting is the most used a priori algorithm. When a problem
has several objectives, it consists of prioritizing these objectives. The decision maker
prioritizes and sets an arbitrary order of all the objectives, so that the rst objective will
always be the most important. In lexicographic order, when two solutions are compared,

1This concept is introduced in Section 2.3
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the one whose rst objective is better, is always the best solution. In case of a tie on
the rst objective, the second one is compared and so on, until one solution is considered
better than the other.

On the other hand, the a posteriori algorithms perform an unguided search for solu-
tions. These methods generate a set of solutions from which the decision maker must
choose the best one. The solutions are distinguished by applying a partial order on the
objective space. Normally, Pareto order is applied and the algorithm searches for solutions
that minimize it, obtaining what is known as Pareto front. The Pareto front whose solu-
tions can no longer be minimized is known as Pareto optimal. All a posteriori methods try
to obtain as many solutions as possible within the Pareto optimal and at the same time,
they try to cover the whole Pareto optimal. Two big groups gather the multi-objective
optimization algorithms, those based on mathematical programming and those based on
metaheuristics. Multi-objective metaheuristics are described in Section 2.5. Two of the
best known algorithms have been applied in this thesis: NSGA-II [3] and SPEA2 [4].

There are also interactive algorithms, which allow the decision maker to guide the
search while the algorithm is running.

Finally, no preference methods solve the problem without the need for interaction with
the decision maker. Once a solution is obtained, the decision maker can accept or reject
it. One of the best known non preference methods is the Global Criterion. This method
is based on minimizing the distance to the ideal objective vector

2.3 Multi-objective optimization concepts

Given a set of functionsf = ff(x);f2(x);:5fm(X)g: M 2;x 2 X,whereM is the
number of objective functions to optimize, anc a decision vector, within a feasible region

X, de ned by constraint functions, the goal is to minimize all objective functions simulta-
neously. It is important to understand well the meaning of the previous expression. The
variable x is a vector with the value of some concrete parameters (decision space), which
characterize a possible solution to the problem.Applying a set of functions to the values
of these parameters, we will obtain a set of results, which are the objectives to optimize
(objective space). These objectives are the ones that should be minimized simultaneously.
The Figure 2.1 shows the relationship between the decision space and the objective space.

In the case of an antenna, for example, these parameters could be the length and
width of the antenna.Applying di erent electromagnetic functions we would obtain the
radiation values of the antenna for a frequency, as could be the gain and the cross-polar
polarization level, which would be the objectives to optimize.

Each solution, in the decision space, has a representation in the objective space, by
means of an m-dimensional vector, known as the objective vector. In the case of mini-
mizing, the smallest possible objective vector would be the one that minimizes each of
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Figure 2.1: Parameter and objective spaces

fa

Decision Space Objective Space

the objective functions separately, something that in reality does not happen, since the
objectives are usually contradictory. Similarly, the worst vector would be the one that
maximizes each of the objective functions separately. In the gure, both objective vectors
are represented as points. The objective vectors (Pareto front) closest to the ideal vector
are those within what is known as the Pareto optimal. All these points are equally valid
solutions. All the a posteriori algorithms try to nd as many solutions within this front

as possible. The decision maker will choose one of these solutions. The nadir objective
vector is the starting point for the interactive algorithms: It is the worst Pareto optimal
solution, and from there, through the interaction with the decision maker, the search is
guided until a solution is reached in the Pareto optimal. Note that in real life problems,
it is very di cult to obtain the Pareto optimal.

Figure 2.2: Ideal, nadir and worst objective vectors

fa

Objective Space f1

2.3.1 The Pareto front

The Pareto front concept allows to select those solutions which are best together. It is
considered that a solution dominates another when the former o ers better value (more
optimal) for at least one objective and is the same for all other objectives of the problem.
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Iteration after another, the multi-objective algorithms nd solutions that dominate those
of the previous iteration, until at last the solutions not dominated by any other remain.
The non-dominated solutions form the Pareto front.

Let P be a population ofN solutions,fs;;:::;syg 2 P, where each solution contains
a vector of M objectives to minimize, (f1(si);:::;fm(si)); 81 2 f1;:::;Ng. A solution
si dominates a solutions;, denoted bys; s;, if the objective vector ofs; is partially
less than the objective vector ofs;, i.e., 8m 2 f1;:::;Mq;fn(s) fm(sj) 2 9m° 2

Given a set of solutions, it is possible to establish a partial order between them, known as
the Pareto ranking. Those solutions which are non-dominated by any other are assigned
rank 1. If these solutions are removed, then those solutions which are non-dominated by
any other are assigned rank 2, and so on, the Pareto ranking is built.

To nd the Pareto front, the algorithms must look for those variables in the decision
space that minimize the objective functions in the objective space. Figure 2.3 shows the
search process.

( Search K (  Evaluation )

The calculation of the objective vector nadir is necessary in the interactive methods.
Normally it cannot be obtained and the aim is to obtain good estimates using di erent
metaheuristics. Deb et al, for example, proposed in 2010 to use a hybrid algorithm of
evolutionary - local search [5].

Figure 2.3: Pareto front search.

f(x)=(f1(x);f2(x)) Objective Space

2.4 Metaheuristics

Metaheuristic (term coined by Glover[6]) algorithms are the last option when solving
problems, even behind brute-force algorithms. Metaheuristic algorithms are able to deal
with very large search spaces to nd a good (may or not be the best) solution applying
a certain heuristic, in an iterative way, for a number of iterations or until the solution
found ful Is the requirements and is good enough as to stop the search.

The resolution of Multi-objective problems present two major di culties:

The computational complexity involved in working with more than two objectives,
today is O(MN 2), where M is the number of objectives and N is the number of
solutions to the problem.
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Objectives that are contradictory or con ictive between each other, which prevent
the application of a priority or order of some objectives over others.

Due to these drawbacks, the use of metaheuristic has become widespread, in an attempt
to obtain good solutions in acceptable times.

As the algorithms are generic and independent of the problem that solve, often they
incorporate mechanisms to avoid searches in areas where there are no known optimal
solutions.

There are many possible classi cations depending on di erent aspects such as (i) Local
Search (LS) vs. Global Search (GS), (ii) Single-Solution (SS) vs. Population Based
(PB), (iii) Hybridization (HY), (iv) Memetic (MM) algorithms, (v) Parallel metaheuristics
(PM), and (vi) nature-inspired (NI) and metaphor-based (MB) metaheuristics. We next
present a set of well-known metaheuristics classi ed according to type of search or whether
they are based on single or population based solutions.

Local search algorithms are possibly the oldest metaheuristics. Many of them belong
to the folklore of computer science. For example, the rst known version of the Gradi-
ent Descent algorithm was proposed by Louis Augustin Cauchy in 1847. Many of these
algorithms have versions to extend the search when they fall into local minimum or max-
imums. Hybridization metaheuristics are combinations of two or more metaheuristics. In
particular, Memetic metaheuristics combine population-based algorithms (usually genetic
algorithms) with individual/local search techniques. Finally, parallel metaheuristics ap-
ply concepts and techniques of computational parallelization to existing metaheuristics.
Currently, the most popular algorithms are those based on population and/or inspired by
nature.

The following are some of the best known metaheuristic algorithms.

Hill Climbing (LS)(SS). This algorithm is based on random search. It starts with
a random position and at each iteration the algorithm explores the neighbourhood by
selecting the best solution found. Many times this algorithm stops searching without
nding an acceptable solution because it falls in a local maximum (or minimum when
minimizing).

Gradient Descent (LS)(SS). This algorithm is based on going through a function in
an iterative way, always moving in the direction that minimizes the value of that function.
In case of reaching a point where the value of the function increases, the algorithm goes
back to the previous point and ends. This algorithm, like Hill Climbing, is sensitive to
local maximum / minimum.

Tabu Search (LS)(SS). Like hill-climbing or Gradient Descent algorithms, tabu search
[7] follows a path. It uses a memory search to which applies a strategy for analyzing and
exploring di erent areas of the search space. The name is due to the recent memory
is implemented by a tabu list. In each iteration is chosen the best solution among the
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permitted (solutions already on the list are not allowed) and added to the tabu list. The
tabu list maintains the latest solutions, which over the iterations may end being replaced
by better ones.

Simulated Annealing (GS)(SS)(NI)(MB). It is one of the oldest metaheuristics,
developed by Kirkpatrick et al. in 1983 [8]. Simulates the anneal of steel, ceramics or
glass by applying heat and slow cooling, which causes the atoms to become repositioned
achieving the hardening of the material. In each iteration a solution from the current
population is chosen. If the best solution is chosen it replaces the current and if not, is
still accepted with a certain probability of being chosen which avoids falling into local
optimums.

Evolutionary Algorithms (GS)(PB)(NI). These algorithms try to imitate the evo-
lutionary capabilities of living beings in nature, where only those best adapted to their
environment survive. Given a population, each individual can be a solution. At each
iteration the population is altered by three operators: selection, recombination and mu-
tation, leading to a new population. In evolutionary algorithms, genetic algorithms are
best known [9].

Particle Swarm Optimization (PSO) (GS)(PB)(NI)(MB). This algorithm, pub-
lished in 1995 by Kennedy et al. [10] is inspired by the collective behavior of some birds
that while ying behave as a super-organism, or the movement of schools of sh. Given
a population of individuals (called particles in the algorithm) moving along the search
space, each particle can change its speed or position based on the best position found
by the particle, to the best position found by the entire population, or the position of
neighboring particles.

Ant Colony Optimization (GS)(PB)(NI)(MB). This algorithm [11] is inspired by
the behavior of ants when they are searching for food. Initially, ants randomly explore
an area near the anthill, while they do it the ants leave by rubbing their belly to the
ground a substance called pheromone, which is recognized by the other ants. At the same
time that the ants go through the same road, pheromone accumulation in solil is greater
and more ants decide to use this route, until at last the shortest route between food and
anthill is established.

Bee Colony Algorithm (ABC) (GS)(PB)(NI)(MB). This algorithm [12] simulates
the behavior of honeybees in the search of pollen. The algorithm assigns three di erent
roles to bees: workers, observers and explorers. A bee can take more than one role
depending on the work they have to do. The explorer bees randomly over y long distances
within the search space, and when they found an area with more food, return to the hive
for reporting the location to the observers bees that are waiting. Part of bees assume
the worker role and move to the area to collect the food, the rest remain as observers.
The worker bees, once they reach the de ned area, collect and search more food locally.
When the worker bees return to the harvest, report whether or not the food source is
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abundant. Over time, the algorithm stores the solutions with greater abundance of food.
This algorithm balances the local search, done by the worker bees, with the global search,
done by the explorer bees.

Fire y Algorithm (GS)(PB)(NI)(MB). The algorithm [13] imitates behavior inter-
mittently bioluminescence of the re ies. Each rey has a pattern (a possible solution)
which is related to the attractiveness of the insect. The attraction is proportional to the
brightness and distance to other reies. If all re ies have similar brightness, the re ies
move randomly until there are di erent brightness intensities.

Gravitational Search Algorithm (GSA) (GS)(PB)(NI)(MB). It is based on New-
ton's theory of gravitation [14]. The population is formed by individuals with a given
mass which attract each other. Each individual is a solution and at each iteration those
heavier individuals attract towards them a lighter individuals, so that, in the end, the
individual with a larger mass is the best solution.

2.5 Multi-objective Metaheuristics

This section presents some of the most popular and relevant multi-objective algorithms.
As we will observe, many of these algorithms are based on the on the concepts previously
described in section 2.4, that use as tness the criteria of dominance between solutions.

Multi-Objective Particle Swarm Optimization (MOPSO) . Algorithm PSO ver-
sion adapted to multi-objective [15] that uses a mutation operator applied to individuals,
and the range of each objective function, in order to cover the whole objective space.

Multi-Objective Firey (MO-FA) . This behavior-based re y algorithm imitates
the patterns of light intensity and behavior of re ies attracting of those with a higher
light intensity. In the multi-objective version, MO-FA [16], brightness is obtained from
objective functions.

Multi-Objective Gravitational Search Algorithm (MO-GSA) . MO-GSA [17]is
the multi-objective version of the algorithm based on the physics of Newton. The biggest
problem in this algorithm is to update the mass of each individual value from multiple
objectives. To do this, the value of the mass of each particle is initially established
and then the mass is updated according to the distance of that particle from its closest
neighbours. Once the mass is updated, each particle moves to its new location by applying
the gravitational force.

Multi-Objective Arti cial Bee Colony (MOABC) . MOABC [18] is similar to
ABC algorithm except that now runs within an evolutionary algorithm. In each itera-
tion, MOABC generates a new population of bees by applying mutation operators and
selecting the best individuals between the new and the current population. The new pop-
ulation search food sources which lead to new solutions, which will be selected or rejected
depending on they are or not dominated.
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Multi-Objective Cellular Genetic Algorithm (MOCell) . Itis a cellular genetic
algorithm (CGA) [19] that stores in a le the non-dominated solutions found. In each
iteration, the algorithm randomly selects an individual from the le and one from the
current population, with which makes the crossover and the mutation operations. The
new population is compared with the current one and the best population is selected and
stored in the archive.

Pareto Archived Evolution Strategy (PAES) . This is one of the simplest multi-
objective algorithms. PAES [20] performs a local search maintaining the current solution
rather than a population. There are several versions of this algorithm, some of which
maintains a population of solutions.

Strength Pareto Evolutionary Algorithm SPEA2 . SPEAZ2 [4] is based on main-
taining the non-dominated solutions, found in each iteration, stored in a le. Using the
tness function, each individual in the population is associated with the number of so-
lutions that dominates and is dominated. When the population is too large, thé&th
nearest-neighbor solutions are removed.

Non-dominated Sorting Genetic Algorithm (NSGA 1) . NSGA-II [3] is pos-
sibly the most famous algorithm. It is a genetic algorithm that keeps the population
ordered according to their Pareto ranking, so that the best individuals, those who are
non-dominated are the rst individuals in the population. To nd the uniform dispersion
among the solutions, apply the algorithm known as crowding distance.

2.6 Evaluation Metrics

To assess the quality of the solutions returned by the multi-objective algorithms, several
metrics are usually considered, among which spread, hypervolume or coverage ratio stand
out.

The greater di culty to assess the results obtained by multi-objective algorithms is
to nd metrics that demonstrate the quality of the algorithms and the solutions with
a reasonable computational cost. Each algorithm generates di erent solutions in the
Pareto front, and when compared among them, some solutions tend to dominate others,
but usually is not clear that an algorithm be better than another. The metrics are based
on: cardinality, convergence, spread, uniformity and combinations of them.

In the following sections, each group of metrics is brie y explained, indicating the best
known or most representative. There are currently many metrics. In [21] a collection of
100 quality indicators is presented.

It is important to highlight that some quality indicators present characteristics of two
or more of the four groups mentioned. Among these indicators, it is worth highlighting
the hypervolume[22], which is currently undoubtedly the most widely used indicator.
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The hypervolumeindicates the volume covered by the individuals of the population of
the Pareto front (non-dominated solutions) in relation to the volume of the objective
space. The volume is calculated from the Pareto front set and the worst objective vector
(see gure 2.2). Hypervolumehas quality characteristics of cardinality, convergence and
spread. Computationally is really hard to calculate.

Note that to obtain some indicators, it is necessary to know the set of solutions that
form the ideal or optimal Pareto front. In many problems in real life, it is di cult
or impossible to obtain such Pareto-Optimal so these indicators can only be applied in
theoretical problems, where the Pareto-Optimal is known in advance.

2.6.1 Cardinality

The simplest metric consists of counting the number of the solutions that are nd in the
Pareto front. This value can be calculated at each iteration for assess also the evolution
in the calculation of the Pareto front. The quality index error rate [23] calculates the
percentage of solutions obtained by the algorithm, the Pareto front, with respect to the
Pareto-Optimal. The indicator coverage[24] is another indicator of cardinality based on
comparing solutions of Pareto front obtained by applying the same problem to two algo-
rithms, and determining which of the two algorithms provides more solutions throughout
the entire objective space. To do this, it is calculated the percentage of solutions of an
algorithm that are dominated by the solutions of the other algorithm and vice versa.

2.6.2 Convergence

Convergence is the most important quality feature of a solution set as it indicates the
closeness of a solution set to Pareto-Optimal (also known as true Pareto front). One of
the best known metrics is thegenerational distance (GD)[25]. This metric is based on
the distance between each solution in the Pareto front obtained by an algorithm and the
closest Pareto-optimal solution. Another well known metric, thanverted generational
distance [26] is based on the distance of each solution in the Pareto Optimal to the
solutions obtained by an algorithm.

2.6.3  Uniformity

Uniformity represents the way solutions are distributed in the sense of equidistance. Given
two sets of solutions, both in the Pareto front, the one that presents the most evenly
distributed solutions will have the highest quality. There are di erent metrics. There are
di erent quality indicators of this type. For example, the u-measure[27], is based on the
relationship between the distance of two neighbouring solutions with respect to the ideal
distance (obtained as the average of the distances between neighbouring solutions).
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It is important to note that uniformity alone does not guarantee diversity of solutions,
so it must be used in combination with Spread metrics.

2.6.4 Spread

Spread measures the distribution of the solutions along the Pareto front. A set where
the solutions are distributed along the Pareto front, will have a good spread. Note that
solutions can be spread along the Pareto front, but not evenly. So this metric should
be used together with uniformity metrics to ensure the quality of the solutions obtained.

One of the best known metrics of this type is thenaximum spread[28] metric.









Chapter 3

Main Contributions of this Thesis

3.1 Introduction

Simulators have been demonstrated to be very useful tools for decision support systems
to help decision makers in their activity. We can nd many examples in the literature,
with di erent elds of application as logistics [29], planning [30], economics [31, 32], or
supply chains [33], among many others.

There are three major paradigms applied the eld of simulation:

Discrete-event simulation (DES). Based on sequential event processing. The state of
the system changes in speci c moments of time, depending on the events processed
between that moment of time and the previous one. Manufacturing systems, order
processing, or vehicle movement can be modeled with DES.

System Dynamics (SD). Used to model very complex systems, abstracting from de-
tails or properties of individual elements. Examples of application can be marketing
campaigns, the study of natural ecosystems or social behaviours.

Agent-based Model (ABM). It is based on the concept of the agent as an independent
and autonomous element within the system. Each agent has its own states and can
interact with the rest of the system.

Many simulation optimization use the discrete-event paradigm as the simulation ap-
proach. In addition, there are also some applications of simulation optimization using the
System Dynamics simulation approach. For instance, Ng [34] reported an approach for
integrating simulation and optimization of System Dynamics models using Matld¥ and
Simulink™ and demonstrated how to combine genetic algorithms, fuzzy logic expert
input and System Dynamics modelling for improving decision-making. They applied
their approach in the classical market growth model. Kremmegt al. [35] developed a
System Dynamics simulation model to analyse the dynamics of city problems and city
development under three types of policy interventions. They used genetic algorithms for
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maximising the bene ts of policy decision making. A review of the state of the art of the
simulation optimization can be found in [36].

3.2 Optimization applied to Information Technology Service
Management

Information systems are getting bigger. They involve more people, more resources and
their management is getting more complicated. To assist in the Information Technology
Service Management, di erent frameworks have appeared, such as COBI{1996), the
ISO/IEC 20000 (2005) standard, or ITIL? (1989) which is the best known and possibly
most applied today. Most of the processes described in these frameworks can be simulated,
which allows to evaluate di erent scenarios, before starting the IT project.

Multi-objective optimization algorithms can e ectively handle the optimization of dif-
ferent con icting objectives simultaneously, o ering a wide and diverse range of trade-o
solutions to the problem, helping the IT manager to make the most appropriate decisions.
In order to guide the search towards high-quality solutions for such a complex problem
involving a large number of processes, interactions among them, and uncertainties, these
algorithms must rely on accurate simulations. This approach is explicitly proposed in
frameworks to improve decision-making in the ITSM scope, such as the SIm4ITSM frame-
work, which includes activities of simulation optimization in the experimentation phase
of the method [37]. For a more comprehensive literature review, please, read the work by
Orta et al [37]

In this work, the simulation is carried out on the ITIL change management process
This process addresses the problem of controlling the life cycle of a project. The problem of
IT change process e ciencywas modeled using Anylogi¢!. One of the critical decisions
that change process managers need to make relates to the con guration of the process sta ,
as di erent sta con gurations may lead to di erent outcomes. This problem con gures
with 10 parameters the sta involved in the ful Iment of the change management process.
Sta is grouped into three di erent roles: (i) change management, (ii) change developer,
and (iii) change deployer. Also, for each rol, there are four possible basic shifts:

Central, from 9 am to 6 pm, with one-hour break at 1 pm.
Early, from 6 am to 3 pm, with one-hour break at 10 am.
Late, from 2 pm to 11 pm, with one-hour break at 6 pm.

Night, from 10 pm to 7 am, with a break at 2 am.

1Control Objectives for Information and related Technology
2Information Technology Infrastructure Library
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Due to the complexity of software project deployments, change deployers only applies
the night and a special shift:

Weekend, Saturdays and Sundays, 7 am to 10 pm, with one-hour breaks at noon and
5 pm.

The objectives to be optimized are de ned by the following Key Performance Indicators
(KPIs):

KPI 1: Percentage of changes completed successfully within the time estimates, as
a measure of the time factor. The higher the value of this KPI, the better for the
process e ciency.

KPI2: Actual change duration/estimated change duration, as a measure of internal
quality. The lower the value of this KPI, the better for the process e ciency.

KPI 3: Overall number of resources utilized, as a measure of cost. The lower the
value of this KPI, the better for the process e ciency.

The multi-objective algorithms NSGA-II [38] and SPEA2 [39] were used in the exper-
iment de ned in jMetal [40] to perform the optimization process.

In each simulation iteration, the experiment de ned in jMetal provides a con guration
for the IT Change Process E ciency problem to Anylogié™, which runs the simulation
and returns the KPIs to jMetal. The process continues until jMetal reaches the stopping
criteria. Figure 3.1 shows the process graphically.

Figure 3.1: Interaction between jMetal and Anylogic™

3.3 Optimization applied to antenna design

Antenna design is another eld of engineering where simulation plays a key role in re-
ducing manufacturing time and costs. Computer simulation allows to model an antenna
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and evaluate its behaviour before manufacturing. Despite the advantage that simulation
brings, in some cases, such as the design of satellite antennas, it may not be enough.

In a satellite, besides the speci ¢ electromagnetic requirements, the size of the antenna
is critical, due to 1) the limited space available and 2) the weight limitation of each
component installed on the satellite.

Gonzalezet al. [41] designed a compact dual-band equatorial helical antenna for TTC.
In order to nd the speci c parameters that would meet all the restrictions, they used the
MONURBS simulator together with the metaheuristic algorithmGradient Descent It was
necessary over two calendar months of running thousands of simulations to nd a valid
solution. In the paper presented in Chapter 6, it is shown a solution to the problem using
the MONURBS simulator together with the multi-objective algorithms NSGA-II [38] and
SPEA2 [39], implemented in jMetal [40]. the best solution obtained reduced the size of
the antenna by almost a third and it took three weeks to obtain.

The geometry of the helical antenna is de ned by the following parameters (see Fig-
ure 3.2):

Bottom radius (r).
Top radius (R).
Height (h).

Number of turns of the helix (t).

Figure 3.2: Geometrical parameters of a helical antenna
The electromagnetic objectives to be met were the following:

Maximize the RHCP gain for 1.81-GHz frequency.

Minimize the cross-polar polarization level for 1.81 GHz frequency in the range be-
tween 70 and 110. In this range, gain must be above 0 dBi.

Maximize the RHCP gain for 2.55-GHz frequency.
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Minimize the cross-polar polarization level for 2.55-GHz frequency in the range be-
tween 70 and 110. In this range, gain must be above 0 dBi..

Before starting the optimization process, the geometric model of the antenna was
de ned in the MONURBS simulator and the optimization experiment in the jMetal tool.
During the optimization process, from the jMetal experiment new values for the antenna
geometry are provided and from the simulator the electromagnetic characteristics of the
antenna are returned for the provided values. The process continues until a stop criterion
is reached. Figure 3.3 illustrates this process.

Figure 3.3: Interaction between jMetal and MONURBS

As it can be seen in Figures 3.1 and 3.3, despite being di erent problems, the simulation
optimization process is similar.

3.4 Merge Non-Dominated Sorting

The Merge Non Dominated Sorting (MNDS) algorithm is brie y described here. This
algorithm is a proposal to speed up the family of algorithms that use ranking to sort
the population solutions. There are a multitude of algorithms dedicated to obtaining
the Pareto Front. Some of the best known are FNDS [38], ENS [42], ENS-NDT [43] or
BOS [44]. All these algorithms have a computational complexity, in the worst case, of
O(MN ?) so the di erences between them are evaluated at run time. Table 3.1 shows the
computational complexity of some representative algorithms.

Given a population of N solutions, and M objectives, MNDS ranks the solutions, in
an iterative way, by each of the objectives. In each iteration, MNDS calculates the set of
solutions that dominate each solution (dominance set), and nally, once the dominance
set of all the solutions has been calculated, it obtains the ranking of each solution. Note
that the dominance set represents the weakness of the solution, as opposed to the concept
of strength, used by SPEA2.
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Table 3.1: Complexity of nhon-dominated sorting algorithms representative of the state-of-the-art.

. Complexity
Algorithm Best Case Worst Case  Space
FNDS [38] MN 2 MN 2 NZ
Dominance Tree [45] MNIlagN MN 2 M
Deductive Sort [46] M NB N MN 2 N
Corner Sort [47] MN_ N MN 2 N
ENS-SS [42] MN" N MN 2 1
ENS-BS [42] MNIlogN MN 2 1
MNIlogN if M > logN 2
ENS-NDT [43] Nlog2N MN NlogN
M-Front [48] MN MN 2 MN 2
DDA-NS [49] MN 2 MN 2 N2
HNDS [50] MN N MN 2 N
BOS [44] MNIlogN MN 2 N2
MNDS NlogN MN 2 N?

Despite presenting a complexity, in the worst case, @®(MN ?), MNDS reduces its
complexity as the dominance among the solutions decreases, reaching a complexity of
O(NlogN) in the best case. If MNDS is used by a multi-objective algorithm to obtain
the population ranking, as the multi-objective algorithm converges towards fronts closer
to the Pareto front, the dominance will be reduced and MNDS will tend to reach its best
complexity.

This is explained in detail in Chapter 7 where the paper is enclosed.









Chapter 4

General Conclusions, Future Work
and Published Articles

This chapter summarises the research carried out in the previous chapters, analyses the
research contributions and o ers suggestions for future research.

4.1 Conclusions
The objectives set at the beginning of the thesis were as follows:

Objective 1: Study the di erent multi-objective optimization algorithms.
Objective 2: Study of simulation optimization in software development projects.

Objective 3: Study of multi-objective approaches in antenna design using simula-
tion approaches.

These objectives have been successfully achieved with the publications. Objective 1
has been addressed with in all publications. Objectives 2 and 3 have been achieved with
their respective publications.

In this thesis, solutions to two very di erent real problems were presented, both these
problems needed simulators and were previously solved using simulation techniques to-
gether with generic metaheuristic algorithms. Anylogit” applies a single objective opti-
mization algorithm, while MONURBS used the Gradient Descent algorithm. The applica-
tion of multi-objective algorithms to these same problems was shown to be more e cient,
both in terms of computational cost and in the solutions provided.

In the case of the simulation applied to IT Service Management, the results using
multi-objective algorithms were much better than the ones obtained with the optimizer
included with the Anylogic™ tool. Figure 4.1 shows some of the best non-dominated
solutions of the Pareto front using jMetal and the single solution (grey square) provided
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Table 4.1: Parameters of the best solutions found by Gradient Descent, NSGA-II and SPEA2

algorithms.
Algorithm Turns Bottom radius (cm) Top radius (cm) Height (cm) Volume (cm 3)
Gradient Descent  0.831 1.945 1.022 13.8 98.49
NSGA-II 0.777 1.929 1.145 14.072 106.676
SPEA-2 0.84 1.032 0.753 13.593 34.281

by Anylogic™ . The multi-objective evolutionary algorithms could nd better solutions
than the ones o ered by Anylogic™ in all objectives. Since this proposal bene ts from
the advantages of the multi-objective optimization approach applied to the results of
simulation models, the range of the solutions provided in the Pareto front can help IT
managers understand the e ect of di erent management strategies and improve their
decision-making towards more e cient processes.

Anylogic™ soluton —

Figure 4.1: Pareto front using jMetal and solution found by Anylogic™ optimizer.

In the eld of antenna design, a signi cant time cost reduction was achieved. Further-
more, the simulation optimization approach allow us to obtain multiple correct solutions
that provide some exibility and can help the decision maker to choose the nal design
of the antenna. The results obtained with the di erent algorithms can be seen in the
Table 4.1. The experiment using Gradient Descent took two calendar months, while the
NSGA-II and SPEA2 experiments took only three weeks. Note that the result obtained
by NSGA-II is very similar to that achieved by Gradient Descent, while SPEA2 was able
to reduce the volume of the antenna to one third of that obtained by Gradient Descent.

Having more solutions, with di erent dimensions but all optimal from the radiation
point of view, o ers more possibilities for the manufacturing not only for the antenna but
the rest of elements that are coupled closely to it.

Figure 4.2 shows the parameters of one of the best solutions obtained during the
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optimization process.

Figure 4.2: Graphical representation of parameters of the best solution, obtained by SPEA2.

As it was observed in these experiments, regardless of the nature of the problem,
multi-objective optimization applied to simulation can bring bene ts in solving complex
problems.

In addition, there were theoretical advances. More concretely, a new sorting algorithm,
Merge Non-Dominated Sorting (MNDS), strongly outperforms the current state-of-the-
art algorithms in terms of running time and the number of comparisons carried out.
Therefore, MOEAs based on the Pareto ranking can bene t greatly from signi cant time
reductions, particularly in the case of using large populations and solving many-objective
problems. Therefore, MNDS allows us to relax the stop conditions of the MOEAs algo-
rithms based on Pareto ranking and execute more iterations because when there is no
dominance, its computational cost is reduced t®(MNIogN ).

4.2 Future Work

The following lines of work where identi ed as future research in the area of simulation
optimization:

Use other multi-objective algorithms capable of handling the constrains to compare
and adapt them to the di culty of these problem.

Explore many-objective algorithms to be capable of increasing the number of objec-
tives in order to analyse more complex simulations.

As the number of variables and solutions in the Pareto can be large, it is necessary
to explore visualization and clustering techniques to present the results, as well as
de ning new multi-criteria decision making methods to choose the solutions to adopt
among those in the Pareto front.
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Explore parallel versions of the algorithms, or possible parallelization techniques as
usually simulations require very high computational costs.

Study why SPEA2 has obtained slightly better results than NSGA-II in all the
experiments.

Study the application of memetic algorithms to use cases to achieve even better
results.

From a more theoretical point of view and in relation to MNDS, it is possible to improve
the way the rankings are calculated by MNDS by the use of di erent search methods and
data structures. For example, using theéTimsort! [51] algorithm instead ofmerge sort
and the sequential search used in nding the ranking of each solution could be replaced
by a binary search or ak-d tree

Another line of research would be to adapt the MNDS algorithm so that it can be used
with steady-state Evolutionary Algorithms.
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Chapter 5

Using Simulation-based
Optimization in the Context of IT
Service Management Change Process

Today's IT systems and IT processes must be ready to handle change in an e cient and
responsive manner to allow businesses to both evolve and adapt to a changing world. In
this paper we describe an approach that consists of using simulation based multi-objective
optimization to select optimal ITIL change management process strategies that help IT
managers achieve process e ciency as a Critical Success Factor (CSF). A multi-method
simulation model, which is based on agent-based and discrete-event simulation paradigms,
has been built to simulate the whole process life-cycle, since the change initiation until its
closure. As most engineering problems,assuring an e cient delivery of the change man-
agement process requires optimizing simultaneously the corresponding Key Performance
Indicators (KPIs) in which the process-e ciency CSF can be rolled down. In this paper,
we show the results of applying two well-known Multi-Objective Evolutionary Algorithms,
namely NSGA-Il and SPEA2, to obtain a set of optimal solutions for the KPIs associated
with delivering process e ciency as a CSF. We also compare the results obtained with
the output from the single-objective optimization algorithm provided by the simulation
tool. The experimental work included shows how the approach can provide the IT man-
ager with a wide range of high quality solutions to support them in their decision-making
towards CSF achievement.










































Chapter 6

Design of a TTC Antenna using
Simulation and Multi-objective
Evolutionary Algorithms

The design of a Compact Dual-band Equatorial helix antenna using Computational Elec-
tromagnetic Methods (CEM) together with multi-objective optimization algorithms is
presented. These antennas are used for Telemetry, Tracking, and Control (TTC) of satel-
lites from the terrain base station. In order to optimize the parameters an antenna, a
simulation-optimization process is shown along a real case study. The parameters of the
antenna that ful lls the radiation patterns needed for the communication are obtained
using a simulation tool called MONURBS together with two well-known multi-objective
algorithms: NSGA-II and SPEA-2. In this work, a comparison with previous designs
and the antenna prototype are presented, showing that this approach can obtain multiple
valid solutions and accelerate the design process.
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