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Resumo 
 

Diversas aplicações industriais têm componentes dinâmicas que conduzem a variações na 

função objectivo, e os Algoritmos Genéticos (AGs), devido à adaptabilidade, surgem como 

ferramentas apropriadas para resolver este tipo de problemas. A tese propõe dois novos 

métodos evolutivos para optimização dinâmica. O primeiro está direccionado para a 

recombinação e, com um mecanismo auto-regulado, evita cruzamentos entre soluções 

semelhantes, mantendo, dessa forma, diversidade genética. O segundo é um novo operador 

de mutação do qual emergem taxas variáveis auto-reguladas, com uma distribuição 

adequada para optimização dinâmica. Propõe-se ainda um método híbrido eficaz que 

combina as duas estratégias. O objectivo, e principal alegação da tese, é criar protocolos 

inspirados em sistemas reais que melhoram o desempenho dos AGs sem aumentar a sua 

complexidade, e sem informação a priori sobre o problema.    

As propostas foram testadas numa vasta gama de problemas e demonstraram ser mais 

eficazes do que outros AGs, nomeadamente quando as mudanças não são rápidas. O 

algoritmo híbrido demonstrou ser particularmente eficaz, pois alarga a gama de aplicações 

nas quais cada método, isolado, tem um bom desempenho. Tal como é proposto, os 

algoritmos são robustos e não aumentam o espaço de parâmetros, cumprindo dessa forma 

algumas exigências das aplicações reais.  
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Abstract 

 
Many industrial applications have dynamic components that lead to variations of the 

fitness function and Genetic Algorithms (GAs) adaptiveness is an appropriate tool to solve 

this type of problems. The thesis proposes two new evolutionary methods to tackle dynamic 

problems. The first acts upon mating and avoids crossover between similar individuals, via 

a self-regulated mechanism, thus preserving genetic diversity. The second is a new 

mutation operator able to evolve self-regulated mutation rates with a particular distribution 

that is suited for dynamic optimization. Finally, an efficient hybrid method that combines 

both strategies is proposed. The objective and main claim is the possibility of designing 

nature-inspired protocols for GAs that are efficient when evolving on dynamic 

environments while preserving algorithmsô complexity and not requiring a priori 

information about the problem. 

The proposals are tested on a wide range of problems and are able to outperform 

frequently other GAs, namely when the frequency of change is lower. The hybrid scheme 

proves to be particularly effective since it broadened the range of dynamics in which each 

method by itself excels. As projected, the proposed techniques are robust and do not 

increase parametersô set, thus fulfilling  necessary conditions for real-world applications.     
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Chapter 1  

Introduction   

1.1 Objectives 

In recent years, dynamic optimization ð i.e., optimization of non-stationary 

functions ð became one of the major themes of research on Evolutionary Computation 

(Holland, 1975; Goldberg, 1989a; Bäck, 1996). Since dynamic components are, along 

with non-linear constraints and multiple objectives, one of the properties that frequently 

appear in real-world problems, and because for a long time Evolutionary Computation 

has entered the realm of industrial applications ð namely, due to its efficiency on non-

linearity and multiobjectives ð, it was expected that, sooner or later, this field would 

raise a growing interest amongst the community. The interest in the subject, though, is 

not recent, and many studies have been published since the beginning of the 

investigations on evolutionary systems for optimization purposes, in the 1960s. In fact, 

and as referred by Jin and Branke1 in their survey on evolutionary optimization in 

uncertain environments (Jin & Branke, 2005), the earliest application of Evolutionary 

Computation to dynamic environments dates back to 1966, and its description appears 

in the seminal book by Fogel2, Owens and Walsh, Artificial Intelligence through 

Simulated Evolution (Fogel et al. 1966).  

                                                           
1 Jurgen Branke is one of the most prominent researchers in evolutionary optimization, author and co-author of many 

papers on the subject, which will be addressed throughout this thesis. He published the book Evolutionary 

Optimization in Dynamic Environments (Branke, 2002) in 2002, after his homonymous thesis in 2000 (Branke, 

2000). 
2 Lawrence Fogel (1928-2007) was one of Evolutionary Computationôs founding fathers, and the author of the first 

dissertation in the field (Fogel, 1964). 
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However, this line of investigation only fully started after Goldberg and Smithôs 

paper (Goldberg & Smith, 1987) on diploid Genetic Algorithms (GAs) (Goldberg, 

1989a) for dynamic optimization problems, published, in 1987. A few years later, two 

important and widely cited papers were published, one by Cobb, proposing the well-

known Hypermutation scheme (Cobb, 1990) and another one by Grefenstette, 

proposing the Random Immigrants Genetic Algorithm (Grefenstette, 1992). In a way, 

each one of these approaches is a kind of main paradigm of two of the four categories 

defined by Branke to classify evolutionary techniques for dynamic optimization 

(Branke, 1999): reaction to changes (hypermutation), diversity maintenance (random 

immigrants), memory schemes and multi-population approaches ð see Chapter 2 for a 

detailed description of Jin and Brankeôs categories and of some of the previously 

proposed Evolutionary Algorithms for dynamic optimization. Since Cobb and 

Grefenstetteôs papers, and especially after Brankeôs research on this issue, the 

investigations on Evolutionary Algorithms for dynamic optimization attracted a vast 

number of scientists and the publications on the subject experienced a consistent 

growth, on both international journals and peer-reviewed conference proceedings3. 

Nowadays, these increasing research efforts are being mainly directed towards 

diversity maintenance and memory schemes. This is probably because many multi-

population schemes may be classified within one of the remaining categories (and some 

of them are really hard to distinguish from memory schemes), and because evolutionary 

schemes that react to changes can only be applied when it is easy to detect those same 

changes ð and, in addition, their efficiency is strongly dependent on the intensity of 

the changes. Moreover, ñpureò multi-population schemes usually require complex 

updating and migration strategies that makes it difficult to tune and implement the 

algorithms. 

On the other hand, diversity maintenance techniques ð which in general do not 

require any knowledge about the problem and its dynamics ð, may slow down the 

                                                           
3 For instance, in 2005, the Journal of Soft Computing released a special issue on dynamic optimization, and, in 

2006, IEEE published a Transactions on Evolutionary Computation special issue on Evolutionary Computation in 

the presence of uncertainty. 
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convergence of the algorithm during the stationary periods, a characteristic that may 

harm the performance when the consecutive changes in the fitness function are 

separated by short periods of time. Finally, memory schemes may be very effective, but 

their utility is believed to be restricted to a certain type of dynamics. 

Each type of strategy has its advantages and drawbacks. However, diversity 

maintenance algorithms, due to the fact that they usually do not (necessarily) rely on a 

complex parameter setting and neither on any particular knowledge about the function 

and the dynamics, may be regarded as the most robust evolutionary approach to 

dynamic optimization (even though other strategies may be better when tackling 

dynamic problems from which some information is available). For these reasons, the 

conclusions about the algorithmsô spectrum of application are more reliable when 

investigating Evolutionary Algorithms that act upon diversity in order to tackle 

dynamic problems, since they are not designed to match any particular characteristic of 

those problems. 

This thesis is focused on this type of approaches and argues that it is possible ð by 

searching for inspiration in natural systems ð to develop new techniques and improve 

not only standard GAs on dynamic optimization problems, but also other diversity 

maintenance strategies that are being proposed by the scientific community. In addition 

(and this is an important issue), it is possible to build those schemes by relying on a 

self-adjustable behaviour, without increasing the algorithmsô complexity ð it is hard to 

evaluate the pay-off of using a novel technique if the parameter space grows or if it 

narrows the region of the parameter space in which the algorithm performs well. 

Finally, it is hoped that this work also sheds some light on the behaviour of traditional 

GAs on dynamic environments, namely on how their performance reacts to different 

parameter settings. It is shown, for instance, that standard GAs may work better than it 

is believed, when compared to state-of-the-art proposals, if the parameters are properly 

tuned. Moreover, two of the typical Evolutionary Algorithmsô parameters ð 

population size and mutation probability ð are shown to deeply affect the algorithmsô 

performance. Only after understanding the full extent of Evolutionary Algorithmsô 
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efficiency on dynamic environments, it is possible to design alternative schemes that 

can improve their performance on a significant number of problems and dynamics. 

The thesis restricts the investigation to GAs4 ðalthough some features of the 

proposed schemes are easily extended to other Evolutionary Algorithms (Bäck, 1996) 

ð and proposes two bio-inspired techniques that enhance their performance on a wide 

range of problems, and a hybrid scheme that mixes both strategies and further enhances 

the performance. As stated above, the research has been mainly focused on diversity 

maintenance techniques, due to their broader scope of applications and because these 

schemes are closer to the definition of ñblack-box dynamic optimization5ò. The 

fundamental challenge is to deal with changing environments without information 

regarding the changes ð although it is assumed that the number of environments or the 

period between changes do vary unboundedly, otherwise no other method outperforms 

random restarts of the Evolutionary Algorithmôs population after a change and the 

whole objective of this thesis would be incompatible with the no-free-lunch theorem 

for optimization (Wolpert & McReady, 1997). That is, while some approaches are 

based on increasing populationôs diversity after a change, this thesis focus on 

maintaining diversity throughout the run ð either by avoiding diversity loss, or by 

introducing large amounts of genetic novelty in the population from time to time ð, 

removing the need to predict the changes and their severity. In addition, the thesisôs 

proposals do not rely on memory schemes, and thus are expected to maintain a stable 

behaviour in a wider spectrum of dynamics than memory-based GAs. (On the other 

hand, by relying on ñblindò diversity maintenance strategies, it is expected that the 

proposed algorithms experience some difficulties in dynamic optimization scenarios 

where changes appear fast. This hypothesis is confirmed by the experiments.) 

For that purpose, the research has looked for inspiration on natural phenomena, like 

sexual reproduction strategies (see Chapter 3) and Self-Organized Criticality (Chapter 

6), resulting in two distinct techniques that act upon mating ð the Adaptive 

                                                           
4 In fact, the experiments were only conducted on Genetic Algorithms with binary codifications, but the extension to 

other types of codification is trivial.   
5 Black-box optimization algorithms need little or no information about a problem to solve it. 
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Dissortative Mating Genetic Algorithm (ADMGA) ð and mutation ð Genetic 

Algorithm with sand pile mutation (GASM).  

ADMGA main feature is a selection and recombination scheme that avoids crossover 

between similar individuals, leading to a slower decrease of the genetic diversity. This 

way, diversity is maintained at a higher level. Unlike the Random Immigrants GA ð 

the main paradigm of diversity maintenance strategies ð the proposed method works 

by avoiding diversity loss, rather than introducing novelty in each iteration of the 

algorithm.  

The sand pile mutation replaces traditional mutation by an operator that is able to 

introduce large amounts of genetic novelty in the population, in an undeterministic 

manner. This behaviour is achieved by incorporating, in a traditional GA, a model that 

is known to display a power-law proportion between the size of an event and its 

frequency. Like random immigrants schemes, GASM deals with changing environments 

by trying to supply the population with novel genetic material in a regular basis, 

although not cyclic or predictable. However, and unlike Random Immigrants, this 

proposal achieves that by spreading the new genes throughout the population, instead 

of introducing new randomly generated elements in that same population.  

To evaluate the efficiency of the proposed methods, the algorithms are tested in a 

wide range of problems and dynamics (including trap deceptive functions, a class of 

problems for which there are several experimental and theoretical studies, and which in 

nowadays are the core of many studies on Evolutionary Computation), and compared to 

other evolutionary techniques, including standard GAs and some classical methods for 

dynamic optimization. In addition, the proposals are compared with two recently 

proposed GAs for non-stationary function optimization: Elitism-based Immigrants GA 

(EIGA) (Yang, 2008) and Self-Organized Random Immigrants GA (SORIGA) (Tinós 

and Yang, 2007). 

There is a huge amount of Evolutionary Algorithms specifically designed for 

dynamic optimization, some with just minor changes when compared to standard 

evolutionary approaches, and others that model rather complex strategies. It is not 

possible to evaluate a new proposal against all these algorithms, and, in fact, it is not 
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expected that any method outperforms all the others, especially in wide range of 

problems. What is important here is to try to identify in which conditions a proposed 

scheme may improve traditional GAsô performance, and then confirm that assumption 

with a proper experimental setup and check if the proposal is able to excel where other 

algorithms are not. 

SORIGA and EIGA appear in the test set for several reasons. First, they were selected 

because they were published very recently ð SORIGA in 2007 (Tinós & Yang, 2007) 

and EIGA in 2008 (Yang, 2008) ð in reputed international journals. SORIGA, in 

particular, was chosen also because it is the approach closer to the sand pile mutation 

and in (Tinós, 2007) it is stated that the algorithm is able to outperform other GAs on 

several test problems. EIGA was selected because it is a very simple scheme, it does 

not rely on complicated strategies, it only adds one parameter to the standard parameter 

set (as it will be shown in the following chapter, the proposals of this thesis do not 

increase the size of the parameter set) and the report (Yang, 2008) claims that EIGA is 

able to outperform several other algorithms on dynamic problems. For all these 

reasons, those two algorithms appear to be suited to accompany other strategies on the 

extensive test set prepared for this work. 

In the end, and after an intensive experimental study that explores all the 

potentialities of traditional GAs, Random Immigrants GAs, Hypermutation schemes, 

SORIGA and EIGA, it will be shown that the proposed algorithms are able to 

outperform all other methods on a wide range of problems and dynamics, namely when 

the changes are not very fast. In addition, SORIGA and EIGA will be shown to fail 

when the test set examines a large amount of configurations, by setting the algorithms 

parameter to different values. In particular, it will  be shown how important mutation 

rate and population size are for the behaviour of the algorithms. Population size, in 

particular, is often neglected on many investigations on Evolutionary Algorithms and 

dynamic optimization. This work stresses out the importance of having a population 

size properly tuned, in order to avoid comparing suboptimal configurations of the 

algorithms, and thus misleading the conclusions about the efficiency of the proposed 

methods. 
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The following section summarizes the contributions of this thesis, by briefly 

describing the research process that lead to ADMGA and GGASM, and indicating the 

peer-reviewed conference proceedings and international journals in which each step of 

the investigations has been published. 

1.2 Contributions 

This thesis describes two strategies conceived to deal with non-stationary functions. 

However, these investigations are only a part of a larger body-of-work, which studied 

the behaviour of several algorithms on dynamic environments. Although they are not 

described in the text, some parts of this research were crucial for the thesis, since they 

inspired many ideas behind the proposed algorithms.  

The first investigations and publications related with the complete body-of-work have 

been focused on an Artificial Life model, proposed by Chialvo and Milonas (1995), 

which simulates the stigmergic behaviour of a particular species of ants on a 

homogenous habitat. Ramos and Almeida (2005) later extended Chialvo and Milonasôs 

model in order to evolve it on digital image habitats and showed how the artificial 

swarm can evolve, from local interactions, a complex global behaviour that allowed 

them to ñrecognizeò the digital image, and even to react to changing images (that is, if 

one replaces one image by another one, the swarm is able to readapt itself to the new 

environment). However, due to an important characteristic of stigmergic systems ð 

memory ð the model is not able to adapt to the second image as fast as it adapts to the 

first habitat. In collaboration with Ramos, the author of this thesis introduced an 

evolutionary mechanism that, together with the stigmergic nature of the model, greatly 

increased its capability to adapt to changing environments. The results achieved by the 

new model on changing digital images appear in (Fernandes et al., 2005b). Meanwhile, 

the model was being adapted for mathematical function optimization. The results are 

similar to those attained in image processing: the combination of stigmergy with 

selective reproduction greatly improved the ability of the swarm to find the optimal 
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regions of the fitness landscape. The first results on stationary and non-stationary 

environments are in (Fernandes et al., 2005a). Later, Ramos, Fernandes and Rosa 

(2005) tested the model on a wider range of dynamic environments6. 

 The results in (Fernandes et al., 2005a), (Fernandes et al., 2005b), (Ramos et al., 

2006) and (Ramos et al., 2007) inspired the idea of having a GA with varying 

population size to tackle dynamic optimization problems7. Varying population GAs 

have been studied since the beginning of 1990s, although most of the approaches have 

reached a dead end. Fernandes and Rosa (2006) tried to overcome some of difficulties 

of dynamic populations with the Self-Regulated Population Size Evolutionary 

Algorithm (SRP-EA). The preliminary results on stationary environments were quite 

promising, but in the meantime, a simpler and effective approach arose from SRP-EA, 

simply by using a fixed size population. That algorithm is the aforementioned 

ADMGA. The algorithm was first studied under a stationary optimization framework, 

and the results were published in 2008 in the Journal of Soft Computing (Fernandes & 

Rosa, 2008a). In the meantime, scalability tests with deceptive functions were 

published as a book chapter in Advances in Evolutionary Computation (Fernandes & 

Rosa, 2008b). In that same paper, the first studies on dynamic environments are 

presented. Later, in (Fernandes et al., 2008e), the algorithm was applied to dynamic 

trap and deceptive functions and a dynamic knapsack problem. Finally, an exhaustive 

study on ADMGA and dynamic deceptive functions is in submission as a journal paper. 

An alternative ð and, as it will be shown, complementary ð method for maintaining 

the diversity of Genetic Algorithms throughout the run is proposed by Fernandes 

                                                           
6 Although the swarm is not suited (at least in its current form) for dynamic optimization ð due to the high ratio 

between the number of ants and the size of the search space ð, its results, as aforementioned, inspired some of the 

following investigations conducted for this thesis. In addition, other authors successfully applied the model to 

image segmentation (Laptik & Navakauskas, 2007) and automated testing in software engineering (Mahanti & 

Banerjee, 2006). Finally, the author of this thesis, in collaboration with Mora, Ramos, Merelo, Rosa and Laredo, 

extended the model to deal with clustering and classification problems (Mora et al., 2008; Fernandes et al., 

2008f). The same model is also described in (Fernandes, 2008) and (Fernandes, 2009), where it is addressed as 

potential creative tool, and where some possible dialogues between Art and Science are also mentioned. 
7 The same results also inspired another line of work that mixed ideas from swarm algorithms with Estimation of 

Distribution Algorithms (Lorrañga & Lozano, 2002; Pelikan et al., 1999). Those investigations led to some very 

interesting results in (Fernandes et al., 2008b), (Lima et al., 2008a) and (Lima et al., 2008b), although they were 

left out of this thesis. However, in a way, that research also inspired the sand pile mutation, because it deals with 

self-organization and Evolutionary Algorithms. 
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(Fernandes et al., 2008b) in collaboration with Merelo, Ramos and Rosa. The scheme, 

called sand pile mutation, is based on the Self-Organized Criticality theory (Bak et al., 

1987; Bak, 1996) and maintains population diversity by engaging in a varying mutation 

intensity that is driven by events holding a power-law proportion between their 

magnitude and their abundance. The method ð after some changes that enhanced its 

performance when compared to the version presented in (Fernandes et al., 2008b) ð 

attains very good results on a wide range of dynamic problems, and, like ADMGA, 

outperforms two recently proposed evolutionary approaches ð in (Tinós & Yang, 

2007) and (Yang, 2008a) ð for dynamic optimization in most of the dynamic scenarios 

in the test set. When hybridized, the sand pile mutation and ADMGAôs mating scheme 

result in a highly efficient algorithm that outperforms both strategies on most of the 

proposed dynamic scenarios. Appendix A shows the complete list of publications 

related with the body of work developed during the making of this thesis. 

Summarizing, this thesis contributes to the Evolutionary Computation research field 

in general and the evolutionary dynamic optimization in particular with: 

¶ A new mating scheme, inspired by the behaviour of natural species, which 

preserves diversity and improves GAsô performance on many dynamic 

scenarios. ADMGA is also shown to improve GAsô scalability on stationary 

deceptive trap functions. The algorithmôs main feature consists of a simple 

self-regulated mechanism that does not add complexity to the tuning effort.  

¶ A new mutation operator, inspired by the Self-Organized Criticality theory, 

which introduces diversity in the population, thus improving its ability to react 

to changes. The distribution of the mutation rates depends on the type of 

problem and also on the dynamics of changes. In addition, the distributionôs 

shape is particularly suited for dynamic optimization, because in some 

generations large amounts of genetic diversity are introduced in the 

population. Raising the mutation rate is a classical strategy for evolutionary 

dynamic optimization, but unlike previous approaches, GASM is self-

regulated. 
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¶ A hybrid scheme that mixes and improves the performance of both strategies. 

By mixing the mating and selection scheme with the novel mutation operator, 

the hybrid algorithm combines dissortative mating propensity to maintain 

diversity with the sand pile mutation rate capability of introducing diversity. 

The resulting hybrid broadens the range of dynamics in which each algorithm 

excels. 

¶  Experimental studies that shed some light on how the GAs performance 

varies with different mutation probability values and population size. To the 

extent of our knowledge, there are no other studies on Evolutionary 

Computation and dynamic optimization that investigate the effects of 

parameter values in such a detail. 

¶ The algorithms do not increase GAsô parameter space and do not require any 

knowledge about the problem or dynamics of changes, as proposed. 

¶ The new methods improve the performance of not only traditional GAs, but 

also the results of two state-of-the-art algorithms on many dynamic scenarios. 

¶ Finally, it is hoped that, due to the characteristics of the proposed methods ð 

the algorithms work without previous knowledge about the dynamics and do 

not increase standard parameter space ð, this line of work goes beyond 

investigations on prototypes and inspire industrial applications. 

1.3 Thesis Outline 

This thesis is written in book-style with survey chapters and descriptions of 

experimental studies. The survey chapters describe the Evolutionary Computation 

research areas addressed by the thesis, and also the subjects which inspired some of the 

techniques proposed in this work. Those survey chapters also try to put the present 

research in perspective to other evolutionary approaches based on the natural systems. 

The case study chapters are included to demonstrate the potential of the algorithms on 

dynamic optimization problems. 
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The remaining of the thesis is structured as follows: Chapter 2 gives a survey on 

optimization in uncertain environments, with a special emphasis on dynamic 

optimization, which is the main subject of the thesis. Several previously proposed 

Evolutionary Algorithms and other bio-inspired methods for dynamic optimization are 

described within a framework that divides them according to strategies to deal with 

changes. Typical dynamic problems and dynamic problem generators are described, as 

well as a number of criteria along which dynamic environments may be classified and 

tested. 

Chapter 3 focuses on dissortative mating strategies for Genetic Algorithms and 

presents ADMGA, and Chapter 4 describes the experiments conducted with the 

algorithm on a wide range of stationary environments. Scalability tests on deceptive 

functions are also presented in Chapter 4, while Chapter 5 describes the experiments 

and results on dynamic optimization problems. 

Chapter 6 addresses Self-Organized Criticality models, describes some optimization 

algorithms based on such theory and presents the sand pile mutation. Chapter 7 

describes the results attained by this method on dynamic environments, and Chapter 8 

proposes a hybrid algorithm that mixes ADMGAôs mating strategy and the new 

mutation protocol. 

Finally, Chapter 9 concludes the thesis and outlines plans for future research. 
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Chapter 2  

Optimization  in Uncertain 

Environments 

2.1 Introduction  

This chapter addresses evolutionary optimization in uncertain environments, 

particularly those with time-varying (i.e., dynamic) fitness functions, which is the main 

target of the investigations performed for the thesis. The most prominent types of 

evolutionary techniques used in dynamic environments are described, along with their 

specific fields of application, that is, the type of environmental dynamics for which the 

different algorithms are more suited. Since robustness8 in dynamic optimization is the 

main theme of the thesis, a special emphasis will be put on the limitations of some 

efficient but, on the other hand, narrow-ranged methods. In addition, algorithms for 

dynamic optimization of the same type of those described in the following chapter ï 

and used to evaluate the effectiveness of the proposed methods ī are carefully 

described. Classification of uncertain environments and bio-inspired algorithms for 

dynamic optimization follows the ideas in (Jin & Branke, 2005) and (Branke, 2002). 

The dynamic problem generator presented in (Yang, 2004) ð used throughout this 

investigation ð and other well-known dynamic benchmark problems are also 

described. The chapter ends with a critical note on experimental research methodology 

for dynamic optimization. But first, a brief description of Evolutionary Computation in 

                                                           
8 In this context, robustness means that the efficiency of the algorithms is not limited to very specific kind of 

dynamics. It may be stated that a robust algorithm is more suited for ñblack-box optimizationò, that is, for dealing 

with problems without using any previous knowledge about them. A different meaning for robustness is addressed 

in the next section, under the different types of uncertain dynamics framework.    
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general, and Genetic Algorithms (GAs) in particular, is provided. The description just 

aims at introducing the basic concepts of GAs. The unfamiliarized reader may then 

refer (Holland, 1975), (Goldberg, 1989a) and (Bäck, 1996) for more details on this 

particular class of metaheuristics 

2.2 Evolutionary Algorithms  

As stated in the abstract of Bªckôs book Evolutionary Algorithms in Theory and 

Practice (Bäck, 1996): 

ñEvolutionary Algorithms are a class of direct, probabilistic search and 

optimization algorithms gleaned from the model of organic evolution. (...)ò 

The main idea behind Evolutionary Algorithms is Charles Darwinôs (1809-1882) 

theory of natural selection (Darwin, 1859). This class of algorithms is usually divided 

into three sub-classes ð GAs, Evolution Strategies and Genetic Programming ð but 

some features are common to them: selection of the best solutions in a population, 

recombination and mutation9. This thesis deals mainly with GAs, and so the following 

description will focus on that type of Evolutionary Algorithms. Although Evolution 

Strategies and Genetic Programming comprise some features of their own, GAs are 

sufficient to illustrate the general idea. 

A GA is a population of candidate solutions to a problem that evolve towards optimal 

(local or global) points of the search space by recombining parts of the solutions to 

generate a new population. The decision variables of the problem are encoded in strings 

with a certain length and cardinality. In GAsô terminology, these strings are referred to 

as chromosomes, each string position is a gene and its values are the alleles. The alleles 

may be binary, integer, real-valued, etc, depending on the codification (which in turn 

may depend on the type of problem).  

 

                                                           
9 Some Evolutionary Algorithms may work without recombination, others without mutation, but the general 

framework can be defined in such a way. 
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The ñbestò parts of the chromosomes ð or building-blocks ð are guaranteed to 

spread across the population by a selection mechanism that favours better (or fitter) 

solutions. The quality of the solutions is evaluated by computing the fitness values of 

the chromosomes, and this fitness function is usually the only information given to the 

GA about the problem. This is the reason why GAs and other Evolutionary Algorithms 

are so efficient as ñblack-box-optimizationò tools ð that is, approaches that rely only 

on the information given by the fitness evaluations, and do not require any additional 

knowledge about the problem. 

A standard GAôs procedure goes as follows: First, a population of chromosomes is 

randomly generated. All the chromosomes in the population are then evaluated 

according to the fitness function. A pool of parents ð or mating pool ð is selected by 

a method that guarantees that fitter individuals have more chances of being in the pool 

ð tournament selection (Goldberg et al., 1989), fitness proportionate selection, also 

known as roulette-wheel selection (Goldberg, 1989a) and stochastic universal sampling 

(Bäck, 1996) are just some of the possible selection methods. Then a new population is 

generated by recombining the genes in the parentsô population. This is usually done 

with a crossover operator ð 1-point crossover, or uniform crossover, amongst many 

proposals that can be found in Evolutionary Computation literature ð that recombines 

the genes of two parents and generates two offspring according to a crossover 

probability ὴὧ that is typically set to values between 0.6 and 1.0 (if the parents are not 

recombined, they are copied to the offspring population). After the offspring population 

is complete, the new chromosomes are mutated before being evaluated by the fitness 

function. Mutation operates at gene level and its probability ὴά is usually very low (for 

instance, ὴά is set to 1 ὰ in many GAs, where ὰ is the chromosome lenght). 

After the evaluation of the population of offspring comes the replacement of the old 

population. There are several techniques for replacement, that is, for combining the 

offspring population with the old population in order to create the new population. 

Generational replacement, for instance, replaces the old population by the offspring. A 

steady-state strategy will replace a fraction (typically, two individuals) of the old 
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population by the best individuals in the offspring population. Sometimes, an Ὡ-elitism 

strategy is used, that is, the best Ὡ chromosomes from the old population are copied 

without mutation to the new population. The remaining individuals are selected 

according to any method. Although a properly tuned GA does not need elitism in order 

to converge to the optimal solution (as long as it has a proper supply of raw building-

blocks, those building-blocks are properly mixed and the stop criteria allows enough 

generations), this operator may speed up the search process thus being useful on real-

world problems, although Thierens (Thierens, 1999) states that elitism does 

significantly improves the scalability of the simple GA.  

This process goes on until a stop criterion is met. Then, the best individual in the 

population is retrieved as a possible solution to the problem. Figure 2.1 shows the 

pseudo-code of a standard GA. 

Population size is the main bottleneck for a GA. Although this section will not go into 

details on population sizing theory, it may be stated that one the most important issues 

that must be addressed when starting to design or tune a GA is to ensure an adequate 

supply of raw building-blocks. That is, if one supplies it with an initial population that 

is too small, the algorithm will converge very often to local optima; too big and the 

computational effort increases beyond indispensable. (In addition, it may be questioned 

if a problem should be solved with a large population and a single run, or several runs 

with small populations.). In stationary optimization, an effort must be done to 

determine the optimal population size, that is, the smallest population that ensures 

convergence  with  an  acceptable  probability.  Below  that,  the  convergence to global 

Standard Genetic Algorithm (SGA)  

initialize Population(P) 
evaluate Population(P) 
while (not termination condition) do 
     ǎŜƭŜŎǘ tΩ individuals from P 
     recombine individuals tΩ to generate offspring population O 
     mutate individuals in O 
     evaluate population O 
     replace all (or some) individual in P by those in O 
end while 

Figure 2.1: Pseudo-code of the Standard Genetic Algorithm (SGA). 
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optima is less probable. Above that value, an extra computational effort is needed to 

achieve the same results. Dynamic optimization adds an extra difficulty to this topic. 

Imagine for instance that changes appear before the algorithm is able to evaluate the 

entire population. In that case, it is obvious that the population size must be reduced in 

order to deal with that particular problem, and usually it is not sufficient to cut down 

the population size so that it keeps lower than the number of evaluations between each 

change: in order for the GA to explore the stationary period to converge towards the 

optimum, it is sometimes necessary to reduce the population to a different order of 

magnitude. The speed of change adds another serious bottleneck when it comes to track 

moving optima. 

Another GA parameter that must be addressed very carefully when solving dynamic 

problems is the mutation probability. Mutationôs objective is to maintain the genetic 

diversity of the population and avoid the loss of alleles due to selection or genetic drift: 

i.e., mutation avoids the full convergence of the population. In dynamic optimization, it 

is not only necessary to maintain enough diversity to avoid premature convergence 

towards a local optimum, but also to ensure that the algorithm is able to react to 

changes by escaping updated solutions, that is, regions in the search space that are no 

longer optimal. A mutation probability value that maximizes the performance of a GA 

on a stationary function may be inappropriate to tackle a dynamic version of that same 

function. It is thus mandatory to cover a wide range of mutation probability values if 

one aims at exploring the full potential of these algorithms on dynamic optimization 

and draw reliable conclusions. 

The next section, which addresses the theme of optimization in uncertain 

environments in general, and dynamic optimization in particular, will (hopefully) shed 

some light on these and other matters.  
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2.3 Uncertainties in Optimization Problems 

In their survey on Evolutionary Computation and uncertain environments published 

in 2005, Jin and Branke (2005) divided uncertainties into four classes: 

1) Noise: Noise may appear in fitness evaluations due to several factors, such as 

sensory measurement errors or problem structure. Usually, noise ð an addictive factor 

of the fitness function ð is assumed to be Gaussian but other distributions may also be 

considered (Jin & Branke, 2005). A noisy fitness function may be described by: 

Ὂὢᴆ= Ὢὼᴆ+ ᾀὴᾀὨᾀ= Ὢὼᴆ,ᾀ ~

+Њ

Њ

 ὔ(0,„2) (2.1) 

where ὢᴆ is a vector of variables, Ὢὼᴆ is a time-invariant fitness function and ᾀ is the 

addictive noise (assumed to be Gaussian with 0 mean). The main problem with noisy 

fitness functions and Evolutionary Algorithms is that during optimization the only 

measurable fitness value is the stochastic Ὢὼᴆ+ ᾀ. As stated in (Jin & Branke, 2005), 

the fitness function of (2.1 is therefore approximated by an averaged sum of a number 

of random samples: 

Ὂὼᴆ=
1

ὔ
Ὢὼᴆ+ ᾀὭ

ὔ

Ὥ= 1

 (2.2) 

where ὔ is the number of samples. 

2) Robustness: When the design variables of a problem change after an optimal 

solution has been found, sometimes it is required that the solution is still satisfactory. 

These solutions are called robust solutions and for an algorithm to search for those 

solutions it must optimize the following expected fitness function:   

Ὂὼᴆ= Ὢὼᴆ+ ‏Ὠ‏ὴ‏

+Њ

Њ

 (2.3) 

where ὴ‏ is probability distribution of the possible disturbances in the design 

variables. 
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3) Fitness Approximation: Fitness approximation is used when an objective function 

is not available or when the solutions are too expensive to evaluate. In that case, a 

meta-model is used: 

Ὂὼᴆ= Ὢὼᴆ+ Ὁ(ὼᴆ) (2.4) 

where Ὁ(ὼᴆ) is the approximate error of the meta-model. The main difference to noisy 

functions is that, in this case, the error is deterministic and cannot be reduced by 

resampling the approximate fitness function. 

4) Time-varying fitness functions: This is the class of uncertain environments 

addressed by this thesis and it consists on deterministic fitness functions that depend on 

time ὸ:  

Ὂὼᴆ= Ὢὼᴆ+ Ὢὸ(ὼᴆ) (2.5) 

The next section addresses time-varying fitness functions, their characteristics and 

how Evolutionary Algorithms may be adapted and used in order to cope with this 

particular class of problems. 

2.4 Dynamic Optimization  

Optimization in dynamic environments adds a level of complexity above those 

already present in static optimization. A problem is said to be dynamic when there is a 

change in the fitness function, problem instance or restrictions, thus making the 

optimum change as well. In each period of optimization, the fitness function is 

deterministic, but when changes occur, solutions already found may be no longer valid 

and the process must engage in a new search effort. When using evolutionary and other 

bio-inspired algorithms to tackle this kind of problems, the crucial and delicate 

equilibrium needed between exploration and exploitation (Whitley, 1988) in static 

environments becomes even more important and complex to deal with. If the algorithm 

fully converges, it may be difficult to regain adaptability and react to changes in the 

environment. Global search must be sometimes increased, even on the expense of 

speed of convergence. Of course that, as stated by Jin and Branke (2005):  
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ñ(é) the simplest way to react to a change of the environment is to regard 

each change as the arrival of a new optimization problem that has to be solved 

from scratch. Given sufficient time, this is certainly a viable alternative. (é)ò. 

 However, there is not, in some situations, sufficient time, while other difficulties 

arise when changes in the environment are not easily detectable, making reactions to 

those same changes hard to implement. In addition, even if the change is detectable, it 

is hard to decide if it is better to restart the population or continue the search with the 

same population after a shift in the environment. That decision may depend on the 

severity of the changes, or even on their whole dynamics ð defined by severity, speed, 

periodicity, amongst other traits (Branke, 2002).  

Another issue of extreme importance that arises when designing algorithms to solve 

dynamic problems is the wide spectrum that the environmental dynamics may cover. 

As it happens in static problems, No-Free-Lunch Theorems (Wolpert & McReady, 

1997) are incompatible with the project of designing an algorithm that outperforms any 

other method when tracking moving optima. Whereas in static optimization the 

difficulties for Evolutionary Computation arise from the fact that the infinite set of 

search landscapes includes those without some sort of structure that can be exploited, 

dynamic optimization problems pose additional difficulties due to the dynamics of the 

fitness landscape. If the number of environments or the period between changes varies 

unboundedly, then, on average, no other method is better than random restarts after a 

change (Wolpert & McReady, 1997). However, research on Evolutionary Algorithms 

for dynamic optimization is not doomed to be an aimless task because the goal is not 

solving all possible problems, but only a narrower subset focused on a particular 

domain of interest (or under certain bounds).  

With these limitations in mind, it may be stated that Evolutionary Algorithms hold 

self-adaptive traits that makes them a promising candidate to solve dynamic problems. 

Nevertheless, some difficulties arise from Evolutionary Algorithms structure and 

behaviour. To begin with, if the algorithm converges, its ability to acquire the new 

optimum after a change is reduced. Genetic diversity ð that is, the genotypic variety 
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present in a population at a specific moment (generation) ð must thus be maintained or 

at least introduced at regular intervals. Mutation (or any other method to maintain or 

introduce genetic diversity in the population) is essential and, in some cases, increasing 

mutation above the optimal value needed to solve the static problem is enough to track 

the optima. On the other hand, high rates have a destructive effect (Goldberg, 1989b), 

and it is not possible to rely on reactive macro-mutation because changes (or their 

severity) are not always detectable, and therefore other methods are required to deal 

with the complexity of dynamic landscapes in general.  

Another problem arises for non-generational Evolutionary Algorithms. In this kind of 

algorithms ð known as steady-state Evolutionary Algorithms (Holland, 1975) ð 

parents and offspring compete for survival and may belong to the same population. If 

changes are not easy to detect, all solutions must be re-evaluated after a shift in the 

fitness function, because otherwise outdated fitness values will remain in the 

population, misleading the search. Unless changes are very fast, the computational 

effort is not dramatically increased, but if changes are very costly to detect, all the old 

chromosomes that remain in the population must be re-evaluated in each generation, 

increasing the computational cost and thus decreasing the number of generations 

between changes. On the other hand, some techniques may overcome this drawback if 

the steady-state character comes together with abilities to maintain diversity, escape 

local optima and react to changes. The algorithm presented in Chapter 5 is an example 

of a steady-state GA that although it re-evaluates the old chromosomes in each 

generation10, it is more effective than standard generational GAs on most of the 

dynamic problems included in the experiments.   

Due to the large number of published proposals on Evolutionary Algorithms for 

dynamic optimization, a classification of techniques is needed in order to distinguish 

major approaches and identify their preferable targets. A possible set of categories to 

                                                           
10 Most of the experiments in the investigation reported by this thesis were conducted under the most general 

assumptions. That is, changes are hard to detect and the extent of the change (and its hypothetical periodicity) is 

unknown a priori.  
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classify Evolutionary Algorithms designed for dynamic optimization has been proposed 

by Branke (Branke, 2002). 

2.5 Evolutionary Algorithms  for Dynamic 

Optimization  

The difficulty of dynamic optimization can be stated as seeking an appropriate 

balance between two contradictory characters of the search procedure, those between 

the exploring and exploiting nature of the algorithm. Over the past few years, a number 

of authors have addressed the problem of convergence and subsequent loss of 

adaptability when solving dynamic problems with evolutionary and other bio-inspired 

algorithms. The following paragraphs describe some of them. The techniques are 

classified within the four categories defined by Branke (2002):  

1) Reaction to changes: These algorithms hold some kind of mechanism that reacts 

to changes and takes explicit actions to increase or introduce diversity in population, 

thus making easier the tracking of the moving optimum. Cobbôs Hypermutation (Cobb, 

1990) is a technique that may be classified within this category. Hypermutation deals 

with changing environments by increasing significantly the mutation probability when 

a change is detected. The probability values are varied from 0.001 up to 0.5. The 

increase in the mutation probability is followed by a period of decay where the rate 

decreases back to its base value. More recently, Morrison and De Jong (2000) showed 

that larger Hypermutation values track the optimum better when the environmental 

changes are frequent, while lower Hypermutation levels perform better when the 

changes are less frequent. However, this algorithm is far from being effective under all 

circumstances, because, as already stated, changes are not always detectable and small 

changes in the environment may be easily tracked without the destructive effect of such 

high mutation probabilities.  

Variable Local Search (Vavak et al., 1997a; Vavak et al., 1997b) uses a method 

similar to Hypermutation to deal with changing environments: the mutation probability 
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is gradually increased after a change has been detected. Other methods, like those 

proposed by Bierwirth and Mattfeld (1999) and Lin et al. (1997), create a new 

population after a change using the solutions of the previous population as a seed.  

Another possible approach is to incorporate the variation of the mutation probability 

in the evolutionary process itself, that is, to use a self-adaptive probability to tackle 

changes. Angeline (Angeline, 1997) proposed an Evolutionary Program (Bäck, 1996) 

with self-adaptive mutation probability for dynamic optimization. Parents are mutated 

to create offspring with a variance that decreases as the optimum is approached. 

However, the results show no perceptible improvement over a simple adaptive method 

and the behaviour of the self-adaptive strategy is typically erratic (Angeline, 1997). In 

addition, decreasing the variation of mutation to values close to the minimum (defined 

by a parameter) requires a minimal knowledge of the fitness landscape, namely of the 

optimum value. Not knowing the best fitness value may diminish the efficiency and 

even the viability of this method. Similar ideas where proposed in (Grefenstette, 1999), 

(Bäck, 1998) and (Stephens, 1998).   

In general, these simple approaches are often inefficient when compared to other 

possible strategies, because solving a problem without reusing information from the 

past might be time consuming, a change might not be identifiable directly, or the 

solution to the new problem may not differ too much from the solution of the old 

problem. Thus, it is sometimes better to have an algorithm that is capable of 

continuously adapting the solution to a changing environment, reusing the information 

gained in the past.  

2) Memory schemes: Another kind of approach is to supply the algorithm with some 

sort of memory that stores good partial solutions in order to reuse them later. This can 

be advantageous in cases where the environment is changing periodically and repeated 

situations occur. On the other hand, they can be counterproductive if the environment 

changes dramatically with open-ended novelty. 

Memory may be provided in two general ways: implicitly, by using redundant 

representations, or explicitly, by introducing an extra memory and formulating 

strategies to deposit and retrieve solutions later (Branke, 2002). The major approach to 
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implicit memory and redundant representation is diplodity, which was used for the first 

time in dynamic optimization by Goldberg and Smith (1987); other examples may be 

found in (Dasgupta & McGregor, 1992), (Lewis et al., 1998), (Ng & Wong, 1995), 

(Ryan, 1997) and (Uyar & Harmanci, 2005). A diploid GA has a set of two 

chromosomes (instead of only one, as in the traditional, or haploid, GAs) and more than 

one gene compete for the same phenotypic trait in the same individual. A dominance 

map is used to label some genes as dominant and recessive and if a dominant gene is 

paired with a recessive gene, only the former is expressed in the phenotype, leaving the 

recessive gene unexpressed (Kl inkmeijer et al., 2006). This way, dominant genes may 

protect less fit recessive genes from disappearing from the population due to selection 

pressure. Once the function changes, the less fit genes may come into expression if the 

environment is favourable. For this structure, a diploid GA needs a dominance map. 

One of the most referred maps in literature has been proposed by Holstein (Hollstein, 

1971) but other authors (Ng & Wong, 1995; Ryan, 1997) presented alternative ones.  

Although there are reports that show that diploid GAs can outperform haploid 

schemes in some dynamic environments, Lewis et al. (Lewis et al., 1998) concluded 

that: 

ñ(...) some form of dominance change is essential, as a diploid encoding is not 

enough in itself to allow flexible response to change. Moreover, a haploid 

method which randomly mutates chromosomes whose fitness has fallen 

sharply also performs well on these problems (...)ò.  

Therefore, while redundant representations allow Evolutionary Algorithms to 

implicitly store some useful information during the run, it is not clear that the algorithm 

actually uses this memory in an efficient way. As an alternative, some approaches use 

an explicit memory in which specific information is stored and reintroduced into the 

population at later generations, as in (Ramsey & Grefenstette, 1993), where a 

knowledge base is used to memorize successful individuals in a permanent memory, 

assuming that the system can measure the environmental conditions. The scheme is 

entitled case-based memory and acts as a kind of long-term elitism. The best solutions 
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that are created in each generation are kept in an external resource and can be later used 

for exploration ð by reintroducing individuals from the memory in the population ð 

or exploitation ï by reintroducing individuals when its fitness is high. A similar idea, 

presented by Eggermont and Lenaerts (2002), combines a case-based memory with a 

meta-learner, a scheme that tries to predict the next optimum from the information 

stored in the memory. A meta-learner combined with two steady-state GAs is proposed 

by van Hemert et al. (2001). The solutions migrate from the future population GA to 

the current population GA. While the first algorithm tries to find good solution to the 

current problem, the future population GA searches for the optimum of the fitness 

function predicted by the meta-learner. The resulting algorithm is applied to two 

different dynamic problems, with contradictory results that do not allow clear 

conclusions about the model.  

These algorithms, although may be efficient in some particular types of dynamic 

problems, face some problems when considering the more general assumptions. For 

instance, if changes are not detectable, it is hard to decide when to reintroduce 

individuals for exploitation purposes. In addition, a large amount of extra evaluations 

would be needed in order to maintain the fitness of the memory solutions up to date. 

Even if changes are detectable, the memory should be reevaluated after each change, 

and if the frequency of changes is high, the computational effort would be quite 

relevant. In addition, a number of decisions must be made and strategies to retrieve the 

solutions (Eggermont & Lenaerts, 2002) must be chosen that affect the performance of 

the algorithms. 

Slightly different and more sophisticated examples than those described above 

include a procedure by Trojanowski and Michalewicz (1999) where each individual is 

extended with additional memory for a number of its ancestors, or via a variation of 

evolutionary elitism within Thermodynamic GAs (Mori et al., 1997; Mori et al., 1998) 

ï i.e., in every generation the best individual is stored in the memory, and another 

individual is deleted from the memory depending on its age and contribution to this 

memory populationôs diversity (measured as variance over bit positions). Branke 

(Branke, 1999) compared a number of replacement strategies for inserting new 
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individuals into a memory stressing the importance of diversity for memory-based 

approaches. As an example, Branke found out that a simple replacement of the most 

similar individual performed almost equivalently to a strategy that replaces the worse 

of the two individuals in the memory closest to each other. 

Other authors combined memory with other strategies designed for dynamic 

optimization. Yang (2005b), for instance combined a memory scheme with a Random 

Immigrants GA (Grefenstette, 1992) ï the Random Immigrants GA is a well-known 

Evolutionary Algorithms proposed for dynamic optimization, and it will be described 

in detail in the following paragraphs. Later, Yang (2008) extends the study in (Yang, 

2005b), tests four different memory schemes, and concludes that those that combine 

memory with immigrants achieve better results. 

Recently, Barlow and Smith (2008) proposed a memory enhanced Evolutionary 

Algorithm for dynamic scheduling problems, and Richter and Yang (2008) proposed a 

memory scheme based on abstraction, i.e., the algorithm does not store good solutions, 

but instead it keeps their approximate location in the search space.  

In general, memory is particularly useful when the dynamics of change is circular, 

that is, the shape of the fitness landscape repeats from time to time. When the changes 

lack periodicity, memory schemes lose some of their effectiveness. In addition, some 

memory-based approaches may also need change detection mechanisms in order to 

recover previous solutions, namely those that use an explicit memory. For these 

reasons, memory schemes, like algorithms that react to changes in order to deal with 

dynamic environments, are not the most effective strategies to deal with the kind of the 

problems that this thesis aims at coping: wide-range dynamic scenarios, not necessarily 

periodical and where changes are not easy to detect. The goal is to design robust 

algorithms, without increasing complexity in its parameter space. Multi -population 

approaches overcome some of the limitations inherent to reactive algorithms and 

memory schemes11. 

                                                           
11 In fact, many multi-population approaches may be classified within the memory schemes class, or in the following 

(and more robust) category: diversity maintenance. 



27 
 

3) Multi -population approaches: These approaches divide the population into 

several subpopulations that are expected to track multiple peaks in the fitness 

landscape: a part of the population tracks the best solution while other parts of the 

population search for sub-optimal solutions. Please note that the meta-learner combined 

with two Steady-State GAs referred above as an explicit memory scheme approach 

(van Hemert et al., 2001) could also be considered as a multi-population approach. In 

fact, the algorithms with multi -populations for dynamic optimization hold a kind of 

self-adaptive memory. In the following paragraphs, some of the more relevant 

approaches are discussed. 

Branke et al. proposed the Self-Organizing Scouts (Branke et al., 2000) to cope with 

the problem of optimization in dynamic environments. The basic idea of this algorithm 

is that once a peak has been found (i.e. the population has converged to a high-

performance region), the population should split, while the ñchild populationò should 

ñwatchò over that peak, the remainder should spread out searching for new peaks. A 

similar approach is the Multinacional GA (Ursem, 2000), which uses multimodal 

optimization to track moving optima. A nation is defined as a population, government 

(best solutions in that population) and policy (the peak that the population is 

approaching). To spread different population through the different peaks in the fitness 

landscape, a hill-valley detection procedure and a migration policy are used.  In 

addition, different mutation probability values are used according to the distance of the 

individuals to the peak of the nation they belong. Selection also differs from traditional 

Evolutionary Algorithms. Although the tests in (Ursem, 2000) showed that the 

Multinacional GA outperformed a diversity maintenance technique (see next section), 

the authors observed that the later lead to more stable scores. In addition, the 

Multinational GA is very complex, requires a high hand-tuning effort and multimodal 

optimization efficiency depends, of course, on the kind of fitness landscape. 

More recently, Park et al. (2007a; 2007b; 2008) proposed the Dual-Population GA. 

The algorithm uses an extra population ð called the reserve population ð to provide 

additional diversity. Preliminary results show that the algorithmôs performance is very 

sensitive to the distance between the two populations and that it is very difficult to 
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determine the best distance without prior knowledge about the problem. In order to 

overcome these difficulties, a second reserve population is added to the initial scheme 

(Park et al., 2008).  

4) Diversity maintenance: A more general way of keeping track of changing 

solutions is maintaining diversity throughout the run. Schemes that constantly introduce 

diversity or somehow delay its loss may reduce convergence speed, but for dynamic 

optimization it is sometimes more important to just keep close to the optimum than to 

completely converge to it. Full convergence is avoided all the time and it is hoped that 

a spread-out population can adapt to changes more easily. These algorithms are more 

general and may be applied to a wider range of situations, without being dependent on 

whether or not changes are easily detectable or on some specific dynamics of the 

landscape, unlike the reactive algorithms and some of the memory schemes described 

above. In addition, their performance is less dependent on the periodicity of the 

changes than memory-based Evolutionary Algorithms.  

A well-known example of a diversity maintenance technique dates back from 1992: 

the Random Immigrants Genetic Algorithm (RIGA) (Grefenstette, 1992). RIGA 

maintains diversity by introducing ὶὶ random solutions in the population in each 

generation. This guarantees that brand new genetic material enters the population in 

every time step, thus avoiding the convergence of the whole population to a narrow 

region of the search space. RIGA is a kind of standard algorithm for dynamic 

environments and it appears very often in experimental studies in order to evaluate the 

performance of new proposals. However, its behaviour is affected by the parameter ὶὶ, 

and, according to the experiments conducted for this thesis, it is not clear that it 

improves GAs performance on dynamic optimization problems, at least when solving 

dynamic deceptive functions (see Chapter 5). RIGA is used in several experimental 

setups of this thesis; therefore, its pseudo-code is presented in Figure 2.2. 

 The following algorithms may also be classified in the same category (diversity 

maintenance) as RIGA.  

Cedeno and Vemuri (1997) proposed a niching method to deal with dynamic 

environments. Like in (Ursem, 2000), described above, multimodal optimization is the 
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Random Immigrants Genetic Algorithm (RIGA) 

initialize Population(P) 
evaluate Population(P) 
while (not termination condition) do 
       P Ŷ Replace Fraction of Population (P, rr) 
       create P.new by selection, crossover and mutation of P 
       P Ŷ P.new 

end while 

Figure 2.2: Pseudo-code of the Random Immigrants Genetic Algorithm (RIGA) . 

means by which the authors try to track moving extrema. For that purpose, they use a 

crowding replacement scheme entitled worst among most similar.  

Liles and DeJong (1999) introduced an interesting sharing scheme based on Tag bits. 

Tag bits are appended to each genotype, and only individuals with equal tag bits are 

allowed to mate, which somehow can be regarded as introducing subpopulations of 

varying size (Spears, 1994). The neighbourhood used for sharing is then the number of 

individuals with the same tag bit, i.e. individuals with rare tag bits are favoured. The 

approach is able to maintain different subpopulations on different peaks. 

Another well-known approach that maintains diversity throughout the run is the 

Thermodynamic GA (Mori et al., 1996). The algorithm controls the diversity in the 

population by explicitly controlling a measure entitled free energy. For a minimization 

problem this term is calculated as Ὂ =  < Ὁ> ὝὌ, where < Ὁ>  stands for the 

average population fitness and H is a measure of the populationôs diversity. The new 

population is selected from old parents and offspring one by one, and always the 

individual that minimizes is added. The temperature Ὕ is a parameter of the algorithm 

and reflects the emphasis on diversity ð adjusting Ὕ is discussed in (Mori et al., 1998).  

Recently, Tinós and Yang (2007) designed and tested a RIGA associated with the 

Bak-Sneppen model (Bak & Sneppen, 1993) entitled the Self-Organized Random 

Immigrants Genetic Algorithm (SORIGA). The Bak-Sneppen model is known to have 

Self-Organized Criticality properties, a phenomenon that was detected in 1987 by Bak 

et al. (1987). When associated with Evolutionary Algorithms it may insert large 

amounts of new material in the population or completely reorganize a solution to a 



30 
 

problem. For these reasons, researchers soon adopted it in order to provide new means 

to control parameter values or maintain population diversity. The dynamic optimization 

research field was a logical following step. Results (Tinós & Yang, 2007) show that the 

algorithm is able to outperform traditional RIGAs and a standard GA on a wide range 

of problems and dynamics. However, the experiments in this thesis show that the 

proposed enhancement techniques for Evolutionary Algorithms (see Chapter 5 and 

Chapter 7) are able to outperform SORIGA in the majority of the tests. Self-Organized 

Criticality theory and its models will be discussed in Chapter 6, where SORIGA is also 

described in detail. 

In (Yang, 2007), Yang proposed the Elitism-based Immigrants GA (EIGA), which is 

a very simple scheme that in each generation replaces a fraction (ὶὭ) of the population 

by mutated copies of the best solution (with a mutation probability ὴά
Ὥ). The study on 

EIGA is extended in (Yang, 2008). The author shows that the algorithm is more 

effective when the changes are not too severe. This particular behaviour may be 

explained by the fact that introducing mutated copies of the best individual in the 

population provides the GA with means to tackle small changes because the algorithm 

is maintaining a kind of sub-population around the optimal solution, and small shifts in 

the environment are easily traceable by those near-optimal individuals. Due to its 

simplicity and because of the results reported in (Yang, 2007) and (Yang, 2008), EIGA 

was selected as one of the main peer-algorithms for the study presented in this thesis. 

 Another interesting approach for dynamic optimization in the realm of Evolutionary 

Computation is the co-evolutionary agent based model of genotype editing (ABMGE) 

(Rocha & Huang, 2004; Huang & Rocha, 2005; Huang et al. 2008), which uses several 

genetic editing characteristics that are gleaned from the RNA editing system as 

observed in several organisms. The incorporation of editing mechanisms provides a 

means for artificial agents with genetic descriptions to gain greater phenotypic 

plasticity. By allowing the family of editors and the genotypes of agents to co-evolve 

using the re-generation of editors as a control switch for environmental changes, 

ABMGE artificial agents can discover proper editors to facilitate the tracking of the 
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extrema in dynamic environments. Their results outperformed traditional GAs. 

However, in the particular tests performed in (Rocha & Huang, 2004), (Huang & 

Rocha, 2005) and (Huang et al., 2008) ð and with the parameter values used by the 

authors ð, an algorithm proposed by Fernandes et al. (2007a; 2007b) is able to 

outperform this method. 

Finally, Laredo et al. (2008a; 2008b) proposed a peer-to-peer GA that maintains 

diversity at a higher level due to its niching properties. A peer-to-peer GA is a spatially 

structured Evolutionary Algorithm (Tomassini, 2005) in which the structure of the 

population is defined by a peer-to-peer overlay network. These algorithms have been 

shown (Laredo et al., 2008a) to be a suitable approach for tackling large instances of 

hard optimization problems via massive scalability of peer-to-peer systems. Results in 

(Laredo et al., 2008b) show that the algorithm is capable of outperforming other GAs 

on dynamic optimization. On the other hand, its decentralized character may be a 

disadvantage for dynamic optimization: unlike optimization in stationary environments, 

dynamic problems require that (at least) the best current solution is known; in a peer-to-

peer GA,  the best solution is not known to the entire system and the information may 

take a few generations to spread all over the network. However, if the system really 

demonstrates its abilities to track moving optima, a model may be designed in order to 

cope with that kind of optimization problems ð in fact, it is a model of a peer-to-peer 

network that is used in (Laredo et al., 2008a) and (Laredo et al., 2008b), and not the 

network itself. 

2.5.1 Estimation of Distribution Algorithms  

Besides traditional Evolutionary Algorithms ð that is, GAs, Evolution Strategies, 

and Evolutionary Programming (Bäck, 1996) ð a new Evolutionary Computation 

trend appeared in the beginning of the 1990s. This new generation of Evolutionary 

Algorithms is entitled Estimation of Distribution Algorithms (EDAs) (Pelikan et al., 

1999a; Lorrañga & Lozano, 2002) and makes use of a probability distribution vector 

that replaces an explicit representation of the population. This section provides a brief 
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state-of-the-art on the ongoing research on these competent GAs (Goldberg, 2002) and 

dynamic optimization. 

EDAs are a class of Evolutionary Algorithms that replaces the standard crossover and 

mutation operators by an estimation of the joint probability of promising solutions and 

by the generation of new solutions by sampling from the corresponding estimated 

distribution. During the optimization process, an EDA makes use of the probability 

models to build possible solutions to the problem (sampling). The probability model is 

then updated in a way that reflects the quality of those solutions (selection). 

These methods are usually classified according to the complexity of the probabilistic 

model they rely on, that is, the level of interaction between the variables of the 

problem. On univariate models, for instance, the variables are assumed to be 

independent. One of the algorithms based on such type of models is the Population 

Based Incremental Learning (PBIL) (Baluja, 1994) ð which is sometimes referred as 

the first EDA. The compact GA (Harik et al., 1999) and the Univariate Marginal 

Distribution Algorithm (UMDA) (Mühlenbein & Paaß, 1996a; Mühlenbein & Paaß, 

1996b) are other well-known examples of univariate EDAs. 

Bivariate models represent pairwise interactions between variables, usually via chain 

or tree structures. The Bivariate Marginal Distribution Algorithm (Pelikan & 

Mühlenbein, 1999) and the Mutual-Information-Maximization Input Clustering (De 

Bonet et al., 1997) are examples of algorithm based on such models. 

Finally, multivariate EDAs rely on much more complex probabilistic models. The 

Bayesian Optimization Algorithm (BOA) (Pelikan et al., 1999b) and hierarchical 

Bayesian Optimization Algorithm (hBOA) (Pelikan, 2005; Pelikan & Goldberg, 2001), 

for instance, are based on Bayesian networks. The Factorized Distribution Algorithm 

(Mühlenbein et al., 1999) and the Extended Compact Genetic Algorithm (ECGA) 

(Harik, 1999) are other examples of multivariate models. 

Independently of the complexity of the probabilistic model, different strategies may 

be used at sampling and selection steps and the diversity of the model (and resulting 

algorithmôs convergence) is strongly dependent on the chosen schemes. Traditional 

EDAs, like the UMDA, have no means to restore diversity once it is lost. Since the 
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variance loss occurs at sampling and selection steps, it is crucial to devise methods to 

slow down or avoid full convergence of the probability model. Dynamic optimization, 

due to its traits, is particularly demanding, requiring constant diversity maintenance to 

avoid full convergence. Recently, dynamic problems have started to raise a strong 

interest on EDAsô researchers. 

Yang and Yao (2005) use PBIL to solve dynamic optimization problems constructed 

by a problem generator proposed by the same authors. A comparison of several 

versions of the algorithm with standard GAs and RIGAs is provided. More recently, 

Yang and Yao (2008) proposed an associated memory scheme for PBIL, which stores 

best solutions as well as corresponding environmental information in the memory, 

apparently with good results. 

In (Yang, 2005a), Yang proposes the UMDA with enhanced memory and the results 

of the experiments show that memory is efficient in dynamic environments. In addition, 

a combination of memory and random immigrants for this univariate model is studied.  

Abbass et al. (2004) were the first to introduce the ECGA to solve problems in 

dynamic environments. Their approach is based on random restarts of the population at 

each change so that diversity in the population can be increased at the beginning of 

each new environment. Additionally, Abbass et al. proposed a slightly different 

approach that uses the probabilistic model from the previous generation when the 

population has to be restarted.  

The ECGA with random restart was later extended (Sastry et al., 2004a) to include 

substructural niching (Sastry et al., 2005). In substructural niching, niches are defined 

within the linkage groups rather than at the individual level. After the corresponding 

schema average fitness is calculated for each substructure (Sastry et al., 2004b), the 

sampling probabilities are changed according with their associated fitness. While this 

methodology can be used to maintain diversity in the population, Abbass et al. (2004) 

uses as a way to accelerate the grow ratio of highly-fit  substructures, using the random 

start of the population as the main source of diversity. 
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Ghosh and Mühlenbein (2004) applied the UMDA to dynamic environments by 

introducing mutation whenever the fitness changes. This approach ð like (Abass et al., 

2004) ð assumes that it is easy to detect environmental changes. 

A different approach was proposed by Lima in collaboration with Fernandes and 

Lobo (Lima et al., 2008a; Lima et al., 2008b). Lima et al. apply restricted tournament 

replacement (Harik et al., 2006) and ECGA to tackle dynamic optimization problems. 

A different metric for the restricted replacement tournament is proposed, based on 

substructural niching. These approaches are compared with the ECGA that randomly 

restarts the population after an environment change. Results on several dynamic 

decomposable test problems demonstrate the usefulness of maintaining diversity in the 

population over the approach of restarting the search from the beginning at each 

change. Additionally, substructural restricted tournament replacement shows to be 

more robust than the original version. Finally, by maintaining diversity throughout the 

run, no additional mechanisms are required to detect the change of environment, which 

can be a demanding task. 

Fernandes and co-workers tried a different approach. In (Fernandes et al., 2007a; 

Fernandes et al., 2007b), they present the Binary Ant Algorithm, which is based on ant 

algorithms (Bonabeau et al., 1999), and takes advantage of their ability to solve 

combinatorial dynamic problems to generalize them to binary codifications. However, 

this method may be also regarded as a kind of bivariate EDA, because the Binary Ant 

Algorithm creates the possible solutions to a problem via transition probability vectors, 

following a ñpathò that creates dependencies between adjacent variables.  

Later, and following this line of work, Fernandes et al. (2008b) proposed a new 

update strategy for UMDA, also based on ant algorithms, that aims at maintaining the 

diversity of the algorithm at a higher level. The new strategy outperforms the standard 

UMDA and other variations of the algorithm on the majority of the tests with dynamic 

problems. These investigations follow the line of work proposed for this thesis, and try 

to find in nature models that may help to improve Evolutionary Algorithms 

performance on dynamic optimization problems. In this particular case, the inspiration 

was found in self-organization, stigmergy, and the swarm intelligence field of research 
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described in the next section. Actually, Swarm Intelligence and EDAs are closely 

related (Zlochin et al., 2004). 

2.6 Swarm intelligence in Dynamic Environments 

Swarm Intelligence (Bonabeau et al., 1999; Kennedy &  Eberhart, 2001) is the 

property of a system whereby the collective behaviours of simple entities interacting 

locally with their environment cause coherent global patterns to emerge; or, putting it 

another way, Swarm Intelligence is the property of a system where self-organization 

arises from local interactions at the microscopic level and from the interaction between 

the system and its environment. 

As a computational paradigm, Swarm Intelligence provides a basis with which it is 

possible to explore collective (or distributed) problem solving without centralized 

control or the provision of a global model. Two classes of algorithms emerged from the 

Swarm Intelligenceôs wider and general framework as successful examples applied to 

optimization: Ant Colony Optimization (ACO) (Dorigo, 1992) and Particle Swarm 

Optimization (PSO) (Kennedy & Eberhart, 1995). ACO and PSO are also the most 

visible results of two slightly different concepts of Swarm Intelligence. While 

Bonabeau et al. (1999) defined this research field as the emergent collective 

intelligence of groups of simple agents (Bonabeau et al., 1999), Kennedy and Eberhart 

(2001) refuse the idea of agents because it comes with the concepts of autonomy and 

specialization. In addition, the inspiration to each algorithm, although both came from 

the observation of nature and the phenomena associated with some speciesô collective 

behaviour, is somewhat different. ACO was motivated by the investigations on the 

behaviour of foraging ants and their ability to find the shortest path between two points, 

while PSO is the result of the Kennedy and Eberhart efforts to model bird flocks and 

schools of fishes. Only later, PSO model evolved to optimization. Then (Kennedy &  

Eberhart, 2001):  
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(...) the plots used to watch the algorithm perform ceased to look much like 

bird flocks or fish schools and started looking more like swarms of 

mosquitoes. The name came as simply as that. (...) 

Wasps, bees, ants and termites, all make effective use of their environment and 

resources by displaying collective Swarm Intelligence. For instance, termite colonies 

build nests with a complexity far beyond the exhibited by the individual termite, while 

ant colonies dynamically allocate labour to various vital tasks such as foraging or 

defence without any central decision-making ability12.  

Microbial life can be also highly social and intricately networked. In 2008, Carl 

Zimmer published the book Microcosm ï E. Coli and the New Science of Life (Zimmer, 

2008), where he describes the long journey of biologists, from the discovery of 

Escherichia Coli by a German paediatrician named Theodor Escherich (1857-1911), to 

the emergence of genetic engineering. Zimmerôs description of the ongoing research on 

E. Coli shows us a world of interactions, where an apparently simple bacterium display 

complex and emergent behaviour. E. Coli is able to collectively track changes in their 

                                                           
12 Some researchers argue (Hölldobler & Wilson, 1990) that a colony of ants, for instance, can be seen as kind of 

super-organism, where individuals are simple entities devoted to the needs of the group. The explanation for this 

subjugation of the individual to the colony may reside in kin selection and in the fact that these insects belong to 

the Order Hymenoptera, which is characterized, amongst other traits, by displaying the haplodiploid sex-

determination system. Males are haploid, that is, they have only one copy of each chromosome, while females are 

diploid, having two copies of each chromosome. Female Hymenoptera is generated in the usual way, with a sperm 

from a male fertilizing a female's egg. One set of chromosomes comes from the father, the other from the mother, 

yielding a diploid daughter. Males, on the other hand, develop from an unfertilized egg, having a mother but no 

father: males are haploid. Beyond the strange mechanism of sex generation, haplodiploidy has important 

consequences that seem to affect social behaviour. If a queen mates only once, her daughters are highly related to 

each other, because the father's sperm are all identical. A female is more related to her sisters (on average, 75% 

similar) than she is to her own daughters (on average 50% similar). A female is more related to her son (50 % 

similar) than she is to a brother (on average, 25% similar).These three factors combine to create a condition in 

which it may be more advantageous, evolutionarily speaking, for a female to help her mother produce sisters (to 

the female in question) than to produce her own daughters. Thus, haplodiploidy opens the way for the evolution of 

a worker caste, devoted to helping their mother. If workers evolve under these conditions, then we would expect 

that all workers will be female (males have no special pattern of relatedness in a haplodiploid system that would 

make working advantageous to them. The role of haplodiploidy in the evolution of worker Hymenoptera fits into 

an overall theory of how genetic similarity affects social behaviour called kin selection that was developed by W. 

D. Hamilton (1964a; 1964b). Hamiltonôs research has been crucial for the debate on group selection, altruism, 

competition and cooperation. Namely, it showed that what was sometimes called group selection (before the idea 

came into discredit) is nothing more than kin selection on an extended family. George C. Williams, in his book 

Adaptation and Natural Selection (Will iams, 1966) wrote that group selection arguments are often the result of 

lazy thinking (Zimmer, 2008). Hamilton gave a much more sound explanation for intraspeciesô altruism and 

cooperation. 

http://www.animalbehavioronline.com/kinselection.html
http://www.animalbehavioronline.com/hamilton.html
http://www.animalbehavioronline.com/hamilton.html
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environment, conspire with their own species, build mutually beneficial alliances with 

other types of bacteria, gain advantages over competitors, and communicate with their 

hosts. This sort of collective strategizing was for a long time attributed to bees, ants, 

and people, but not to bacteria. There are also evidences of horizontal gene transfer on 

E. Coli colonies (Watanabe, 1963), that is, genes are not transferred to following 

generations by selection and reproduction, but instead they propagate through the 

current population, delivered by plasmids or viruses; genetic material is transmitted 

outside the evolutionary bounds. This happens in situations of environmental stress, 

that is, when the environment suffers severe changes.  

Finally, another interesting feature found in colonies of E. Coli is their ability to 

engage in hypermutation when facing an extreme change in the environment. What was 

previously thought to be the result of directed mutations is now believed to be the 

outcome of a process in which E. Coliôs mutation probabilities soar a hundred or a 

thousandfold (Zimmer, 2008). As described in the previous section, some Evolutionary 

Algorithms for dynamic optimization use of a similar procedure. However, such 

artificial schemes are usually off-line dynamics introduced in the population whenever 

a change is detected. Self-adapting hypermutation is not a trivial task, at least quickly 

enough to deal with changing environments. Swarm Intelligence in general, and 

bacteria in particular, may be a source of inspiration for such a project.  

This long introduction serves to show how self-organizing natural systems can be 

useful as sources of inspiration for metaheuristics for dynamic optimization, due to its 

abilities to react to (sometimes severe) changes in the environment. For instance, 

Passino (2002) and Liu and Passino (2002) proposed an optimization algorithm 

inspired by bacteria that was later applied to dynamic optimization by Tang et al. 

(2006) and to noisy environments by Liu and Passino (2004). 

A different approach is proposed by Fernandes et al. in (2005a). There, a swarm 

model presented by Chialvo and Milonas (1995) is modified in order to evolve on 

three-dimensional landscapes representing mathematical functions. A dynamic 

population   sizing   scheme  that   takes  into   account   the  ñfitnessò   and   the  spatial 
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Figure 2.3: The Swarm Intelligence model by Fernandes et al. (2005a) evolving on a 

multimodal function.  

distribution of the individuals (or diversity of the population13) is introduced in the 

original model and significantly improves its ability to react to changing environments 

(Fernandes et al., 2005a). In addition, the model is applied to image processing ð 

following the experiments by Ramos and Almeida (2000) ð with similar results 

(Fernandes et al., 2005b). Later, Ramos et al. (2006) presented an extensive study on 

dynamic optimization. Finally, and as already stated in Chapter 1, the model has been 

applied outside the dynamic optimization framework, on clustering and classification 

(Mora et al., 2008; Fernandes et al., 2008d), software engineering (Mahanti & 

Banerjee, 2006), image segmentation (Laptik & Navakauskas, 2007) and artificial art 

(Fernandes, 2008; Fernandes, 2009). Figure 2.3 gives an example of the swarm 

behaviour, and how it expands and contracts its population size, on a changing 

                                                           
13 As already stated, this dynamic population size model inspired the Self-Regulated Population Size Evolutionary 

Algorithm (SRP-EA), which controlled the population via the diversity of the population. Later, SRP-EA led the 

investigations to the Adaptive Dissortative Mating GA, the proposal in Chapter 3. 
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environment. The self-organized swarm emerges a characteristic flocking migration 

behaviour between one deep valley (south region) and one peak (north region), 

surpassing in intermediate steps some local optima. Over each foraging step, the 

population self-regulates. From ὸ =  0 to ὸ =  250 the swarm is induced to search the 

lowest valleys of the landscape. After ὸ =  250 the task changes (target peak moves to 

the north of the territory) and the swarm must find the higher values of the function. 

Check for detailed results and extended analysis in (Fernandes et al., 2005a). 

Although many metaheuristics based on swarms and self-organization are being 

investigated (and many are being applied to dynamic optimization), the most prominent 

Swarm Intelligence paradigms are still ACO and PSO. In both research fields, dynamic 

optimization has been the subject of many studies. 

Within the ACO framework, there is, for instance, the study by Guntsch et al. (2001) 

on an ACO for the dynamic Travelling Salesman Problem14 that introduces a local 

variance where needed and a heuristic repair of solutions. Later, Guntsch and 

Middendorf (2002) applied a population-based ACO to dynamic combinatorial 

problems. In this approach, a set of solutions is transferred from one iteration of the 

algorithm to the next, instead of transferring pheromone information for the ants of the 

next generation. The set of solutions is then used to compute the pheromone 

information for the ants of the next iteration. The authors tested the approach on 

dynamic Travelling Salesman Problem and dynamic Quadratic Assignment Problems 

and state that the population-based ACO can be used to solve dynamic optimization 

problems when a good solution of the old instance can be modified after a change of 

the problem instance so that it forms a good solution for the new problem instance.  

Angus and Hendtlass (2002) also applied ACO to the Travelling Salesman Problem 

and concluded the time taken for the solution adaption process is far shorter than the 

time taken to find the second optimum solution if the whole process is started over 

from scratch. That is, it is better to continue the search with the conditions present in 

the moment the change occurs than to start a new search process from scratch.  

                                                           
14 Citation is not provided because the origins of this problem are not clear. 
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Recently, Zhou et al. (2008) applied ACO to two dynamic jobshop problems with 

different dynamic levels and severity of changes. The authors argue that ACO is able to 

perform efficiently in both cases, but is particular efficient when changes are not 

severe. 

Besides ACO, there are several studies on PSO and dynamic problems. For instance, 

Blackwell and Branke (2004), evolved multi-swarms to tackle dynamic environments; 

Carlisle and Dozier (2000; 2002) addressed the problem of outdated memory, a 

specificity of the algorithm that makes it difficult to deal with dynamic environments in 

which changes are too costly to detect; and Janson and Middendorf (2004) followed an 

hierarchical strategy adjusting the PSO accordingly and developing the first 

hierarchical PSO for dynamic problems. A complete study on PSO and dynamic 

landscapes is found in (Blackwell, 2007). 

2.7 Dynamic Problems  

Due to high number of proposals and the wide range of dynamics that a specific 

problem may cover, it is crucial to design simple and reproducible test sets in order to 

compare different algorithms and draw conclusions on the preferred field of application 

of each proposal. For that purpose, a number of authors had tried to address the issues 

of classifying a certain type of dynamic problems. In addition, a considerable amount 

of benchmark problems and dynamic optimization problems generators has been 

proposed, mainly in the last two decades. The next section describes relevant work in 

that area.  

One of the most important issues that arise when trying to evaluate the performance 

of Evolutionary Algorithms for dynamic optimization, besides measuring online 

performance, are the types of dynamics in which each algorithm (or type of algorithm) 

excels or fails. 

Branke and Schmeck (2002) suggested a number of criteria along which dynamic 

environments can be classified and tested. Since many other authors on dynamic 
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optimization and control are following them, we will adopt them as well, having in 

mind different comparison purposes: 

1) Frequency of change: A time-varying fitness function may change in an infinite 

number of ways. As for time itself, the function may change rapidly (i.e., the changes 

appears every few seconds, for instance) or slowly. This criterion establishes how often 

the environment changes (starting from very rare changes up to continuous change15). It 

may be called speed of change and be measured in generations or function evaluations. 

As explained in the following section, it is preferable to use a parameter that defines 

frequency or speed of change by setting the number of evaluations between changes in 

the environment. 

2) Severity of change: This criterion establishes how strongly the system is 

changing, that is, the distance between an optimum before and after the change. This 

distance can be measured in different ways. For instance, when using GAs with binary 

codification, the distance can be measured by the Hamming distance between the same 

point in the fitness landscape, before and after the change, or by the Euclidean distance 

of the phenotypes (if optimizing a mathematical function, or any other function where 

the solution can be represented in a hypercube).  The severity parameter may thus be 

defined as number of bits, Euclidean distance, or any other measure that applies to a 

specific codification of the solutions. For instance, in the well-known Travelling 

Salesman Problem, severity may be defined as the number of connections that change.  

3) Cycle length: This criterion measures how often the optimum returns to previous 

locations or at least gets close to them. Obviously, it is assumed that the dynamics of 

change is cyclic, that is, the fitness landscape somehow returns to its previous shape 

and location, or at least close to it.  

4) Predictability of change: The present aspect gives a notion if there is a pattern or 

trend in the changes. That is, depending on the problem at hands, if it is somehow 

possible to predict direction, time or the severity of the next change given the changes 

encountered so far. 

                                                           
15 A parameter that is set to Ð may also be considered if one wishes to represent a stationary function. Lower 

parameter values mean shorter periods between changes.  
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Some of these characteristics are difficult to measure in some situations and, 

therefore, comparisons between different optimization problems may still be out of 

reach, but at least the above characteristics can be varied on a single problem such that 

their qualitative influence on a specific approach can be examined (Branke, 2002). This 

statement is better understood by analysing a well-known benchmark problem. 

The dynamic 0-1 knapsack was one of the first problems used to test the efficiency of 

Evolutionary Algorithms on non-stationary environments ð see for instance (Goldberg 

& Smith, 1987) and (Dasgupta & McGregor, 1992). The 0-1 knapsack problem 

(Martello & P. Toth, 1990) is a well-known ὔὖ-complete combinatorial problem16. 

Given a set of ά items with varying weights (ύᴆ) and profits (ὴᴆ), the algorithm must 

maximize the profit ὴ(ὼᴆ):  

ὴὼᴆ= pi xi

m

i= 1

 (2.6) 

where ὼᴆ=  (ὼ1ȣὼά) and ὼὭ is 0 or 1, depending if the item is selected (1) or not (0). 

The function is subject to a constraint: 

w i xi

m

i= 1

C (2.7) 

where ὅ is the capacity of the knapsack, which must not be exceeded.   

Like in (Goldberg & Smith, 1987) and (Dasgupta & McGregor, 1992), dynamic 

versions of the stationary problems can be created by changing the value of capacity ὅ 

every Ὕ generations. In this case, Ὕ could be related to the speed of change and the 

difference between the ὅ values before and after a change could be related to severity 

(although it is not trivial to measure the severity of change, in this problem, by 

measuring the degree of changes in ὅ values). The ὅ values for the different stationary 

problems that, appearing one after the other, form the dynamic problem, may be set so 

that ὅ returns to its first value and then proceeds again to the values to which it was set  

                                                           
16 To be accurate, the knapsack is NP-complete in its decision version. 
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Figure 2.4: Dynamics proposed by Angeline (1992) as possible trajectories of the base 

function over time along with their projection onto the (●,◐)-plane. Linear (left), circular 

(centre) and random dynamics (right). Taken from (Angeline, 1992). 

before. This way, it is possible to design a periodic dynamic function, with a 

determined cycle length. Finally, if an algorithm is able to detect a cycle in the 

dynamics of the time-varying fitness function ð and assuming that this pattern is 

maintained ð, then it is possible to predict changes in the environment. It is clear that 

most of the dynamic optimization problems may be classified by the severity and speed 

of change criteria, while cycle length and predictability of changes depend on the kind 

of problem to deal with. 

Angeline (Angeline, 1992) uses a similar framework but introduces the concept of 

dynamic type. The author uses a base function ð in this case (Angeline, 1992) a 

parabolic equation with three dimensions and minima at (0,0,0) ð that is translated 

along a number of distinct temporal trajectories. Translation of the base function is 

implemented as an offset in each dimension and three different types of dynamics are 

investigated: linear, circular and random ð see Figure 2.4. 

Whenever the environment is supposed to change, the linear dynamics updates the 

current offset ЎὯ for dimension Ὧ as follows: 

ЎὯ= ЎὯ+ ί (2.8) 

where ί is the severity of change. As for the circular dynamics, the offset is updated 

according to (2.9: 
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ЎὯ= ЎὯ+ ί× sin
2“

25
        Ὧ= 1,3

ЎὯ= ЎὯ+ ί× cos
2“

25
        Ὧ= 2

 (2.9) 

where ὸ is the number of applications of the dynamic so far. The equation describes a 

trajectory that translates the base function in a circular path through all three 

dimensions, and it was designed to cycle the values of the offset every 25 applications 

with the severity parameter determining the radius of the circular path (Angeline, 

1992). 

Finally, the random dynamic is defined by: 

ЎὯ= ЎὯ+ ί× ὔ(0,1)  (2.10) 

where ὔ(0,1) is a Gaussian random variable with mean 0 and variance 1. Figure 2.4 

gives graphical representations of the three dynamic types described above. 

One of the main disadvantages of designing dynamic fitness functions under the 

framework provided in (Angeline, 1992) is that, although the dynamic types are easy to 

apply to base functions by an equation, some problems may not be directly treated by 

linear, circular or random temporal dynamics. For instance, it is not trivial to design a 

circular dynamics by varying the ὅ capacity in the 0-1 knapsack problem, because 

higher differences in the ὅ values do not imply higher differences in the phenotype. 

Recently, some authors have addressed this issue, by proposing more general dynamic 

problem generators, and classifying them according to the kind of changes imposed in 

the fitness landscapes. 

2.8 Dynamic Problems Generators 

As stated in (Yang, 2004),  

(...) dynamic problem generators should meet some basic requirements or 

have some common properties in order to compare the performance of 

different GAs in dynamic environments (...) 
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The author then describes the required properties: 

¶ It should be possible to vary environmental parameters related to different 

facets of the problem being solved; 

¶ It should be simple to realize different dynamics, such as frequency of change, 

severity of change, cyclic or not; 

¶ It should be convenient to adjust the complexity and difficulty of dynamic 

problems; 

¶ It should be computationally efficient to realize required dynamic 

environments; 

¶ It should be easy to carry out formal analysis. 

Finally, in the same paper, Yang proposes a classification of dynamic problem 

generators, dividing them into four categories:  

1) Switching fitness landscapes: In this simple dynamics, the environment is 

switched between two or more stationary problems. For instance, in the above referred 

dynamic knapsack problem, the capacity ὅ oscillates between two (Goldberg & Smith, 

1987) or more (Dasgupta, 1992) values.  

2) Drifting fitness landscapes: These generator start with a stationary fitness 

landscape Ὢ(ὼ), defined in n-dimensional real space (hypercube). The fitness landscape 

is then ñdriftedò along one or more axes over time, but its shape keeps unchanged: 

Ὢὼᴆὸ =  Ὢὼᴆὸ1 + Ўὼᴆὸ (2.11) 

where Ўὼᴆὸ is the step size, that is, it defines to how ñfarò the fitness landscapes is 

shifted from its original (previous) position. The dynamics proposed by Angeline 

(1992) ð described in the previous section ð may be included in this category. The 

step size can also be regarded as the severity of change, and the speed of change is 

easily defined. Periodicity can also be set by a proper tune of the dynamics. 

3) Reshaping fitness landscapes: Instead of just shifting the fitness function or 

making it oscillate between two states, a generator may also act upon the shape of the 

landscape (Grefenstette, 1999; Morrison & De Jong, 1999; Trojanowski & 

Michalewicz, 1999). Again, the generator starts with fitness landscape defined in n-
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dimensional real space, with a number of component landscapes (e.g., cones), each of 

which can change independently. Based on this stationary landscape, dynamic 

problems can be created by changing the parameter associated with each component. 

Speed and severity of changes are easily set in this kind of environments. In addition, 

complexity can be tuned by defining the number of cones/peaks in the fitness 

landscapes, and its relative heights. On the other hand, Lobo and Lima (2006a; 2006b) 

have recently questioned the utility of this kind of problems to assess GAsô 

performance. The study is exclusively focused on stationary environments but the 

conclusions can be extended to time-varying fitness functions (and after all, stationary 

problems are just a particular case of dynamic problems). 

4) Revolving fitness landscapes: In (Yang, 2004) and (Yang, 2005), a more general 

dynamic problem generator is proposed, which can be applied to any stationary 

problem as long as binary codification is used. Since this generator is used throughout 

this thesis, a detailed description is provided below. 

Given a stationary problem Ὢὼᴆ ὼᴆ ᶰ 0,1 ὰ where l is the chromosome length (in 

bits), the dynamic environments are constructed by applying a binary mask Mᴆ ᶰ

 0,1 ὒ to each solution before its evaluation: 

Ὢὼᴆ,ὸ= Ὢὼᴆ  XOR ὓᴆὯ  (2.12) 

where t is the generation index, Ὧ= ὸ/† († measures generations) is the period index 

and Ὢὼᴆ, ὸ is the fitness of  ὼᴆ. ὓᴆ Ὧ is incrementally generated as follows:  

ὓᴆ  Ὧ =  ὓᴆ Ὧ 1  XOR Ὕᴆ(Ὧ) (2.13) 

where Ὕᴆ(Ὧ) is an intermediate binary mask for every period Ὧ. This mask Ὕᴆ(Ὧ) has 

”× ὰ ones, where ” is a value between 0 and 1.0 which controls the intensity or 

severity of change. Please note that ”= 0 corresponds to a stationary problem since Ὕ 

vectors will carry only 0ôs and no change will occur in the environment. On the other 

hand, ”= 1 will guarantee the highest degree of change; for instance, if a solution to a 

problem is a vector of 1s, then the dynamic solution will oscillate between a vector of 

1ôs and a vector of 0s. Therefore, by changing ” and † in the previous set of equations 



47 
 

it is possible to control two of the most important features when testing algorithms on 

dynamic environments: severity (”) and speed of change (†) 17. Recently, Yang (2008) 

extended the generator so that it can construct cyclic environments. This is particularly 

useful to test memory schemes, because, as already stated, this type of approach works 

better when the changes are cyclic. 

Yang (2004) also proposes a broader dynamic problem generator based on unitation 

and trap functions (Ackley, 1987; Deb & Goldberg, 1993). Some features of this 

generator fall outside this thesis main goals (for instances, it is possible to design 

uncertain environments with noise). In addition, the dynamic problems are constructed 

on dynamic trap functions, while the generator in (Yang, 2004) is able to design 

dynamic landscapes over any binary codified stationary problems. Even so, some 

features may be useful to assess GAsô performance, and the generator is sometimes 

used in the following chapters. In addition, other benchmark problems, like the 

dynamic knapsack and some mathematical functions with dynamics similar to those 

proposed by Angeline (Angeline, 1992) are also used to test some assumptions. 

However, for the reasons stated above, the proposal in (Yang, 2004) was selected as the 

main dynamic problem generator for the experiments conducted in this thesis. 

2.9 A Critical Note on the Experimental Research 

Methodology on Dynamic Optimization  

Although the dynamic problem generators reduced the subjectivity of dynamic 

optimization studies (avoiding ad hoc problems that lead to conclusions hardly 

extensible to other problems), some practices are still found in most of the publications 

that are least, highly questionable. This section ends the chapter by addressing these 

issues. 

                                                           
17 Parameter † refers, of course, to a period between changes. Its value defines the speed (or the frequency, 1

†), but 

naming it speed of change is not accurate. In the remaining text, when † is associated with the term speed of 

change, it must be understood as the value that defines that same speed. 
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Since many Evolutionary Algorithms for dynamic problems rely much more on 

diversity than those designed for stationary optimization, it is of extreme importance to 

test several mutation probability (ὴά) values, others than those usually regarded as 

standard for static optimization. In addition, some algorithms increase or maintain 

diversity by other means besides mutation (like RIGA, for instance). It is thus expected 

that the optimal mutation probability values (that is, mutation probability values that 

optimize the algorithmsô performance) are different. Many papers on evolutionary 

optimization in dynamic environments rely only on a mutation probability value 

(typically, ὴ
ά

=  1 ὰ where ὰ  is the chromosome length, but other values are sometimes 

used). One exception is found in (Ochoa et al., 2005), but there the mutation 

probability is tested with several values due to nature of the mating scheme (see 

Chapter 3 for details). Although some tests presented in this thesis have been 

performed with a single mutation probability value, an effort is made to draw the most 

important conclusion only after the algorithms are run with different ὴάvalues. 

Otherwise (and some examples are given in the following chapters), conclusions may 

be misleading. 

In addition, population size (ὲ) also affects the performance of the algorithms, not 

only on static problems, but also on dynamic environments. Sometimes, small 

populations lead to better results. On the other hand, those same small populations may 

experience some difficulties when solving harder instances of the same problem. 

Although the investigations conducted in this thesis do not aim at studying scalability 

in dynamic environments, the above referred issues makes it necessary that a proper 

research considers different ὲ values. Otherwise, there is a risk of comparing 

suboptimal parameter settings and, consequently, getting invalid conclusions. However, 

a scalability test of one the proposals in thesis ð Adaptive Dissortative Mating Genetic 

Algorithm ð is provided for stationary environments. The other proposal, the Genetic 

Algorithms with Sand Pile Mutation, is not tested for scalability, due to its specific 

nature: it is a mutation scheme, which makes it impossible to test a 

selectorecombinative version of the algorithm (selectorecombinative GAs do not have 
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mutation and rely only upon crossover to recombine the building-blocks). This means 

that if a specific building-block is not present in the initial population then the GA has 

no means to generate it. An approach like the Genetic Algorithms with Sand Pile 

Mutation cannot be tested under these conditions. Eventually, other methods could be 

devised to test the scalability of the algorithm on stationary environments, but the 

validity of those tests should be subject of intense theoretical and experimental studies, 

and that goes beyond the scope of this thesis. For the same reasons, to which must be 

added some difficulties imposed by the nature of the dynamic scenarios, it is not 

possible to perform reliable scalability tests of the proposed methods on dynamic 

optimization problems. 

A final note addresses a small modification made on the analysis of the performance 

on the dynamic problems created by Yangôs generator (Yang, 2003). Although the 

speed of change in Yangôs problem generator is measured in generations between each 

change (”) , some experiments in this thesis use the number of evaluations between 

each change (‐). Since Evolutionary Algorithms may have any population size, 

measuring the speed in terms of generations can lead to unclear reports on the results 

and their significance. In addition, measuring the speed of change in generations makes 

it hard to compare GAs with different population size. This approach, used in most of 

the experiments described in the following chapter, aims at clarifying the conclusions 

on the algorithmsô performance and reducing the ambiguity of the comparative studies. 

2.10 Summary 

This chapter addresses optimization in uncertain environments in general, and 

dynamic optimization in particular, which is the main theme of this thesis. Dynamic 

optimization algorithms are divided into categories according to their characteristics 

and field of application, and the investigations conducted for the thesis are addressed 

under that framework. Some types of dynamic problems and dynamic problem 

generators are discussed. The different dynamics that may be identified within a non-
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stationary problem, and that may help to identify an algorithm specific field of 

application, are also addressed. The chapter ends with a critical note on the 

experimental research methodology on dynamic optimization by Evolutionary 

Algorithms that outlines the basic principles behind the experiments reported in the 

following chapters. 
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Chapter 3  

Dissortative Mating  

3.1 Introduction  

As argued in Chapter 2, Genetic Algorithms (GAs) (and other evolutionary 

approaches to optimization) that maintain diversity throughout the run are, in general, 

more robust and less dependent on the characteristics of the problem than other 

methods when tackling dynamic optimization problems. Algorithms that react to 

changes usually require that those changes are not too costly to detect, and, if they are, 

the performance can be strongly dependent on the level of severity. Memory schemes 

are more useful when the dynamics are periodic, that is, the fitness landscape ñreturnsò 

to a previous location and/or shape. Multi-population schemes usually are complex and 

hard to tune and their efficiency depends on the shape of the fitness landscape.  

On the other hand, schemes that constantly introduce diversity or somehow delay its 

loss may reduce convergence speed, but when solving dynamic problems it is 

sometimes more important to just keep close to the optimum than to fully  converge to 

it. These algorithms are suitable for ñblack-box dynamic optimizationò and may be 

applied to a wider range of situations, without being dependent on whether or not 

changes are easy to detect or on some specific dynamics of the landscape. Selection and 

mating is one of the GAs stages where modifications can be made in order to provide 

them with means to keep diversity. The investigations reported in this Chapter, in 

Chapter 4 and in Chapter 5 deals with non-random mating techniques for Genetic and 

other Evolutionary Algorithms, their efficiency in dynamic environments and how and 

when may those techniques enhance the performance of traditional and non-traditional 

GAs on this kind of problems.  
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The main part of this research is focused on dynamic trap functions, because these of 

are well studied problems, theoretically and empirically, and because they provide a set 

of problems with bounded-difficulties which can be used to assess the efficiency of the 

algorithms on a wider range of problems. In general, it can be stated that an algorithmôs 

success on this kind of problems ensures success against a large class of problems no 

harder than the test cases. However, because they appear very often in studies on GAs 

for dynamic optimization ð see, for instance (Yang & Yao, 2005; Yang, 2005b; 

Yang2007; Yang, 2008; Tinós & Yang, 2007; Rocha & Huang, 2004; Lewis et al., 

1998; Klinkmeijer et al., 2006; Ochoa et al., 2005; Dasgupta & McGregor, 1992) ð, 

the dynamic royal road and knapsack problems are also introduced in the test set. 

The experiments include several GAs with different characteristics: traditional 

generational and steady-state GAs, Random Immigrants GAs (RIGA), two state-of-the-

art GAs also based on immigrants and hypermutation schemes. All these algorithms are 

compared with two non-random mating strategies, one previously proposed by the 

author of this thesis in (Fernandes et al., 2001; Fernandes & Rosa, 2001b) ï the 

negative Assortative Mating Genetic Algorithms (nAMGA) ð, while the other ī the 

Adaptive Dissortative Mating Genetic Algorithm (ADMGA) (Fernandes & Rosa, 

2008a; Fernandes & Rosa, 2008b; Fernandes et al., 2008c) ð is the main contribution 

of this Chapter. The results will show that the non-random schemes outperform all the 

other algorithms in a wide range of problems and dynamics. When comparing the two 

dissortative mating algorithms, the results suggest that each one is useful in different 

kinds of scenarios, but the simplicity of ADMGA, the fact that it excels particularly in 

harder instances of the problems and its smaller set of parameters makes it more 

suitable to dynamic optimization, when considering a wide range of applications.  

3.2 Random and Non-Random Mating 

Genetic and other Evolutionary Algorithms (Bäck, 1996) mimic the process of 

natural selection by recombining the most promising solutions to a problem from a 
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population of individuals, each one representing a possible solution. There are several 

methods to select the individuals, but all of them follow the same general rule: good (or 

partially good) solutions must be chosen more often for recombination events than 

poorer solutions. In traditional GAs, for instance, the chromosomes are recombined via 

a crossover operator over a certain number of generations until a stop criterion is 

reached. The parents are selected according to their fitness values, that is, better 

solutions have larger probability to be chosen to generate offspring. By considering 

merely the quality of solutions represented in the chromosomes when selecting 

individuals for mating purposes, the traditional GAs emulate what, in nature, is called 

random mating18 (Roughgarden, 1979; Russell, 1998), that is, mating chance is 

independent of genotypic or phenotypic distance between individuals.  

However, random mating is not the sole mechanism of sexual reproduction observed 

in nature. Non-random mating, which encloses different kinds of strategies based on 

kinship or likeness of the agents involved in the reproduction game, is frequently found 

in natural species and it is believed to be predominant among vertebrates. Humans, for 

instance, mate preferentially outside their family tree: this non-random mating scheme 

is called outbreeding and has its opposite in inbreeding, a selection strategy where 

individuals mate preferentially with their relatives (Roughgarden, 1979; Russell, 1998). 

It is often stated that inbreeding decreases the genetic diversity in a population while 

outbreeding increases that same diversity (Russell, 1998). In addition, inbreeding will 

increase the normal rate of a harmful allele present in the family. If inbreeding is 

extensive and intensive, homozygozity will increase in frequency and the family 

experiences a growth in the genetic load (measure of all of the harmful recessive alleles 

in a population or family line) of the harmful allele.  

Assortative mating is another non-random mating mechanism, in which individuals 

choose their mates according to phenotypic similarities (Roughgarden, 1979; Russell, 

1998). When similar individuals mate more often than expected by chance, we are in 

                                                           
18 Please note that random mating is the term used in Biology and Genetics for mating without genotypic 

restrictions. In traditional GAs, mating is biased towards fitter individuals, since better solutions mate 

more often due to selection. However, recombination does not depend on the individualsô genotype, so 

random mating is used in this chapter when referring to traditional GA mating mechanism. 
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presence of positive assortative mating (or assortative mating in the strict sense). When 

dissimilar individuals mate more often, the scheme is called negative assortative mating 

(or dissortative mating). In humans, assortative mating is well exemplified by the 

correlation between heights or intelligence in partners. On the other hand, humans do 

not mate assortatively with respect to blood groups. This kind of behaviour, which 

selects assortatively for some traits and not others, makes it difficult to unmask the 

effects of assortative mating in the population. In fact, human assortative mating is not 

completely positive except for some small and isolated communities (the Old Order 

Amish, for instance). 

Positive assortative mating results in an average increase in homozygozity and in an 

increase in population variance. However, this does not mean that genetic diversity is 

increasing. In fact, this type of mating may result in highly distinct cluster of similar 

genotypes, thus playing a crucial role when speciation without geographic barriers 

occurs (sympatric speciation) (Todd & Miller, 1991). Dissortative mating, on the other 

hand, has the primary consequence of a progressive increase in the frequency of 

heterozygous genotypes; the increase in populationôs diversity is a direct consequence 

of these changes in the genotype frequencies. Evidences show that mating is very 

unlikely to be random in nature and may have the potential to act as an evolutionary 

agent, although its effects are very complex and hard to model and analyze (Jaffe, 

1999). Even so, artificial life models presented by Jaffe (1999) and Ochoa and Jaffe 

(1999) shed some light into the subject, and gave empirical support to the hypothesis 

that mating is not likely to be random in nature and that assortative and dissortative 

mating may produce higher survival rates among individuals evolving in, respectively, 

static and dynamic environments. While in dynamic landscapes genetic variability is 

fundamental to a quick and effective response to changes, in static environments 

diversity is not so important (Ochoa & Jaffe, 1999). In fact, natural organisms move 

towards an optimal degree of genetic variability that depends on the environment, via 

some mating scheme. Environment itself appears to guide the evolution of mating 

strategies. 
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In Evolutionary Computation, selective pressure and genetic diversity are two major 

topics, probably those of primary importance (Whitley, 1988). Pressure and diversity 

are closely related to the delicate equilibrium between exploration and exploitation 

needed in order to have ñsafeò search in Evolutionary Algorithms. Therefore, non-

random mating naturally came out in Evolutionary Algorithmsô research field in order 

to deal with the problem of genetic diversity and premature convergence: some 

efficient algorithms appeared, especially when applied to problems where the genetic 

diversity is needed in order to maintain exploration high and avoid local optima traps. 

In addition, diverse search stages usually call for different balance between exploration 

and exploitation mechanisms. To an initial strong explorative stage, the algorithm 

gradually must enter a more exploitive phase, where the neighbourhood of good 

solutions found so far is inspected in order to reach the global optimum. When the 

problemôs fitness function changes over time, genetic diversity may become even more 

important, since full convergence must be avoided: the algorithm must maintain 

enough diversity to readapt itself to a change in the fitness function, even if it has 

converged to the current optimum. In dynamic environments, it is often more important 

to track the best solution than to converge to it, that is, it may be sufficient to keep the 

population near the optimum, thus avoiding the risk of a full convergence in a specific 

period of the search, which would reduce the possibilities of re-adaptation after a 

change.  

Very often recombination is associated with exploitation19 while mutation is said to 

play a determinant role in exploration by preventing alleles becoming extinct. While 

this appears to be true, it may have misled some researches towards assortative mating 

instead of dissortative, because of the higher exploitation performed by the first 

strategy. If similar individuals tend to mate, it is more likely that their neighbouring 

space is closely inspected. On the other hand, several studies on dissortative mating 

showed empirical evidence that this scheme is more adapted to a wide range of 

problems, both static and dynamic ð see next section for a state-of-the-art review.  

                                                           
19 This depends of course on the type of crossover and its disruptive effects on the building-blocks. 
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3.3 Non-Random Mating Evolutionary Algorithms  

This section describes Evolutionary Algorithms with non-random mating schemes. A 

special emphasis is given to the ones that were seminal in their line of work, and to 

those that preceded (or are, at some level, related to) the ideas proposed in this Chapter. 

A GA with incest prohibition, in which individuals with a certain degree of 

parenthood are not allowed to recombine and generate offspring, is described in 

(Craighurst & Martin, 1995). An incest prevention degree is defined in the beginning of 

the run and remains unchanged until the convergence criterion is fulfilled. The degree 

defines how far back in the family tree of an individual the GA must inspect in order to 

prevent the recombination events. This policy does not completely restrict mating 

between similar individuals, but it decreases its frequency since related individuals tend 

to share a large amount of common alleles. Tests (Craighurst & Martin, 1995) compare 

the outbreeding scheme with a standard GA when applied to the Travelling Salesman 

Problem. The non-random mating algorithm outperformed the standard GA but the 

differences in the algorithmsô performances are mainly noticed with low mutation 

probability values. That outcome is not surprising since incest prohibition is supposed 

to maintain the genetic diversity of the population at a higher level for longer periods, 

thus reducing the need for mutation to introduce genetic novelty into converging 

populations.  

Later, Fernandes et al. (2000) combined the outbreeding strategy proposed in (Craig 

1995) with a varying population size GA (Arabas et al., 1994) to create the non-incest 

Genetic Algorithm with Varying Population Size (niGAVaPS). Tests made with the 

algorithm ranging through different degrees of incest prohibition showed improvements 

in the capability of escaping local optima when the individuals are not allowed to mate 

with their parents and siblings. However, these algorithms depend much on the degree 

of parenthood that is defined as a threshold, and an efficient tuning of that parameter is 

not a straightforward task. 

Another (similar) way of improving Evolutionary Algorithmsô performance by 

maintaining diversity is engaging in dissortative mating schemes. Back in 1984, 
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Mauldin (1984) proposed a method to avoid the coexistence of similar individuals in 

the population based on a Hamming distance restriction. CHC (Eshelman, 1991; 

Eshelman & Schaffer, 1991) ð which stands for Cross-generational elitist selection, 

Heterogeneous Recombination and Cataclysmic Mutation ð is in some way a 

descendent of Mauldinôs method. This variation of the standard GA holds a simple 

mechanism of dissortative mating which has given proofs of being rather effective in a 

wide range of problems. Although the title in (Eshelman & Schaffer, 1991) may 

suggest that CHC is an outbreeding GA, a closer look reveal that the algorithm uses a 

dissortative mating strategy in order to prevent premature convergence. CHC uses no 

mutation in the classical sense of the concept, but instead it goes through a process of 

macro-mutation when the best fitness of the population does not change after a certain 

number of generations. Diversity is assured by a highly disruptive crossover operator, 

the Half Uniform Crossover (HUX) (Eshelman & Schaffer, 1991), and by a 

reproduction restriction that assures that selected pairs of chromosomes will not 

generate offspring unless their Hamming Distance is above a certain threshold. CHC 

search process goes as follows.  

In each generation, ὴ2ϳ  pairs of chromosomes are randomly selected from the 

population with size ὴ. All pairs are submitted to the reproduction process. First, their 

Hamming distance is computed. If the value is found to be above the threshold then the 

chromosomes generate two children via the HUX operator. When the process is 

concluded, the newly generated population of ὴȭ offspring replaces the worst 

chromosomes in the main population, therefore maintaining the size of the population. 

The threshold is usually set in the beginning of the runs to ¼ of the chromosome 

length, and decremented when no offspring is generated. When the algorithm gets 

trapped in local optima, a cataclysmic mutation is applied by replacing the entire 

population, except the best chromosome, with mutated copies of that individual. When 

the threshold reaches 1 and the algorithm is not able to generate new chromosomes 

(that is, the population has converged to a local optimum), the cataclysmic mutation is 

also applied. 
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Inspired, to a certain extent, by CHC, the Self-Regulated Evolutionary Algorithm was 

proposed by Fernandes and Rosa (2006) as an algorithm with a dynamic on-the-fly 

variation of the population size. Like CHC, selected individuals recombine their 

genotypes and generate offspring only if their Hamming distance is above a threshold 

value. That value changes over time, depending on the number of newborn individuals 

and deaths in each generation. Individuals die (that is, they are removed from the 

population) only when their lifetime (which is set to a specific value in the beginning of 

the search depending on the individualôs fitness) reaches zero, which means that 

parents and children may belong to the same population. An empirical study shows that 

the algorithm self-regulates its population size: there are neither uncontrolled 

demographic explosions nor quasi-extinction long stages. 

Another possible way of inserting assortative or dissortative mating into a GA is 

described in (Fernandes et al., 2001). The Assortative Mating GA (AMGA) selects, in 

each recombination event, one parent (first parent) by any traditional method. Then, it 

selects a pool of ὲ individuals. After computing the similarity between the first parent 

and the n individuals, the second parent is selected according to the type of mating in 

progress. If the algorithm is the positive AMGA (pAMGA) then the individual more 

similar to the first parent is chosen. The negative version (nAMGA) selects the 

individual less similar to the first parent. The size of the pool controls the intensity of 

the mating restrictions. Increasing ὲ increases the frequency of mating between 

dissimilar (if negative assortative) or similar (if positive) individuals. Experiments with 

the algorithm solving a vector quantization problem showed that positive assortative 

and standard GA performed similarly, while nAMGA outperformed both (Fernandes et 

al., 2001). Increasing the size of the candidates set resulted in higher success rates 

(number of runs in which the global optima was found) for the negative dissortative 

version.  

In (Fernandes & Rosa, 2001), the same algorithm is combined with a varying 

population size scheme, tested on a royal road problem (Mitchell, 1994) and then 

compared with a standard GA and niGAVaPS (Fernandes et al., 2000). The negative 

assortative mating (or dissortative mating) strategy has proven to be more able in 
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escaping royal roadôs local optima traps. pAMGA is also tested under the same 

conditions but its performance is clearly inferior to standard mating. Although nAMGA 

results are interesting, the size of the pool is critical for its performance. ADMGA is a 

step towards a dissortative mating algorithm less dependent on parameter tuning. In 

that sense, and since the new proposal, unlike nAMGA, does not add any parameter to 

the already complex structure of the traditional Evolutionary Algorithms, the objective 

was accomplished. 

Ochoa et al. (2005) carried out an idea related with AMGA and applied it to dynamic 

optimization. Assortative GAs (very similar to AMGA) are used to solve a dynamic 

knapsack problem. The authors test haploid and diploid schemes with assortative 

mating on a knapsack problem with moving extrema, and nAMGA is more able to 

track the dynamic optima. Standard GA often fails to track the solution but the worst 

performance is attained by the positive assortative mating strategy. In general, the 

haploid algorithms produce better results than the diploid ones. This particular result 

questions the assumption that diploid schemes may be an efficient technique to cope 

with changing environments and reinforce the conclusions by Lewis et al. (1998) ð 

see Chapter 2. The authors also discuss the optimal mutation probability for different 

strategies. By means of exhaustive tests, they concluded that the optimal mutation 

probability increases when the mating strategy goes from negative (dissortative) to 

positive assortative. These results were predictable: dissortative mating is supposed to 

maintain the population diversity at a higher level, reducing the amount of mutation 

needed in order to prevent the premature convergence of the population.  

In this line work, the same authors proposed a study on the error threshold of 

replication in GAs with different mating strategies (Ochoa, 2006; Ochoa & Jaffe, 

2006). The error threshold is a critical mutation probability beyond which structures 

obtained by an evolutionary process are destroyed more frequently than selection can 

reproduce them. By evolving a GA on four different fitness landscapes, the authors first 

conclude that recombination shifts the error threshold toward lower values. Then, the 

tests show that assortative mating overcomes this effect by increasing the error 

threshold, while the dissortative strategy pushes the error toward lower values. The 
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authors argue that this study may have effects on the knowledge of both natural and 

artificial systems since it supports the hypothesis that assortative mating overcomes 

some of the disadvantages inherent to sex. They also intend to shed some light into the 

relation between mutation probability values and mating strategies in Evolutionary 

Algorithms. This last issue is directly related with the idea that assortative mating 

increases the optimal mutation probability of an GA, while dissortative strategies 

decreases it. This behaviour has already been observed in (Fernandes, 2002) and 

(Ochoa et al., 2005). 

Another approach is found in (García-Martínez et al., 2006), where an assortative 

mating strategy is used to implement a local search genetic algorithm. The approach is 

consistent with the fact that crossover is the main mechanism generating local search, 

and assortative mating, by its own characteristics (it favours crossover between similar 

individuals), tends to increase the strength of exploitation, thus leading to a more 

intensive local search. On the other hand, Garcia-Martinez et al. (2007) proposed a 

real-coded GA with dissortative mating. The authors show that the inclusion of that 

mating strategy increases the performance of the algorithm on a set of proposed 

problems. In addition, empirical analysis indicates that the merits of dissortative mating 

are clearer with lower values of ‌ parameter of the PBX-Ŭ crossover (Lozano et al., 

2004). This observation is closely related with the optimal mutation probability issue 

described above, since ‌ determines the spread of the probability distribution used to 

create offspring with PBXī ‌. This way, parameter ‌ acts as genetic diversity 

controller, with higher values leading to GAs with higher exploratory capabilities, as it 

happens with mutation probability values. Therefore, if dissortative mating is expected 

to decrease optimal mutation probability values, optimal values of ‌ may also be 

dependent on the mating strategy chosen for the algorithm, being lower when dissimilar 

individuals have more chance to generate offspring. 

Besides de above-referred techniques, which are directly related to ADMGA and to 

the line of work that conduced to it, a large number of other GAs with non-random 
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mating are found in the Evolutionary Computation literature. The following paragraphs 

briefly describe some of them in chronological order. 

Hillis (1992) described a co-evolutionary computation paradigm with assortative 

mating applied to a sorting network problem. The author does not provide results 

comparing the proposed strategy and random mating but it states that the choice on 

assortative mating was inspired by some problem characteristics rather than genetic 

diversity concerns.  

Ronald (1995) introduced the concept of seduction in GAs, which consists in 

selecting the second parent according to the preferences of the first parent. After the 

first chromosome involved in a recombination event is selected, all other individuals in 

the population are provided with a secondary fitness according to certain rules that 

reflects the preferences of the first parent. Then, the second parent is chosen according 

to the secondary fitness.  

De et al. (1998) proposed genotypic and phenotypic assortative mating. The new 

approaches are compared with a standard GA and CHC on some well-known test 

functions and also on the problem of selecting the optimal set of weights in a multilayer 

perceptron20 (Rosenblatt, 1958). Phenotypic assortative mating revealed to be the best 

strategy, outperforming the standard GA and CHC on the range of proposed problems.  

Matsui (1999) incorporated dissortative mating within the tournament selection 

strategy. After the first parent is selected, the second parent is chosen according to a 

function that depends on the individual fitness and on the Hamming distance to the first 

parent (all individuals in the population are inspected in order to determine the distance 

to the first parent). In addition, the author incorporates a family-based selection 

mechanism that, by applying selection and replacement at family level (two parents and 

two offspring), maintains the genetic diversity of the population. 

Dolin et al. (2002) proposed the Complementary Phenotype Selection for the 

recombination procedure in Genetic Programming (Smith, 1980). The scheme, which 

may be easily extended to other Evolutionary Algorithms, selects the first parent 

                                                           
20 A perceptron is a type of artificial neural network. 
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(mother) using a typical selection method and then selects a father whose strengths 

complement the motherôs weaknesses. This approach is relevant only in Evolutionary 

Computation domains that make use of ñfitness casesò. This means that each individual 

in the population is tested over some finite, representative set of problem examples, and 

each individualôs fitness is based on performance over this set. Therefore, ñstrengthò 

and ñweaknessò refers to the scores of each individual on the set of problems.  

Ting et al. (2003) introduced the Tabu Genetic Algorithm, which combines GAs and 

Tabu Search (Glover, 1986) features by incorporating a taboo list in a traditional GA 

that prevents inbreeding and maintains genetic diversity. An aspiration criterion is also 

used by the algorithm in order to allow some crossovers even if they violate the taboo. 

Since incest prevention efficiency is sensitive to mutation probability, the authors 

added a self-adaptive mutation. The process is somehow similar to the cataclysmic 

mutation that occurs in CHC, since mutation in the Tabu Genetic Algorithm occurs in 

presence of a deadlock situation, that is, when the genetic diversity of the population 

has decreased down to a level where allowed recombination is almost or even 

impossible to occur.  

Finally, Wagner and Affenzeller (2005) introduced the SexualGA, which simulates 

sexual selection within the frame of a GA and uses two different selection schemes in 

the same population. 

Unlike most of the previous methods, the algorithm proposed in this chapter for 

dynamic optimization, self-regulates the intensity of dissortative mating. ADMGA, as 

shown in (Fernandes & Rosa, 2008a), maintains genetic diversity at a higher level in 

the beginning of the search. It is this feature and the simplicity (self-regulation) of the 

algorithm that this investigation aims at exploring in order to solve dynamic problems. 

As stated, diversity maintenance techniques are, in general, more robust to the wide 

range of dynamics that a specific dynamic problem may cover. These algorithms do not 

depend on either changes are detectable or not (unlike algorithms that react to changes), 

do not rely on the periodicity of changes (unlike memory schemes) and may work well 

on both small and dramatic changes in the environment (unlike hypermutation 

techniques). ADMGA holds these characteristics and arises as a possible technique that 
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can cover a wide spectrum of dynamics with stable efficiency. In addition, the new 

method does not increase the parameter set of traditional GAs and exhibits a self-

regulated behaviour. 

3.4 The Adaptive Dissortative Mating Genetic 

Algorithm  

In order to model dissortative mating in evolutionary approaches to optimization, 

some kind of relaxation policy may be needed for avoiding a freezing population, since 

evolution eventually leads the search process into a stage of low diversity, where all the 

individuals are almost identical. In addition, a population usually searches for an 

optimal degree of genetic variability according to the landscape where it evolves. It is 

possible that the populationôs evolution towards the optimal regions of the landscape 

also requires different levels of genetic diversity along the way, in order to maintain a 

robust search. Therefore, the degree of assortative or dissortative mating should vary 

along the run in order to deal with the inevitable decrease in diversity and to follow the 

search path of the population. Some methods try to maintain the diversity in a 

permanent high level, but that may be incompatible with the desirable convergence of 

the algorithm. For instance, a constant macro-mutation certainly maintains the diversity 

of the population, but the expected success of a GA based on such premises is not high. 

Diversity by itself is not a guarantee of a successful search through the landscape. 

ADMGA is a self-regulated dissortative mating GA that incorporates an adaptive 

Hamming distance mating restriction that tends to relax as the search process advances, 

while it may also be occasionally reinforced. After two parents are selected, crossover 

only occurs if the Hamming distance between them is found to be above a threshold 

value. If  not, the recombination event is considered as ñfailedò and another pair of 

individuals is selected until ὲ2 pairs have tried to recombine (n is the population size). 

After the reproduction cycle is completed, a new population is created by selecting the 

best  n members  amongst the  parents and  newly generated  offspring  (ADMGA is  a 
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    Algorithm: ADMGA 

initialize Population(P) with size(P) = n  
evaluate Population(P) 
set initial threshold(ts0)       /*  ts0 ҥ ƭҍ1, static; ts0 ҥ  l/4, dynamic */   
threshold(tsύ ҥ ts0           
while (not termination condition)  
      create new individuals P.new  
      evaluate new individuals P.new 
      if (static problem) 
            P Ŷ P+P.new 

            remove worst individuals from P until size(P) reaches n 
       end if 
       if (dynamic) replace size(P.new) worst individuals by P.new 
  end while  
   
Procedure: create new individuals 
ƳŀǘƛƴƎ9ǾŜƴǘǎ ҥ n/2;  
ǎǳŎŎŜǎǎŦǳƭaŀǘƛƴƎ ҥ лΤ  
ŦŀƛƭŜŘaŀǘƛƴƎ ҥ л 
while (successfulMatings = 0) do 
      for όƛ ҥ м ǘƻ matingEvents)  do 
            select two chromosomes (c1, c2)    
            compute Hamming distance H(c1, c2) 
               if (H(c1, c2) > ts)   
                     crossover and mutate 
                     successfulMating Ŷ successfulMating+1 
               end if 
            if (H(c1, c2) < ts)  failedfulMating Ŷ failedlMating+1 
         end for 
         if (failedMating > successfulMating)  tsŶ tsī1 
         else       ts Ŷ ts+1 
end while   

Figure 3.1: Pseudo-code of the Adaptive Dissortative Mating Genetic Algorithm (ADMGA) . 

steady-state algorithm) and the amount of successful and failed crossovers is compared. 

Then, the threshold is incremented or decremented, depending on the number of 

successful and failed events (see the pseudo-code in Figure 3.1). This way, the diversity 

of the population controls ð even if indirectly ð the threshold value. When diversity 

decreases, threshold tends to be decremented because the frequency of unsuccessful 

mating will necessarily increase. However, mutation introduces variability in the 

population, resulting in occasional increments of the threshold that moves it away from 
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0 (Fernandes & Rosa, 2008a). ADMGA was tested on a wide range of problems and 

the results show that the method is capable of outperforming several other GAs on that 

particular set of functions (Fernandes & Rosa, 2008a). 

Due to the characteristics of the algorithm, dynamic optimization appeared as a valid 

following step in the ongoing research on the behaviour of the algorithm. For dynamic 

optimization, two modifications are made in the original ADMGA: the first concerns 

the replacement strategy ð while in the version for stationary problems offspring 

compete with the parentsô population for a place in the new population, the version for 

dynamic optimization replaces the worst ὲȭ parents to provide space for the new nô 

individuals. This option gives rise to a less elitist algorithm, and reduces computational 

effort when assuming that changes are too costly to detect, because, in that case, all the 

chromosomes in the population are evaluated (or re-evaluated) in each generation. The 

lower the number of new individuals inserted in the population, the higher is the 

redundant effort dedicated to re-evaluate solutions (it is not redundant only when a 

change occurs). 

The second modification is focused on the initial threshold value. Setting the initial 

value to ὰ 1 as in (Fernandes & Rosa, 2008a) ð where ὰ is the chromosome lenght 

ð is not suited for dynamic optimization. Although ADMGA self-regulates the 

threshold in the first generation, according to the problem ð see (Fernandes & Rosa, 

2008a) and section 4.4.2 ð, it creates few new individuals until the threshold reaches a 

value around ὰ2. If the algorithm passes through an initial stage during which few new 

chromosomes are created, until it reaches a more stable threshold value, then a 

prohibitive number of re-evaluations are performed, delaying the algorithm and 

compromising the first stage of optimization, especially when the changes occur fast. 

For that reason, the initial threshold is different for dynamic optimization. For this 

study, the initial value is set to  ὰ4, after some preliminary tests that showed that the 

performance is not significantly affected if the value lies between ὰ2 and ὰ8. 
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3.5 Summary 

This chapter describes non-random mating strategies in nature, their effects on the 

genetic diversity of the populations and how can those strategies be used to design 

efficient Evolutionary Algorithms for dynamic optimization. A survey on Evolutionary 

Algorithms with non-random mating is provided, putting them in perspective with the 

Adaptive Dissortative Mating Genetic Algorithm, the method proposed in this chapter 

to maintain genetic diversity and tackle dynamic optimization problems. But first, the 

following chapter describes the experiments conducted on stationary environments.  
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Chapter 4  

ADMGA: Performance and 

Scalability in Stationary 

Environments 

4.1 Introduction  

The Adaptive Dissortative Mating Genetic Algorithm (ADMGA) was subject to a 

wide range of experiments on several static optimization functions and the first results 

appear in (Fernandes & Rosa, 2008a). The experiments conducted for the study serve 

various purposes. First, they intend to test the algorithmôs efficiency by comparing it 

with the negative Assortative Mating GA (nAMGA) and CHC. In addition, the effects 

of dissortative, assortative and random mating on the speed and reliability of the search 

are pursued. For that aim, the positive Assortative Mating GA (pAMGA) is introduced 

in the experiments.    

Following the guidelines found in (Bäck, 1996) and (Bäck et al., 2000) a test suite is 

prepared so that the following requirements are present: 

¶ Unimodal functions in order to perceive convergence speed. 

¶ Multimodal functions to verify the reliability of the algorithms. 

¶ Scalable functions. 

¶ A step function without local gradient information. 

¶ High dimensional functions. 

¶ Multimodal functions without regular arrangement of local optima. 

¶ Complex combinatorial problems. 
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The research has been conducted with functions that can be translated into discrete 

variables. Although real-value encodings may be advantageous for numeric problems 

(like functions Ὢ1 to Ὢ4 described below), binary encodings have many advantages in a 

wider range of problems and binary representation may be used to encode qualitative 

variables, as well as numeric ones. Since the work presented is this thesis already 

embraces a wide-range of bio-inspired computational paradigms, the studies are 

narrowed by limiting the experiments and algorithmsô design to those related with 

discrete-space variables. When a binary or discrete representation does not arise 

straightforward from the problem specification ð like in numeric problems for 

instance ð a discretization is made with a specific degree of precision. Many 

algorithms and schemes designed in this thesis to deal with dynamic optimization may 

directly be translated into real-valued versions, although similar results are not 

guaranteed before careful experiments are conducted. 

In order to avoid Hamming cliffs ð small steps in the fitness landscape requiring 

many bit-flips ð, Gray coding21 is used in all the binary encoding of numeric problems. 

Gray code overcomes Hamming cliffs by mapping the traditional binary representation 

into a scheme where two successive values differ in only one digit. This system does 

not prevent random bit flipping on binary string that encodes real numbers to result in 

large steps trough the space, due to the fact that the leftmost bits in a bit string represent 

higher numbers, but at least guarantees that neighbouring regions of the space are at a 

distance of a bit-flip. Since numerical functions are used mostly in this Chapter, where 

dissortative mating GAs are discussed, Gray code guarantees that large distances in the 

genotype correspond to large distances in the phenotype (although, as stated above, the 

opposite is not necessarily true).       

With these issues in mind, a set of functions frequently found in Evolutionary 

Computation literature has been chosen. The following section provides descriptions of 

all the problems used throughout the experiments with ADMGA on static 

environments.  

                                                           
21 The Gray code was named after Frank Gray, the Bells Lab researcher that introduced it in 1947 and named it on 

his 1953 patent application (Gray, 1953) 
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                                             x1                   x2 

Figure 4.1: Three-dimensional plot of the sphere model. 

4.2 Functions 

The sphere model Ὢ1 (Bäck, 1996) is a continuous and unimodal function that 

provides a test case to compare the convergence speed of the algorithms. The function 

is widely used in the Evolutionary Computation research field and it is part of some 

well-known test sets, such as the De Jong, Schewefel and Fogel test sets. The function 

is mathematically defined by:

 

 

Ὢ1 ὼᴆ= ὼὭ
2

ὲ

Ὥ= 1

 (4.1) 

with domain ὼὭɴ [ 5.12,5.12] and optimum at Ὢ0,ȣ,0 Ὕ= 0. The three-dimension 

topology of the sphere model is depicted in Figure 4.1. The Ὢ1  function in the following 

experiments has dimension 10, using 20 bits per variable, which means that the 

chromosome length ὰ is 200 bits. 

The step function Ὢ2 (Bäck, 1996) is a sphere model like Ὢ1 where small plateaus have 

been introduced. The resulting function is a multimodal one, since each plateau is a 

local minimum. The idea is to make the search more difficult by eliminating any 

gradient information. However, the tests performed in (Fernandes & Rosa, 2008a) 

reveal that GAs are faster in tracking the optimum of Ὢ2 than when optimizing Ὢ1. Tests 

presented in (Bäck, 1996) with both functions also exposed this particular behaviour of 

the GAs, while Evolution Strategies, as expected, faced more difficulties when 


































































































































































































































































































