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Abstract
This thesis aims to produce a novel multi-objective algorithm that is based on Cuckoo Search
by Dr. Xin-She Yang. Cuckoo Search is a promising nature-inspired meta-heuristic
optimization algorithm, which currently is only able to solve single-objective optimization
problems. After an introduction, a number of theoretical points are presented as a basis for
the decision of which algorithms to hybridize Cuckoo Search with. These are then reviewed
in detail and verified against current benchmark algorithms to evaluate their efficiency.
To test the proposed algorithm in a new setting, a real-world combinatorial problem is used.
The proposed algorithm is then used as an optimization engine for a simulation-based
system and compared against a current implementation.
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Introduction

This chapter serves to introduce the reader to the larger problem area, the concept of natureinspired metaheuristics, evolutionary algorithms and simulation based optimization in an
engineering context. This introduction leads to the aim of the thesis and an explanation of
the structure of the remainder of the thesis.

1.1. Background
Optimization is the pursuit of finding the best solutions to a given problem. An optimization
problem can be described mathematically with different notations according to Coello
Coello et al. (2007). A function f(x) is evaluated by choosing different values of x and
comparing the results. The variable x is bounded to within certain permissible values called
the search space and a specific permissible value of x in that search space is called a
candidate solution. A generic form of an optimization problem can be seen in Equation (1.1).
(1.1)
subject to

(1.2)
(1.3)

Where fi(x) in (1.1) is a function of a decision variable vector
(1.4)
Worth noting is that a single optimization problem can be either a minimization or a
maximization problem. In a minimization problem the aim is to find the candidate solution
which gives the minimum result of the function f(x). In the reverse case, a maximization
problem, the aim is to find the candidate solution which gives the maximum value of f(x) for
any value of x. Because f(x) is the target for minimization or maximization it is called the
objective function according to Coello Coello et al. (2007). The candidate solution that
satisfies the aim of the objective function is called an optimal solution. The scope of the
search space is one of the factors that make the problem difficult. For an unrestricted
optimization problem the search space could be infinite, due to every value in the search
space being valid. The optimization problem can be subject to constraints which are
functions or conditions that restricts the function values. This is the case in almost any real
world example according to Deb (2001). Designing a box to hold the maximum amount of
contents could be a real life example. The designers should set a constraint regulating that
the dimensions of the box be within certain values. Without these constraints the optimum
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dimensions of the box would be a large value close to infinity because the objective function
is not constrained.
However, if another objective is introduced into the previous example with the box,
complexity arises. While still considering the maximization of the volume, the minimization
of the construction materials in the box would serve as both a constraint for the
maximization of the volume and as another objective for the designer to optimize. This type
of problem is called a multi-objective optimization problem, and designates any optimization
problem with more than one objective according to Deb (2001). In this type of problem, the
defining attribute is the number of objectives, not the type of objective such as minimization
or maximization. Multi-objective optimization problems introduce additional complexity into
the evaluation of the candidate solutions. The same candidate solution is evaluated on both
objective functions and a trade-off has to take place. In a real world multi-objective
optimization problem there is usually no single optimal solution that is strictly better than
another optimal solution considering all objectives.
While using the previous example, a candidate solution that maximizes the volume of the
box, cannot simultaneously minimize the surface area of the box. Conversely, the reverse
situation is also possible. These two solutions constitute the extreme bounds of the optimal
solutions of the problem. In between these lies the solution which represents the
compromise of the two objective functions. This solution neither maximizes the volume nor
minimizes the material used but gives a solution that is equally optimal at both. In addition,
several solutions exist between the boundary solutions and the previously mentioned
middle solution. All these solutions create a front of optimal solutions which are equally
good at solving the problem at hand. The front is called the Pareto optimal front, or the
Pareto front (PF) and an example can be seen in Figure 1. Reaching a good convergence on
the Pareto front with a uniform spread is a good measure of the performance of the solving
algorithm according to Coello Coello et al. (2007).

Simon Lidberg

2011-10-05

2

Evolving Cuckoo Search

UNIVERSITY OF SKÖVDE

From single-objective to multi-objective

School of Informatics and Society

Figure 1. Pareto front, solid line, with solutions marked as squares on a minimization problem.

In order to find this figurative needle in the haystack researchers have used different
techniques for traversing the search space of the objective functions. One of the techniques
used is gathered into a family called metaheuristic algorithms. These are algorithms that
optimize a problem by iteratively trying to improve a candidate solution or candidate
solutions with regard to a given measure of quality according to Yang (2010). Metaheuristic
algorithms include, amongst others, hill climbing, particle swarm optimization, genetic
algorithms, simulated annealing and differential evolution. The next section will focus on a
sub-branch of metaheuristic algorithms called nature-inspired metaheuristic algorithms.

1.2. Problem area
Nature continues to be a source of inspiration for innovations into products, artificial
intelligence, robotics and many other fields. Natural selection applied over billions of years
has allowed nature to adapt to new environments, produce efficient solutions to problems
and create specialized life forms. This same approach has been used for a number of years in
human history applied to our livestock and flora in the form of selective breeding. An animal
with desirable features is paired with another animal with desirable features in the hope
that the features will be carried over into the offspring.
In some way this will negate bio-diversity in animals, and this can also be the case in
computing optimal solutions. If only the best solutions are chosen to produce offspring the
solutions may prematurely converge on a local maxima or minima. Local maxima or minima
are the best solutions in a local search space but are not the best candidate solutions to the
objective function as a whole. In order to prevent the algorithm converging prematurely
some of the lesser solutions need to be carried on into the next generation thereby
preserving the bio-diversity stated by Floreano et al. (2008).
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Metaheuristic algorithms are not guaranteed to find the optimal solution for a given
optimization problem. An exhaustive search is guaranteed to find the solutions but the
drawback is the computation time needed, which could range into months or years
depending on the complexity of the problem. Metaheuristic algorithms are computationally
faster and make few or no assumptions about the problem being optimized. They are
especially suited to problems where the search space is prohibitively large, due to resource
constraints.
The author of Yang (2010) introduces a nature-inspired metaheuristic algorithm inspired by
the parasitic breeding behavior of cuckoos called the Cuckoo Search (CS). The recently
developed CS algorithm has been proven by Yang et al. (2009) and Yang et al. (2010) to be
more effective than similar nature-inspired algorithms such as Particle Swarm Optimization
(PSO) and GA. The CS algorithm has also been tested on engineering problems in Yang et al.
(2010), with promising results. It is also stated by Yang (2010) that the hybridization of CS
with other algorithms could potentially be fruitful. This thesis aims in part to test that
statement.

1.3. Problem definition
In the current state of CS, it concerns itself only with single-objective optimization problems.
To evaluate the efficacy of CS in an engineering context the algorithm is required to handle
multi-objective optimization problems. Due to CS being a resource efficient algorithm, steps
should be taken to ensure that the proposed algorithm is also resource efficient.

1.4. Limitations
Only a limited number of algorithms will be tested together with CS and five test problems
will be used to evaluate the performance of the algorithm on continuous problems. Only one
theoretical combinatorial problem will be used and one real-world manufacturing problem.

1.5. Aim
The aim of this thesis is to evaluate the validity of CS in a multi-objective optimization
engineering problem. Key evaluation criteria will be computational time, the algorithms
ability to correctly find the Pareto optimal front and the algorithms ability to find a uniformly
spaced solutions on the Pareto optimal front.
In order to test different appropriate approaches to MOOP with CS, two different algorithms
will be incorporated with CS. These two are NSGA-II and VEGA which will be detailed later in
the thesis alongside pseudo-code and discussions.
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1.6. Organization of the thesis
The thesis will be partitioned as follows. Chapter two will focus on theoretical issues
concerning multi-objective optimization using evolutionary algorithms and nature-inspired
metaheuristics. Chapter three will describe CS in detail, both the original algorithm and a
modified implementation for this thesis. In chapter three the algorithm will also be verified
and validated. The fourth chapter covers the transition of CS from a single-objective
algorithm into a multi-objective algorithm. This transition will be performed using
hybridization with already proven algorithms. Chapter five discusses the performance and
implementation of multi-objective CS on a real world problem. The thesis ends with a
conclusion of the thesis and a mention of future work.
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2. Multi-objective Optimization with EA
In this chapter general multi-objective optimization by evolutionary means will be discussed
in further detail. Firstly, four conceptual high-level goals of a multi-objective optimization will
be presented. The three most important of these will be further broken down into operators
which facilitates the fulfillment of the goals. This chapter lays the theoretical foundation on
which the subsequent chapters are built.
As previously detailed, multi-objective optimization performs optimization on multiobjective problems which is the most common problem type in real-life scenarios. A formal
notation of Pareto dominance is presented in Van Veldhuizen et al. (2000), and can be seen
in Definition 1.
DEFINITION 1 (Pareto Dominance): A vector
(denoted by
) if and only if

is said to dominate
is partially less than , i.e.,

According to Coello Coello et al. (2007) there exist four high-level primary goals for solving
MOPs with MOEA:
1. Preserve non-dominated solutions (elitism vs. non-elitism) with PFcurrent -> PFknown
2. Progress or guide PFknown towards PFtrue
3. Generate and maintain diversity of solutions on the Pareto front, PFknown (phenotype)
and/or Pareto optimal solutions Pknown (genotype)
4. Provide the decision maker (DM) with a limited number of PFknown solutions
The first three of these goals will be further explained and detailed in the following subsections. The fourth goal is not relevant to this study.

2.1. Preservation
Preservation of non-dominated points is essential to the computational result of the MOEA.
Non-dominated points, as previously discussed, are the points, or solutions, that are strictly
better in at least one fitness value and equal in fitness value when compared against the
other objectives. Several methods exist in order to preserve the non-dominated solutions in
a MOEA, amongst them are dominance-based ranking and archiving and elitism. The
following paragraphs will detail these more thoroughly.
2.1.1. Dominance-based ranking
The Pareto dominance dictates that the relation is a binary operator, i.e. only two
possibilities exist, either one solution dominates another or they do not dominate each
other. Following establishment of the non-dominated points, a sorting operation is required
to structure the points into increasingly good solutions for continued evaluation by the EA.
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In Coello Coello et al. (2007), the authors specify three different approaches for ranking
according to dominance:




Dominance rank
Dominance count
Dominance depth

When utilizing dominance rank to order the solutions, each solution receives a value
according to the number of solutions it itself is dominated by. For ease of interpreting the
result, each solution starts from one so that the best solutions are categorized as ones.
Solutions with the same number are grouped together and form fronts. Dominance count is
much the same, but instead of counting the number of times dominated; the number of
dominated solutions is used, which means that a higher number is more highly sought after.
The third dominance-based ranking approach is dominance depth and is used by, amongst
others, NSGA-II. The solutions are assigned a number based on which front they are located
after counting the number of solutions they dominate. It is therefore an extension of
dominance count. The second operator on dominance depth is the sorting of the solutions
into these different fronts, whereas the first of these fronts is the Pareto front. Dominance
depth will be explained further later in this thesis.
2.1.2. Population management
The population parameter is another important aspect of a MOEA solution. Usually, two
different sets of populations are used, one that is the current set of non-dominated
solutions, Pcurrent, and one set called Pknown, which is an archival set of previously found nondominated solutions. Solutions from Pcurrent will be included in Pknown as the evolutionary
algorithm generates new non-dominated solutions. A secondary population that contains
the non-dominated solutions is necessary because of the stochastic nature of a MOEA. No
guarantee exists that the points found will survive until the end of the MOEA cycle unless
they are saved. This technique where a separate secondary population exists is called
archiving, precisely because the best solutions are archived. Archiving, as a method, can also
be divided into sub-groups where the different implementations vary in the way which they
influence the operation of the MOEA. In Zitzler et al. (1998) a secondary population is used
together with the current population when selecting parents to increase the convergence
rate of the whole population.
Algorithms such as NSGA-II and Cuckoo Search use a single population that gets culled in
different ways. This approach is called elitism due to the use of a single population and the
best individuals surviving against selection pressure to participate in the creation of the next
generation. Specific implementation of this elitism will be discussed further in chapter 4.
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2.2. Progression
Deb (2001) mentions that one of the main objectives of a MOEA is to find as many solutions
as possible on Ptrue. This goal will be used later in the thesis to evaluate the efficiency of the
proposed algorithms. Finding as many non-dominated solutions as possible is accomplished
through iteratively changing the parameters of each solution in the population. The change
comes about using a crossover and mutation operator. Crossover usually influences a larger
part of the chromosome changes and occurs with greater probability. Mutation occurs with
a smaller probability (usually 1/n, where n is the number of variables in the chromosome),
but results in a more notable change to those parameters selected. The following
paragraphs will explain a few techniques for mutation and crossover used later in the thesis.
2.2.1. Crossover
The crossover operation is based on two individuals, here called parents, each having a
decision vector with equal length called a chromosome. Each parameter in the chromosome
is called a gene, which makes the terms used more or less analogous to real genetics.
Crossover is the effort to combine the genome of the parents in such a way that a new
individual, or several new, is created, which hopefully outclasses the parents in way of
fitness when evaluated according to Coello Coello et al. (2007). Out of the many types of
crossover techniques, this section will focus on uniform crossover and SBX for continuous
problems and PMX for combinatorial problems.
Uniform crossover, explained in Jaszkiewicz (2002) amongst others, is a simple crossover
algorithm suitable for explaining the inner workings of a crossover operator due to its
simplicity and ease of implementation. A graphical representation of the uniform crossover
operation can be seen in Figure 2. For each gene position (locus) in the offspring, from a
randomly chosen parent, a gene is chosen based on a uniform distribution. The figure below
illustrates this behavior with the offspring created having equal amount of genes from each
parent. Depending on the designer of the algorithm, it is possible to create one or two
offspring based on uniform crossover. If two offspring are more preferable, the second
offspring is created with the corresponding genes not chosen for the first offspring.
Parent 1

1

2

3

4

5

6

7

8

Parent 2

1

2

3

4

5

6

7

8

Offspring 1

1

2

3

4

5

6

7

8

Offspring 2

1

2

3

4

5

6

7

8

Figure 2. Uniform crossover resulting in two offspring
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Simulated Binary Crossover (SBX) is presented in Deb et al. (1995). The crossover operator is
based around a distribution function detailed in Equation (2.1).

(2.1)

In the above equation,

is the distribution index and

is a random value drawn from a

uniform distribution. If the two parents are designated as
and

and

, the offspring

is calculated as Equation (2.2) and (2.3).
(2.2)
(2.3)

These two offspring solutions are symmetric around the parent solutions due to the
probability distribution used. At the beginning of the generations, the parent values tend to
be farther apart. As the algorithm starts to converge, with the help of the genetic operators,
offspring are no longer generated at distant sites, thereby focusing the search to a narrow
region which hopefully is the Pareto optimal front. NSGA-II, which is described later, uses
this crossover operator as standard.
Goldberg et al. (1985) developed Partially Mapped Crossover (PMX) to use with the
travelling salesman problem (TSP). TSP is a combinatorial problem, i.e. it concerns itself with
finding an optimal ordering of a finite set of objects. The genetic representation of a
combinatorial problem would consist of a series of unique numbers. Regular crossover
operators, like the previously mentioned uniform and SBX, are incompatible with a
combinatorial problem. If used, they would introduce several duplicates into the ordering of
the genome. PMX preserves the ordering in the genome of the offspring with a mapping list.
Ting et al. (2010) presents PMX divided into four stages which are graphically represented in
Figure 3. The stages are called substring selection, substring exchange, mapping list
determination and offspring legalization.
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1. Select the substring

2. Exchange substrings

Parent 1

2

1

4

3

7

6

5

8

Protooffspring 1

2

1

1

2

5

3

5

8

Parent 2

8

4

1

2

5

3

6

7

Protooffspring 2

8

4

4

3

7

6

6

7

4. Legalize the offspring

3. Mapping relationship

Offspring 1

6

4

1

2

5

3

7

8

Offspring 2

8

1

4

3

7

6

2

5

1

4

2

3

5

7

6

Figure 3. Explanation of PMX

After stage three in the previous image, both offspring are clearly invalid since they contain
duplicates. A mapping list is determined by noting which values are exchanged in each
substring and subsequently replacing the duplicate genes with the corresponding genes in
the mapping relationship. This legalization of the offspring ensures that the genome is valid
for use as representation of the problem.
2.2.2. Mutation
Mutation operators are applied after the crossover operator has provided new individuals.
The objective of mutation is to perturb one individual in such a way that the population will
not be stuck in local minima. Three different mutation operators will be discussed in this
section, polynomial mutation operator (PMO), random reset and swap mutation.
As was SBX, PMO is presented in Deb et al. (1995). PMO utilizes a polynomial probability
distribution with its mean at the current value and the variance as a function of n, much in
the same way as SBX. The mutated value is calculated as in Equation (2.4).
(2.4)
The parameter is the original value, and this is perturbed with the product
,
where
represents the maximum possible change, i.e. the difference between the upper
and lower bound of the parameters, and is explained in Equation (2.5). PMO will be used
as the mutation operator for the implementation of NSGA-II used in the ZDT tests located
further into the thesis.

(2.5)
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Random reset and swap mutation are mentioned in Coello Coello et al. (2007). Both
operators are simple to implement. Random reset randomly resets the gene value of a
chosen gene to a permissible value for that gene. This operator will therefore not work in a
combinatorial problem. If swap mutation is used, two genes are randomly chosen and their
values are swapped thereby preserving the ordering. Random reset will later be used in the
continuous experiments, and swap mutation will be used in the combinatorial experiments
to generate new solutions.

2.3. Diversity
After a set of non-dominated solutions has been generated in the previous step, a metric or
method is needed in order to guide the solutions to spread uniformly on the known Pareto
front. The spread of solutions is considered by Deb (2001) to be the second main objective of
a MOEA and will be used as the second performance metric later in the thesis. While several
methods exist, the focus of this section is fitness sharing/niching, which is the method used
for the algorithms later in the thesis.
2.3.1. Fitness sharing
Fitness sharing is a means for encouraging a diverse set of solutions on the Pareto front. In
order to achieve this goal, an additional parameter named
is introduced which
controls the size of a neighborhood. The number of solutions sharing one neighborhood is
counted and the fitness is decreased proportionately to the number of inhabitants in the
neighborhood. This leads to the generation of solutions in the least populated regions of the
search space.
Introducing another parameter into an algorithm increases the total complexity of the
algorithm, i.e. the definition of
is critical. There exist different methods of calculating
the neighborhood and
, amongst them are the kernel approach, the nearest neighbor
approach and the histogram approach.
The kernel approach measures the distance of the solutions in the neighborhood and
calculates a density estimator. This is valid in both genotypic and phenotypic space and uses
a circle around the solution to generate a neighborhood. Another simple approach is the
nearest neighbor approach, which is based on the hyper-rectangle defined by the nearest
neighbors of the solution where the larger the box, the lower the crowding. The last
approach divides the fitness landscape into equally sized quadratic grids. Only one solution
survives in each grid, making
, which defines the size of the grid, crucial.
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3. Cuckoo Search
This chapter will further explain the Cuckoo Search (CS) algorithm in more detail. To this end,
pseudo-code will be presented and analyzed. Also, a comparison between the performance,
as reported in the original study and the performance of the newly implemented algorithm
will be conducted. This algorithm will then be expanded into a multi-objective optimization
algorithm in the following chapter.

3.1. Original CS algorithm
Cuckoos lay eggs in other birds’ nests and rely on those other birds to rear the cuckoo’s
offspring. According to the selfish gene theory proposed by Dawkins (1989), this parasitic
behavior increases the chance of survival of the cuckoo’s genes since the cuckoo needs not
expend any energy rearing its offspring. Thus, this allows the cuckoo to spend more time
breeding and laying more eggs. However, the birds whose nests are invaded have developed
counter strategies and increasingly sophisticated ways of detecting the invading eggs. The CS
algorithm utilizes these behaviors in order to traverse the search space and find optimal
solutions.
A set of nests with one egg inside are placed in random locations in the search space where
the eggs each represent a candidate solution. A number of cuckoos are tasked to traverse
the search space recording the highest objective values for different encountered candidate
solutions. The cuckoos utilize a search pattern called Lévy flight which is encountered in real
birds, insects, grazing animals and fish according to Viswanathan et al. (1999). The Lévy flight
is characterized by a variable step size punctuated by 90-degree turns, as can be seen in
Figure 4. Important to note in the previously mentioned figure is the large steps taken by the
distribution, which makes it suitable for global search.

Figure 4. Example of Lévy Flight starting at [0,0]
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Lévy flights, according to Yang (2010) and Gutowski (2001), are more efficient for searching
than regular random walks or Brownian motions. Equation (3.1) shows how a solution, , is
updated to a new value with the use of Lévy flights.
(3.1)
In the previous equation,
represents the step size which should be related to the
scales of the problem of interests. Yang (2010) advocates the use of as
,
and represents the difference between the maximum and minimum valid value of the
problem of interest. In order to implement the Lévy flight, a fast algorithm needed to be
used to approximate the Lévy distribution. The author of Leccardi (2005), compared three
different approaches to generating Lévy distributed values and found that the algorithm
published in Mantegna (1994) proved to be the most efficient. Mantegna’s algorithm is
divided into three steps in order to generate the step length, in Equation (3.2) needed for
the Lévy flight.
(3.2)
The parameters and in the above equation are given by the normal distributions in
Equation (3.3). The variance, sigma, is calculated as Equation (3.4) with
and
where (z) is the gamma function.
(3.3)
(3.4)
CS is a population based, elitist, single-objective optimization algorithm utilizing the concept
of Lévy flight whose pseudo code is presented in Figure 5 below.

Simon Lidberg

2011-10-05

13

Evolving Cuckoo Search

UNIVERSITY OF SKÖVDE

From single-objective to multi-objective

School of Informatics and Society

T

Objective function f(x), x = (x1, …, xd)
Generate initial population of n host nests xi
while (t < MaxGeneration) or (stop criterion)
Get a cuckoo randomly/generate a solution by Lévy flights
and then evaluate its quality/fitness Fi
Choose a nest among n (say, j) randomly
if (Fi > Fj),
Replace j by the new solution
end
A fraction (pa) of worse nests are abandoned
and new ones/solutions are built/generated
Keep best solutions (or nests with quality solutions)
Rank the solutions and find the current best
end while
Postprocess results and visualization
Figure 5. Pseudo code for CS with Lévy flight by Yang et al. (2009: 107)

Only two parameters need to be supplied to the algorithm, the discovery rate
and
the size of the population, n. When n is fixed, , according to Yang (2010) controls the
elitism and the balance of randomization and local search. This fact not only increases the
ease of implementation, but also potentially makes it a more general optimization solution
to be applied to a wide range of problems. The next section will detail the implemented
algorithm and validate it against a test problem used in the original article.

3.2. Modified CS algorithm
Additional changes have been made to the CS algorithm which can be reviewed in Figure 6.
Most notably, an increase in the local search of the algorithm has been implemented. The
algorithm now searches around the best nests an additional five times and replaces the
solution if a better one is found. This change is made to increase the convergence rate of the
algorithm. AbandonNest reinitializes of the worst nests with new random parameter
values.
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T

Objective function f(x), x = (x1, …, xd)
Generate initial population of n host nests xi
while (t < MaxGeneration or other stop criterion)
Sort population based on fitness
for ( 0 <= i <= n* pa; i++)
Perturb a clone of by Lévy flights and then evaluate its quality/fitness Fj
for ( 0 <= j <= 5; j++)
if (Fi > Fj),
Replace j by the new solution
end
end for
end for
For the rest of n, perturb once with Lévy flight and replace current best if better
Perform AbandonNest with probability pa
end while
Rank the solutions and find the current best
Postprocess results and visualization
Figure 6. Implemented Cuckoo Search

To validate Cuckoo Search (CS), the test problem MCZ is used, described in Yang (2010: 108109) and shown in Equation (3.5). Additionally, for the following equation, the
statement
holds true.
(3.5)
The discovery rate used in the test problems is set to 0,25 as the original article stated and
the step size for the Lévy flight is set to

, where upperbound is the maximum

permitted value of each parameter. The population size is set to 24 and the number of
evaluations to 1500. Figure 7 shows a graphical result of the test with CS. In the time tested,
the algorithm manages to find the global minima
at
with
computation time well below a fraction of a second. The legend of the diagram represents
the solutions for each subsequent generation starting with the initial randomly generated
generation.
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Figure 7. Graphical result of MCZ with CS

These results are comparable with the findings in the original study by Yang et al. (2009).
Figure 8 shows the result with an increased number of evaluations (25,000 nests) in order to
better visualize the different local minima of the MCZ function and the randomization of the
Lévy flight.

Figure 8. Graphical representation of MCZ

Simon Lidberg

2011-10-05

16

Evolving Cuckoo Search

UNIVERSITY OF SKÖVDE

From single-objective to multi-objective

School of Informatics and Society

The main disadvantage with the modified and original algorithm is the lack of handling multiobjective problems. As most problems of interest in the real world are defined as multiobjective problems this disadvantage should be corrected in order for CS to be truly useful.
The next chapter in this thesis aims to alleviate this disadvantage by evaluating the
hybridization of CS with two established algorithms.
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4. Multi-objective version of CS
This chapter will convey information about work done in order to convert CS from a singleobjective optimization algorithm into a multi-objective optimization algorithm. Two different
approaches will be discussed and compared, namely Non-dominated Sorting Cuckoo Search
(NSCS) and Vector Evaluated Cuckoo Search (VECS), each based on the GA implementation of
NSGA and VEGA. The chosen algorithms are good candidates for hybridization, NSGA-II for its
current role as a benchmarking algorithm and VEGA for its ease of implementation. This
chapter will conclude with selecting one algorithm that will be tested in a real-world example
in the subsequent chapter.

4.1. VEGA
The Vector Evaluated Genetic Algorithm (VEGA) developed by Schaffer et al. (1985) and
Schaffer (1985) attributed by Coello Coello et al. (2007), is considered as the first
implementation of a MOEA. Genetic Algorithms (GA) use the concept of genetics with
genetic crossover, mutation and parental selection as means for evolving the candidate
solutions toward the optimal values. VEGA takes a different approach to multi-objective
optimization, called criterion or objective selection technique where a fraction of the child
population is selected based on different objective performance. The objective to evaluate
the fraction is randomly selected for each generation. When running VEGA with k objectives
and a population with size M, k subpopulations of size M/k will be created. Thus, each of the
solutions in one of the subpopulations will be assigned a fitness value after evaluation of the
same objective.
Mating will be done in accordance with a proportionate selection operator where a larger
fitness value in comparison to the total fitness is more likely to be chosen. After assigning
fitness from the corresponding fitness function to every member of every sub-population,
the sub-populations are combined into the originally sized population and then shuffled. By
utilizing shuffle the positional bias is reduced. In the original VEGA, the step following the
shuffle would serve to use the mutation and crossover operators of the GA to create the
new population. The pseudo-code for VEGA is presented in Figure 9.
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T

Objective function f(x), x = (x1, …, xd)
Initialize population
Generate random population with size M
for i = 1 to MaxGenerations do
Create k sub-populations, where k = number of objectives, with size M/k
Evaluate each sub-population with a random objective
Shuffle population together to form new population with size M
Apply crossover and mutation operators
end for
Present results
Figure 9. VEGA algorithm

Due to the sub-populatory nature of VEGA, it is very prone to speciation, i.e. in the later
stages of the algorithm the individuals populating it will be heavily focused at each extreme
of the Pareto front creating specialized species from the individuals. Therefore, techniques
have been developed to increase the spread of the individual solutions on the Pareto front in
order to increase the algorithm’s coverage. The simplest technique is to utilize a heuristic
selection preference to include some of the less good solutions in the selection. This
approach can be used at the same time as elitism so these heuristics are not mutually
exclusive. The best individuals in each sub-population would be chosen to survive and some
of the lesser solutions can be added to retain the diversity of the population. Other methods
include diversity operators discussed in chapter 2.3.
Cuckoo Search is a nature-inspired meta-heuristic algorithm and VEGA uses a natureinspired terminology such as speciation and sub-population. This fact combined with the
ease of implementation results in a natural hybridization between the two algorithms which
will be detailed next.
4.1.1. Vector Evaluated Cuckoo Search
This section will detail the newly developed hybrid between VEGA and CS, as a part of the
aim of the thesis, called Vector Evaluated Cuckoo Search (VECS). The pseudo-code for VECS
is detailed for review in Figure 10.
The implementation is straightforward; creating the sub-populations of the original VEGA
algorithms follows immediately after a new generation has begun. As in the original
algorithm, one sub-population is made for each of the objectives in the optimization
problem. However, when each sub-population is evaluated, the Lévy flight is used as the
means for generating new solutions with which to compare. If the new solution is
dominating the old solution, then the new solution will replace the old. Before joining the
sub-populations into the combined population, each sub-population is sorted in ascending
order based on the objective function of the sub-population.
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Cuckoo Search is originally an algorithm utilizing elitism, i.e. the worst nests are abandoned
with a method called AbandonNest with a percentage pa and then rebuilt. Because the
percentage of abandonment is fixed, the best nests will always survive. This approach to
elitism will be a disadvantage when used with VEGA. As previously discussed, VEGA
encounters problems with speciation, which will be worsened when the best in each subpopulation will survive due to AbandonNest culling pa worse nests leaving only the speciated
individuals. This reduces the possibility of achieving a uniform spread on the Pareto front. In
order to alleviate these problems, fitness sharing, as explained in chapter 2.3 is included in
the algorithm. This will promote the spread on solutions on the Pareto front.
After culling with AbandonNest, the algorithm continues with the VEGA approach and
combines the sub-populations into a new joint population which is followed by a shuffling of
the new population. This operation ends one generation of VECS.
T

Objective function f(x), x = (x1, …, xd)
Initialize population
Generate random population with size M
while (t < MaxGeneration)
Create k sub-populations from M, where k = number of objectives, with size M/k
for each (cuckoo in sub-population)
Get a cuckoo randomly/generate a solution by Lévy flights
and then evaluate its quality/fitness Fi
Choose a nest among n (say, j) randomly
if (Fi > Fj),
Replace j by the new solution
end
A fraction (pa) of worse nests are abandoned
and new ones/solutions are built/generated
Keep best solutions (or nests with quality solutions)
end for
Recombinate sub-populations into population with size M
end while
Present results
Figure 10. VECS algorithm

The proposed change enables CS to solve multi-objective optimization problems by dividing
the original population into sub-populations and evaluating each population on a different
objective.
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4.2. NSGA-II
Deb et al. (2002) proposed NSGA-II as an elitist multi-objective genetic algorithm utilizing
dominance depth, crowding, crossover and mutation. The pseudo-code for NSGA-II can be
seen in Figure 11. A number of parameters exist for NSGA-II, the population size N, the
number of maximum generations MaxGenerations, the crossover probability, c_prob, and
the mutation probability, m_prob.
The initial population with size N is evaluated so each individual in the population receives
an updated fitness value according to the number of objectives. The population is then
subjected to a binary tournament selection to determine which of the individuals should be
used in the recombination to create the child population. The recombination will take place
with the probability of c_prob; otherwise a clone of the parent will be transferred to the
child population. Following the creation of children with the recombination operator, the
child population will also be of size N. With probability m_prob, every individual in the child
population will be subjected to the mutation operators which slightly alter the
chromosomes. Hereafter, the two populations, parent and child, will form a combined
population with size 2N.
The combined population will then be run through the fast non-dominated sorting algorithm
which classifies the population into a number of non-dominated fronts in descending order.
Two different measurements are used in the fast non-dominated sorting algorithm, a
dominance count, which is initially set to zero, and a set of solutions that the current
individual dominates. Starting with the first individual, p, it will be compared against every
other individual in the population. If p dominates the compared individual, the compared
individual will be placed in p’s set of dominated individuals. If the compared individual
dominates p, the dominance count of p will be increased by one. Subsequently, every
individual with a dominance count of zero will be placed in the first front. Iterating over the
set of dominated individuals for each individual in the first front, their dominance count will
be decreased by one resulting in new individuals with a dominance count of zero. These new
individuals will constitute the second front and this process is repeated until every individual
in the original population of 2N is assigned to a front. This evaluation has a complexity of
O(mN2) where m is the number of objectives.

Simon Lidberg

2011-10-05

21

Evolving Cuckoo Search

UNIVERSITY OF SKÖVDE

From single-objective to multi-objective

School of Informatics and Society

T

Objective function f(x), x = (x1, …, xd)
Initialize Population
Generate random population with size N
for (i = 1 to MaxGenerations) do
Generate Child Population
Binary Tournament Selection
Recombination and Mutation
Combine Parent and Child Populations into Current Population with size 2N
for each individual in Current Population do
Assign rank based on Pareto – Fast non-dominated sort
Generate sets of non-dominated vectors along PFknown
Loop (inside) by adding solutions to next generation starting from the first front
until N individuals found and determine crowding distance between points on
each front
end for
Select points on the lower front which are outside a crowding distance
end for
Present results
Figure 11. Pseudo code for NSGA-II

As the current population size is 2N, a trimming procedure needs to be performed in order
to once again reduce the size of the population to N for the next generation. Starting with
the first non-dominated front, every member in the front is added until there is insufficient
room to add the whole subsequent front. Instead, the last front that could not be
accommodated to the full will be sorted according to another metric, the crowding distance.
As previously explained in chapter 2.3, the crowding distance is calculated as the cuboid
between the neighbouring individuals. The larger the crowding distance, the better the
solution is in terms of preserving diversity. Thus, the solutions with the largest crowding
distance are added to the domination front until the target of total population is N. This
culling of the population completes one generation of NSGA-II.
According to Coello Coello et al. (2007), NSGA-II is used as the current de facto standard
benchmark for other MOEA, which places the algorithm at the top for hybridization with CS,
which will be discussed in the following section.
4.2.1. Non-dominated Sorting Cuckoo Search
The newly explored accommodation of CS in NSGA-II for this thesis is accomplished through
the use of the Lévy flights instead of mutation and the abandonment and movement of
nests instead of crossover. The pseudo-code for NSCS can be reviewed in Figure 12.
Additional changes to the original NSGA-II algorithm have been implemented. In accordance
with the aim of the thesis to place weight on evaluation time, effort has been made in order
to reduce the computational time of the algorithm.
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Recent studies by Shi et al. (2005) have identified that by utilizing the properties of Pareto
dominance, the number of comparisons needed in the fast non-dominated search can be
lessened by as much as 5/18. The authors named this procedure Better-non-dominatedsorting. This addition will improve the speed of evaluation and enable larger population, i.e.
more solutions found on PFtrue.
T

Objective function f(x), x = (x1, …, xd)
Initialize Population
Generate random population with size N
for (i = 1 to MaxGenerations) do
Select parents and perform Lévy flight, if the new solution dominates the old one, replace it
Better-non-dominated-sort
for each individual in Current Population do
Generate sets of non-dominated vectors along PFknown
Loop (inside) by adding solutions to next generation starting from the first front
until N individuals found and determine crowding distance between points on
each front
end for
Select points on the lower front which are outside a crowding distance
end for
Present results
Figure 12. Pseudo-code for the proposed NSCS

This section will explain the Better-non-dominated-sort procedure. As previously detailed in
Definition 1, page 6, the Pareto dominance has the properties of irreflexion and transitivity,
which is proven in Shi et al. (2005) and shown in Definition 2 and Definition 3.
DEFINITION 2 (Irreflexion): Let a, b and c be three vectors where
If Pareto dominance is reflexive, there exists and
.
According to Definition 1, there exists and
, but it is impossible. Therefore, Pareto
dominance must be irreflexive.
DEFINITION 3 (Transitivity): Let a, b and c be three vectors where
If
and
and
. According to Definition 1 the Pareto dominance gives,
dominance is transitive.

, i.e. Pareto

Utilizing these three definitions there exist three different values to describe the relationship
between two multi-objective solutions. The values are presented in the Better function
which is formulated in Definition 4:
DEFINITION 4 (Better function):
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The Better function is symmetrical, if
then
and if
then
. This property is shown in Table 1, where the
nodes are compared as rows versus columns. Symmetry in Better also reflects the irreflexion
property of Pareto dominance Shi et al. (2005).
Table 1. Relationships of Better nodes exhibiting symmetry

Better(,) x1 x2 x3 x4
x1
x2
x3
x4

0
0
2
0

0
0
1
2

1
2
0
1

0
1
2
0

The other property Better function shares with Pareto dominance is transitivity, i.e.
and
, then
. Transitivity is more
complex than irreflexion depending on the different outcomes of the Better function. In
Table 2, a transitivity table is presented where the column index represents
,
the row index represents
and other data denote the different outcome
of
.
Table 2. Transitivity of Better function

0
1
2
0 0,1,2 0,1
0,2
1 0,1
1
0,1,2
2 0,2 0,1,2
2

This property can be used to reduce the number of evaluations needed in the Better-nondominated-sorting-algorithm.
If
and
,
then
, or rather, if x1 dominates x2 and x2 is non-dominated with x3, then
x3 can not dominate x1. In the best possible case, this reduces the number of comparisons by
a factor of 5/18. For further information and pseudo-code about Better-non-dominatedsorting-algorithm, see Shi et al. (2005).
This hybridization between NSGA-II and CS called NSCS simplifies NSGA-II by removing one of
the operators and replacing it with only the Lévy flights. NSCS uses the non-dominated
sorting and crowding distance used in the original algorithm but improves on the calculation
time needed by using the Better function and the search power by utilizing Lévy flights. In
the next chapter, the algorithms will be tested against various test problems.
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5. Comparison
This chapter of the thesis will validate, verify and compare the different algorithms
implemented. A number of different test problems with increasing difficulty will be used to
compare the efficacy of the algorithms. Finally, the chapter ends with a discussion of the test
results and the selection of a winning algorithm to be used in a real-world problem.
For these experiments, all code is written in C# and executed on an Intel Core2 Q9400 Quad
CPU with each core running at 2.66 GHz and with a total of 3.49 GB RAM. The Quad Core will
not have an effect on the test due to the algorithms not being optimized for parallelized
running. The NSGA-II implementation used is a conversion of a Java implementation written
by Melcher (2007), where the source code also can be found.
Both algorithms will be tested on the travelling salesman problem (TSP) in order to verify
their efficiency dealing with combinatorial problems. The TSP problem used is a symmetrical
TSP in 2D named berlin52 from Reinelt (2008), which was chosen due to the similar number
of parameters to the real-world problem later discussed. The objective of a symmetrical TSP
in 2D is to find the shortest route between a number of points, while only going through
each point once, and then returning to the starting point. The distance between the points
are measured through Euclidean distance as shown below in Equation (5.2). Partially
mapped crossover and the swap mutation operator are used together with NSGA-II in the
TSP test problems. VECS and NSCS use a swap operator utilizing the Lévy flights to determine
the indices to swap.
The proposed multi-objective test problems with which to verify and validate the algorithms
are ZDT1-4 and ZDT6. The ZDT problems are well described in literature and have been used
in several studies, notably Deb et al. (2002) and Carvalho et al. (2009). Here they are
presented in
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Table 3, where objective functions, type of Pareto front, optimal solution and number of
parameters, n, are shown.

Simon Lidberg

2011-10-05

26

Evolving Cuckoo Search

UNIVERSITY OF SKÖVDE

From single-objective to multi-objective

School of Informatics and Society

Table 3. Test-problems used in the study

n

Objective function

Optimal
solution

Pareto
Front

ZDT1

30

Convex

ZDT2

30

Nonconvex

ZDT3

30

Convex,
disconnect
ed

ZDT4

10

Nonconvex

10

Nonconvex,
nonuniformly
spaced

ZDT6

Parameters used for these test problems for NSGA-II are population size 100,
MaxGenerations 250, crossover probability 0.9 and mutation probability 1/n as published in
Deb (2001). The crossover operator is SBX and the mutation operator is PMO with
distribution indices in accordance with the original article by Deb et al. (2002).
Afterwards, the same test problems as NSGA-II are used to evaluate the changes made to CS
to make it multi-objective, while using the same population size and maximum number of
generations. Metrics used to validate the algorithms are convergence to PFtrue, and the
spread of solutions in PFcurrent.
The convergence performance measure is described in Carvalho et al. (2009). As the name
implies, it measures the extent of convergence to PFtrue, and can as such only be used on
problems where the true Pareto front is known. A set of 500 uniformly spread solutions is
placed on PFtrue and denoted PF*, and the closeness of the generated set of solutions to
PFtrue is calculated with Equation (5.1) and called Generational Distance (GD). Q in the
previously mentioned equation represents the set of generated solutions.
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(5.1)

In the dividend, each of the generated solutions in Q is compared against all solutions on
PF*. The Euclidean distance between
and the nearest member of PF* is calculated as
which is explained in Equation (5.2) below.

(5.2)

The difference between the selected individual’s fitness and the Pareto front is calculated by
means of Euclidean distance. Only the shortest distance is returned where M is the set of
objectives and k represents one point on the PF*. A smaller value is more preferable and
zero is the best possible value for GD.
The second performance metric used measures the spread of the generated solutions and is
described in Deb (2001). Euclidean distance is also used in this metric, although in this metric
the distance is measured between one solution and the subsequent solution on the current
front. The formula for calculating the second performance metric, the spread of the
solutions, is shown in Equation (5.3).

(5.3)

Three previously unmentioned parameters exist in the above equation, , and . The
first two, and , are calculated based on the extreme boundary solutions to PFtrue and
the corresponding boundary solutions in PFcurrent. Lastly, the third and final parameter is the
mean value of all computed distance measures across PFcurrent. The spread performance
metric should preferably also be as low as possible, with optimum at zero.
A graphical utility for performing the tests has been developed and is explained in Appendix
1. Each test is run for 10 replications and the averages of the performance metrics will be
used as the measurement of the algorithm’s efficacy in the next section.
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5.1. Test results
This section of the thesis will present and analyze the performance of the algorithms
developed and described in the previous sections. The result section is divided into
continuous test problems and combinatorial test problems.
5.1.1. Continuous test problem results and analysis
The table presented below, Table 4, shows the problems, the two performance measures
and which algorithm produced the result. The performance metric is presented with both
mean and variance and the best metric for each test is marked in bold face. Additionally, the
performance metric from the original NSGA-II article is included as a comparison abbreviated
as Org. NSGA-II. Finally, a ranking of the performance metrics is included, rewarding the best
performing algorithm the rank of one followed by the other algorithms.
Table 4. Test results for ZDT

Problem

ZDT1

ZDT2

ZDT3

ZDT4

ZDT6

Algorithm
NSGA-II in C#
Org. NSGA-II
VECS
NSCS
NSGA-II in C#
Org. NSGA-II
VECS
NSCS
NSGA-II in C#
Org. NSGA-II
VECS
NSCS
NSGA-II in C#
Org. NSGA-II
VECS
NSCS
NSGA-II in C#
Org. NSGA-II
VECS
NSCS

Ranking

Performance
Convergence
0,037582
0,033482
0,193623
0,002561
0,030753
0,072391
0,303316
0,003855
0,001460
0,114500
0,191050
0,001149
0,075159
0,513053
2,646984
0,000437
0,002848
0,296564
0,582420
0,085899

0,007434
0,004750
0,004696
0,000131
0,009093
0,031689
0,268823
0,000242
0,000504
0,007940
0,192644
0,000071
0,051662
0,118460
1,200065
0,000408
0,001887
0,013135
0,162562
0,028350

Spread
0,613663
0,390307
0,677237
0,613206
0,684501
0,430776
1,155860
0,649924
0,615773
0,738540
0,986995
0,616611
0,700399
0,702612
1,372073
0,623540
0,616384
0,668025
1,090973
0,675200

0,034811
0,001876
0,055196
0,035492
0,093369
0,004721
0,283012
0,037670
0,046441
0,019706
0,020409
0,028245
0,107154
0,064648
0,123328
0,050332
0,040211
0,009923
0,149134
0,084925

C

S

3
2
4
1
2
3
4
1
2
3
4
1
2
3
4
1
1
3
4
2

3
1
4
2
3
1
4
2
1
3
4
2
2
3
4
1
1
2
4
3

As previously explained, the optimum values for both performance metrics are zero, which
no algorithm achieved on any test. NSCS performs well in these tests, achieving four out of
five of the best results for the convergence metric. ZDT6 offered the most difficult problem
for NSCS by way of convergence, where the C# implementation of NSGA-II performed better
by a magnitude of two. In Table 5, a summation of the ranking obtained in Table 4 is
performed, where a lower score is more preferable.
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Table 5. Ranking of algorithms

Metric

Algorithm
ZDT1 ZDT2 ZDT3 ZDT4 ZDT6 Result
NSGA-II in C#
3
2
2
2
1
10
Org. NSGA-II
2
3
3
3
3
14
Convergence
VECS
4
4
4
4
4
16
NSCS
1
1
1
1
2
6
NSGA-II in C#
3
3
1
2
1
10
Org. NSGA-II
1
1
3
3
2
10
Spread
VECS
4
4
4
4
4
16
NSCS
2
2
2
1
3
10

The above table presents a clear case for the convergence of NSCS with the C#
implementation of NSGA-II in second place. Results for the original NSGA-II and VECS on the
convergence metric are consistent enough for them to not be mentioned in this discussion.
Only ZDT6 proved to be a challenge for the convergence of NSCS, losing out against the C#
implementation of NSGA-II with a considerably large margin. Figure 13 and Figure 14 shows
the difference of the two algorithms on this test problem.

Figure 13. Graphical representation of ZDT6 with NSGA-II

ZDT6 offers two difficulties caused by the nonunformity of the search space. The global
Pareto front is biased for solutions for which the first function value is near one which
results in Pareto optimal solutions being nonuniformly distributed along the global Pareto
front. Additionally, the density of the solutions is lowest near the Pareto optimal front and
highest away from the front according to Zitzler et al. (2000). Most probably, the use of a
crossover operator in NSGA-II is beneficial in this case. Parameter sensitivity studies have not
been performed, the result of NSCS could possibly be improved with a different step size.
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Figure 14. Graphical representation of ZDT6 with NSCS

With the convergence metric covered, focus now switches to analyzing the spread metric.
The ranking in Table 5 adds nothing other than the conclusion that VECS performs the worst.
In general, the spread metric, for all algorithms other than VECS, shows similar results. For
ZDT1 and ZDT2, the original algorithm results for NSGA-II is vastly superior to the others
which could be explained by errors in the programming, but further testing has not found
indication of this. Still, the large discrepancy is noteworthy.
5.1.2. Combinatorial test problem results and analysis
In Table 6, the test results for the TSP Berlin-52 are displayed. The performance metric used
is the previously described minimum distance achieved as a median value of ten replications.
Only the C# version of NSGA-II is used in this test problem due to lack of comparable values
in the original NSGA-II article.
Table 6. Test results for TSP

Problem

Algorithm

NSGA-II in C#
VECS
TSP Berlin-52
NSCS

Performance
Min. Distance
10961
31337
21716

NSGA-II is here used with PMX and the swap mutation operator as previously explained. The
results show that PMX is vastly superior when used in combinatorial test problems
compared to only using swap as the others do.
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5.2. Comparison conclusions
NSCS has proven to be effective when the test problem is of a continuous nature due to use
of the efficient Lévy flight method to generate values. The algorithm outperforms both the
NSGA-II implementation and the newly proposed VEGA hybrid VECS for continuous test
problems. For combinatorial problems, NSCS is not as efficient as compared to specialized
solutions such as NSGA-II with PMX. The Lévy flight pattern is not suited to be used as a basis
for swap mutation. The next passage will evaluate the efficacy of the algorithms in a realworld engineering problem.
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6. Cuckoo Search applied to real-world MOCO problem
This chapter of the thesis will test the previously selected algorithm on a real-world problem
from the manufacturing domain. The problem will be a multi-objective combinatorial
optimization (MOCO) problem. At first, the problem will be introduced to the reader,
followed by a description of the implementation and lastly the result of the tests and a
discussion.

6.1. Problem definition
The problem can be found in Syberfeldt (2009), and consists of a multi-task cell used to
manufacture aircraft and gas turbine engine components. The objective of this problem is to
minimize lead time for the products through the cell and to minimize the total delay of the
products. In order to evaluate the lead time and the total delay, a simulation model of the
multi-task cell is used, which can be seen in Figure 15.

Figure 15. Simulation model used in the optimization

The search space of the combinatorial problem in question is 56 unique decision variables
which represents the order of operations that should be carried out. Currently, a hillclimbing algorithm is implemented to optimize this flow, and as such it will be included as a
comparison when evaluating the new algorithms to measure improvements.
Each algorithm will be given 500 evaluations for ten replications in the first test and 2000
evaluations for ten replications in the second. The second test will not encompass all the
possible combinations of mutation percentages and operators. This is because the main
objective of the second test is to see how the algorithm progresses when executed for
extended periods of time.
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The computed average of these replications will be used as the result value. The hill-climbing
algorithm will evaluate each objective individually, and so will VECS. NSGA-II and NSCS will
optimize against both objectives at the same time using the same parameters as in chapter
5. for combinatorial problems. For this real-world combinatorial problem additional
operators are used in the study, namely swap range mutation, scramble mutation and order
crossover. Previously explained operators are also used, that is, swap mutation and PMX
crossover for NSGA-II and a modified Lévy flight for NSCS. A graphical user interface has
been developed to simplify testing, and an example can be seen in Figure 16, where it is
possible to change algorithms, parameters and operators to be used in the optimization.

Figure 16. Standalone GUI

Worth noting in the next section is that swap mutation checks each parameter for every
individual against the mutation probability. Swap range and scramble checks against each
individual for the possibility of mutation. If swap range and scramble occurs, they will
change a larger portion of the genome. The next section will compare the different options
and algorithms against one another.

6.2. Results
A results table for the previously mentioned problem can be seen in Table 7, where both
performance measures are displayed together with algorithm, type of crossover, type of
mutation and the mutation probability. The best values for each algorithm are marked in
bold face. The mutation probability holds true for all types except for NSCS, which instead
utilizes AbandonNest and abandons the percentage of nests.
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Table 7. MOCO result for 500 evaluations

Algorithm

Crossover

Mutation

Swap

PMX

Swap Range

Scramble
NSGA-II
Swap

Order

Swap Range

Scramble
Hill-Climb

None

None

NSCS

AbandonNest

Lévy flight

Percentage
2%
5%
10%
15%
5%
10%
15%
20%
5%
10%
15%
20%
2%
5%
10%
15%
5%
10%
15%
20%
5%
10%
15%
20%
None
5%
10%
20%
40%

Performance
Delay
Lead time
3293,911 2446,008
3301,498 2466,988
3285,534 2452,801
3322,021 2489,943
3349,470 2513,640
3312,855 2495,598
3341,2073 2513,067
3380,381 2493,129
3364,071 2495,325
3331,361 2452,493
3335,080 2496,738
3351,557 2485,963
3330,533 2477,533
3354,597 2501,037
3337,4643 2496,377
3311,148 2482,627
3389,508 2526,933
3370,068 2523,922
3368,2052 2528,794
3382,571 2547,735
3387,900 2548,300
3396,064 2556,446
3370,4497 2539,540
3357,716 2478,046
3320,510 2492,018
3388,767 2540,125
3369,529 2519,918
3350,864 2509,802
3324,826 2483,012

After testing with 500 evaluations, the best combinations for each algorithm were selected
and additional testing was made with a larger number of evaluations. A larger number of
evaluations are of great importance to a population based algorithm like NSGA-II or NSCS.
For each generation of these two algorithms, a fixed number of evaluations are expended
unlike Hill-Climbing where each evaluation is more akin to a whole generation. To alleviate
this issue, a comparison has been made with 2000 evaluations in Table 8 using the best
settings obtained from the previous test.
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Table 8. MOCO result for 2000 evaluations

Algorithm

Crossover

Mutation

Percentage

NSGA-II
Hill-Climb
NSCS

PMX
None
AbandonNest

Swap
None
Lévy flight

2%
None
40%

Performance
Delay
Lead time
3230,241 2404,053
3293,940 2458,268
3292,088 2466,691

6.3. Result discussion
The results in the previous section indicates that NSGA-II outperforms the current solution,
Hill-climbing, and the proposed solution NSCS in both performance measures. In the second,
longer, test, NSGA-II is used with swap mutation using 2% mutation probability despite
mutation probability of 10% showed promise in the shorter test for one performance metric.
2% is still used due to the support from literature in favor of the factor previously
mentioned.
When increasing the number of evaluations to 2000, the result of every algorithm improves.
For NSGA-II, delay is decreased by 62 units and lead time is decreased by 42 which make
NSGA-II the algorithm that benefitted most from the additional evaluations. For comparison,
NSCS decreased delay by 33 and lead time by 16 and the corresponding numbers for HillClimb are 27 and 34. In the short evaluation, NSCS outperforms Hill-Climb on the lead time
objective. This is due to Hill-Climb optimizing on one objective at a time, focusing on delay
and after a number of generations of not improving the result it changes focus to lead time.
In the long evaluation, Hill-Climb improves the result for both metrics and outperforms NSCS
on the lead time objective but NSCS performs better on the delay objective.
This concludes testing made for the real-world MOCO problem. The thesis will now continue
with general discussion and conclusions.
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7. Conclusions
This chapter will conclude the thesis with a re-iteration of the progress made and a discussion
about the results received. Lastly it will end with a sub-section discussing possible future
work.

7.1. Conclusions
Two hybrids of Cuckoo Search have been developed in order to utilize the algorithms
efficient search and adapt it to multi-objective problems. The two algorithms chosen are
VEGA and NSGA-II. VEGA was chosen because of the simple workings and nature-inspired
origins which resonated well with the original idea of CS. NSGA-II were chosen because of its
status as the de facto algorithm to benchmark against. The two hybrids are called VECS and
NSCS.
A test framework was built in order to validate the implementations and to test against
established test problems, both graphically and numerically. The implementation of this
framework was the major time portion of the thesis, writing code for the GUI and
hybridization of the CS algorithms. The results of the tests have then been analyzed and the
algorithm’s efficacy compared. Finally, the algorithms are then tested against a real-world
multiobjective combinatorial optimization problem described in literature. The real-world
problem was also problematic as it meant having to use and modify code already in place to
interface with the simulation model.
The results are favorable for NSCS when run on continuous test problems. VECS was not an
efficient implementation, it suffers from speciation and lack of convergence. NSCS was not
efficient when used on combinatorial test problems, neither ones described in literature or
the tested real-world problem. The conclusion of this thesis is the successful hybridization
between NSGA-II and CS called NSCS in order to adapt CS to multi-objective optimization
problems.

7.2. Future work
A large issue with the real-life combinatorial problem is the execution time of the simulation
model which provides the fitness value to the optimization engine. By further research into
an approximation model of the simulation, i.e. an artificial neural network or fuzzy logic
system, significant gains could be made towards reducing the computational time needed
for the simulation. Initial testing resulted in execution times several magnitudes lower than
the simulation model. Due to difficulties in training and verification of the ANN, these plans
had to be abandoned.
Another issue arises with the use of multi-objective optimization. Usually, there is no longer
a single solution that will be produced by the optimization engine, instead a set of solutions
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are generated on the Pareto optimal front. To be able to more easily select a solution that
fits the current need of the manufacturing line, research could be made into incorporating
pre-expressed user preferences for easier decision making by DM. One example of this
would be to implement an expert system.

Simon Lidberg

2011-10-05

38

Evolving Cuckoo Search

UNIVERSITY OF SKÖVDE

From single-objective to multi-objective

School of Informatics and Society

References
Carvalho, A.G. and Araujo, A.F.R. (2009) 'Improving NSGA-II with an Adaptive Mutation
Operator', GECCO.
Coello Coello, C.A., Lamon, G.B. and Van Veldhuizen, D.A. (2007) Evolutionary Algorithms for
Solving Multi-Objective Problems, 2nd edition, Springer Science+Business Media LLC.
Dawkins, R. (1989) The Selfish Gene, 30th edition, New York: Oxford University Press Inc.
Deb, K. (2001) Multi-Objective Optimization using Evolutionary Algorithms, 2009th edition,
Chichester: John Wiley & Sons, Ltd.
Deb, K. and Agrawal, R.B. (1995) 'Simulated Binary Crossover for Continous Search Space',
Complex systems, vol. 9, pp. 115-148.
Deb, K., Pratap, A., Agarwal, S. and Meyarivan, T. (2002) 'A Fast and Elitist Multi-Objective
Genetic Algorithm: NSGA-II', Evolutionary Computation, IEEE Transactions on, vol. VI, no. 2,
Apr, pp. 182-197.
Floreano, D. and Mattiussi, C. (2008) Bio-inspired artificial intelligence: theories, methods,
and technologies, Cambridge: The MIT Press.
Goldberg, D.E. and Lingle, R. (1985) 'Alleles, Loci and the Travelling Salesman Problem',
Proceedings of the First International Conference on Genetic Algorithms and Their
Applications, NJ, 154-159.
Gutowski, M. (2001) 'Lévy flights as an underlying mechanism for global optimization
algorithms', Optimization, vol. 8.
Jaszkiewicz, A. (2002) 'Genetic local search for multi-objective combinatorial optimization',
European Journal of Operational Research, vol. 137, no. 1, February, pp. 50-71.
Leccardi, M. (2005) 'Comparison of Three Algorithms for Lèvy Noise Generation', ENOC'05
(Fifth EUROMECH Nonlinear Dynamics Conference), Mini Symposium on Fractional
Derivatives and Their Applications.
Mantegna, R.N. (1994) 'Fast, accurate algorithm for numerical simulation of Levy stable
stochastic processes', Physical Review E., vol. 49, pp. 4677-4683.
Melcher, J. (2007) Java Nondominated Sorting Genetic Algorithm 2 (JNSGA2), 11 Sep,
[Online], Available: http://sourceforge.net/projects/jnsga2/files/ [1 June 2011].

Simon Lidberg

2011-10-05

39

Evolving Cuckoo Search

UNIVERSITY OF SKÖVDE

From single-objective to multi-objective

School of Informatics and Society

Reinelt, G. (2008) TSPLIB, 8 August, [Online],
heidelberg.de/software/TSPLIB95/ [2 June 2011].

Available:

http://comopt.ifi.uni-

Schaffer, J.D. (1985) 'Multiple Objective Optimization with Vector Evaluated Genetic
Algorithms', Genetic Algorithms and their Applications: Proceedings of the First International
Conference on Genetic Algorithms, Hillsdale, New Jersey, 93-100.
Schaffer, J.D. and Grafenstette, J.J. (1985) 'Multiobjective Learning via Genetic Algorithms',
Proceedings of the 9th International Joint Conference on Artificial Intelligence (IJCAI-85), Los
Angeles, California, 593-595.
Shi, C., Chen, M. and Shi, Z. (2005) 'A Fast Nondominated Sorting Algorithm', Neural
Networks and Brain, International Conference on, Beijing, 1605-1610.
Syberfeldt, A. (2009) 'A multi-objective evolutionary approach to simulation-based
optimisation of real-world problems', Doctoral dissertation, De Montfort University.
Tan, K.C., Goh, C.K., Yang, Y.J. and Lee, T.H. (2006) 'Evolving better population distribution
and exploration in evolutionary multi-objective optimization', European Journal of
Operational Research, no. 171, pp. 463-495.
Ting, C.-K., Su, C.-H. and Lee, C.-N. (2010) 'Multi-parent extension of partially mapped
crossover for combinatorial optimization problems', Expert Systems with Applications, vol.
37, pp. 1879-1886.
Van Veldhuizen, D.A. and Lamon, G.B. (2000) 'Multiobjective Evoluationary Algorithms:
Analyzing the State-of-the-Art', Evolutionary Computation, vol. 8, no. 2, pp. 125-147.
Viswanathan, G.M., Buldyrev, S.V., Havlin, S., da Luz, M.G.E., Raposo, E.P. and Eugene
Stanley, H. (1999) 'Optimizing the success of random searches', Letters to Nature, no. 401,
October, pp. 911-914.
Yang, X.-S. (2010) Nature-Inspired Metaheuristic Algorithms, 2nd edition, Cambridge: Leniver
Press.
Yang, X.-S. and Deb, S. (2009) 'Cuckoo Search via Levy Flights', Proc. of World Congress on
Nature & Biologically Inspired Computing, India, 210-214.
Yang, X.-S. and Deb, S. (2010) 'Engineering Optimisation by Cuckoo Search', International
Journal of Mathematical Modelling and Numerical Optimisation, vol. 1, no. 4, pp. 330-343.
Zitzler, E., Deb, K. and Thiele, L. (2000) 'Comparison of Multiobjective Evolutionary
Algorithms: Empirical Results', Evolutionary Computation, vol. 8, no. 2, pp. 173-195.

Simon Lidberg

2011-10-05

40

Evolving Cuckoo Search

UNIVERSITY OF SKÖVDE

From single-objective to multi-objective

School of Informatics and Society

Zitzler, E. and Thiele, L. (1998) 'An Evolutionary Algorithm for Multiobjective Optimization:
The Strength Pareto Approach', Technical Report 43.

Simon Lidberg

2011-10-05

41

Evolving Cuckoo Search

UNIVERSITY OF SKÖVDE

From single-objective to multi-objective

School of Informatics and Society

Appendix 1. Test GUI

The above image illustrates the GUI, written in C#, used for testing the algorithms on
different test problems. Possible settings are population size, number of generations,
crossover/mutation probability, type of algorithm and type of test problem. After evaluation
has finished, all the generations are listed to show the convergence and spread of solutions.
Inspection of each generation on the graph is possible by choosing a generation from the
drop-down list. The true Pareto front is included as a solid red line on each view to provide
an easy visual comparison.
When running a batch of evaluations, the mean and variance of all ten evaluations will be
displayed below the chart along with computational time needed. On the right side of the
GUI a tree node has been used to store the performance metrics of each generation which
can be seen in the following image.
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Appendix 2. Sample code and UML
This appendix will detail some of the source code of the project, most notably the code
implementing NSCS and VECS. Firstly, the implementation of the basic functionality of the
Lévy flight is detailed.
/// <summary>
/// Calculate the step length distributed with a Lévy Distribution.
/// </summary>
/// <returns>the step length distributed as a Lévy Distribution</returns>
protected internal double LevySteps()
{
// The value of sigma to use as standard deviation in the generation of the
normally distributed value u. Here BETA is set to 1,5.
double sigma = Math.Pow(((gamma(1+BETA)*Math.Sin(Math.PI*(BETA/2)))/
(gamma((1+BETA)/2)*BETA*Math.Pow(2,((BETA-1)/2)))),(1/BETA));
double u = SimpleRNG.GetNormal(0, sigma);
double v = Cscsharp.RandomNormal;
double step = u / (Math.Pow(Math.Abs(v), (1 / BETA)));
return step;
}

The above function is the calculation of the Lévy step used in the Lévy Flight below. It uses
the calculation found in Yang (2010). This code snippet is followed by an implementation of
the method LévyFlight. This method is and specific for each problem to be solved. The
steplength for the particular problem is multiplied by the randomized value from the Lévy
distribution from LevySteps. The result, which can be either positive or negative, is then
rounded off to seven digits to avoid clumping together solutions in close proximity.
/// <summary>
/// Perform a levyFlight.
/// Uses the function <code>levySteps</code> to get step size.
/// </summary>
protected override void LevyFlight()
{
for (int i = 0; i < X.Length; i++)
{
// The actual random walks or flights.
// Positive or negative step
X[i] += Math.Round(Steplength * LevySteps() * Cscsharp.RandomNormal, 7);
// Apply the boundaries to the variable.
X[i] = ApplyBounds(X[i]);
}
// Update the fitness of the solution
UpdateFitness();
}

The original NSGA-II article details a way to create the new population. The below method
mimics the original method with the big difference being the way the cloning is
implemented and how the new solutions are generated. In the NSCS implementation the
Lévy flight method is used to perturb the newly generated nests which are then added to the
new child population.

Simon Lidberg

2011-10-05

44

Evolving Cuckoo Search

UNIVERSITY OF SKÖVDE

From single-objective to multi-objective

School of Informatics and Society

private List<Nest> makeNewPopulation(List<Nest> oldpop)
{
if (oldpop == null)
{
throw new System.ArgumentException("'individuals' must not be null.");
}
if (oldpop.Count % 4 != 0)
{
throw new System.ArgumentException("Size of 'individuals' must be divisible by
four.");
}
List<Nest> newPopulation = new List<Nest>();
// tournament selection and levy flight
Nest[] a1 = new Nest[oldpop.Count];
Nest[] a2 = new Nest[oldpop.Count];
for (int i = 0; i < oldpop.Count; i++)
{
a1[i] = oldpop[i];
a2[i] = oldpop[i];
}
for (int i = 0; i < oldpop.Count; i++)
{
int randomIndex = randomNumber(i, oldpop.Count);
Nest temp = a1[randomIndex];
a1[randomIndex] = a1[i];
a1[i] = temp;
randomIndex = randomNumber(i, oldpop.Count);
temp = a2[randomIndex];
a2[randomIndex] = a2[i];
a2[i] = temp;
}

for (int i = 0; i < oldpop.Count; i += 4)
{
Nest parent1 = binaryTournament(a1[i], a1[i + 1]);
Nest parent2 = binaryTournament(a1[i + 2], a1[i + 3]);
Nest child1 = (Nest)parent1.CloneNest();
Nest child2 = (Nest)parent2.CloneNest();
child1.LevyFlight();
child2.LevyFlight();
newPopulation.Add(child1);
newPopulation.Add(child2);
parent1 = binaryTournament(a2[i], a2[i + 1]);
parent2 = binaryTournament(a2[i + 2], a2[i + 3]);
child1 = (Nest)parent1.CloneNest();
child2 = (Nest)parent2.CloneNest();
child1.LevyFlight();
child2.LevyFlight();
newPopulation.Add(child1);
newPopulation.Add(child2);
}
return newPopulation;
}
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The fast non dominated sort specified below can be performed either with the Better
function or the regular sorting done in NSGA-II, this is chosen in the user interface.
///<summary> Makes a fast non-domination sort of the specified individuals.
///The method returns the different domination fronts in ascending order
///by their rank and sets their rank value.</summary>
///<param name="nests"> individuals to sort </param>
///<returns> domination fronts in ascending order by their rank </returns>
private static List<List<Nest>> fastNonDominatedSort(List<Nest> nests)
{
if (nests == null)
{
throw new System.ArgumentException("'individuals' must not be null.");
}
List<List<Nest>> dominationFronts = new List<List<Nest>>();
Dictionary<Nest, List<Nest>> nest2DominatedNests = new Dictionary<Nest,
List<Nest>>();
Dictionary<Nest, int?> nest2NumberOfDominatingNests = new Dictionary<Nest,
int?>();
if (better) // Use Better-function
{
int[,] betterMatrix = new int[nests.Count, nests.Count];
for (int i = 0; i < nests.Count - 1; i++)
{
int calc = calBetter(nests[i], nests[i + 1], 0);
switch (calc)
{
case 0: betterMatrix[i, i + 1] = calc;
betterMatrix[i + 1, i] = 0; break;
case 1: betterMatrix[i, i + 1] = calc;
betterMatrix[i + 1, i] = 2; break;
case 2: betterMatrix[i, i + 1] = calc;
betterMatrix[i + 1, i] = 1; break;
}
nest2DominatedNests.Add(nests[i], new List<Nest>());
nest2NumberOfDominatingNests.Add(nests[i], 0);
}
nest2DominatedNests.Add(nests[nests.Count - 1], new List<Nest>());
nest2NumberOfDominatingNests.Add(nests[nests.Count - 1], 0);
int calcnew;
for (int i = 2; i < nests.Count; i++) // For each nest
{
for (int j = 0; j < nests.Count - i; j++) // Work through the matrix
{
int k = randomNumber(j + 1, i + j);
switch (betterMatrix[j, k])
{
case 0: switch (betterMatrix[k, i + j])
{
case 0: calcnew = calBetter(nests[j], nests[i + j], 0);
betterMatrix[j, i + j] = calcnew; break;
case 1: calcnew = calBetter(nests[j], nests[i + j], 2);
betterMatrix[j, i + j] = calcnew; break;
case 2: calcnew = calBetter(nests[j], nests[i + j], 1);
betterMatrix[j, i + j] = calcnew; break;
} break;
case 1: switch (betterMatrix[k, i + j])
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{
case 0: calcnew = calBetter(nests[j], nests[i + j], 2);
betterMatrix[j, i + j] = calcnew; break;
case 1: betterMatrix[j, i + j] = 1; break;
case 2: calcnew = calBetter(nests[j], nests[i + j], 0);
betterMatrix[j, i + j] = calcnew; break;
} break;
case 2: switch (betterMatrix[k, i + j])
{
case 0: calcnew = calBetter(nests[j], nests[i + j], 1);
betterMatrix[j, i + j] = calcnew; break;
case 1: calcnew = calBetter(nests[j], nests[i + j], 0);
betterMatrix[j, i + j] = calcnew; break;
case 2: betterMatrix[j, i + j] = 2; break;
} break;
}
switch (betterMatrix[j, i + j])
{
case 1: nest2DominatedNests[nests[j]].Add(nests[i + j]);
nest2NumberOfDominatingNests[nests[i + j]] += 1; break;
case 2: nest2DominatedNests[nests[i + j]].Add(nests[j]);
nest2NumberOfDominatingNests[nests[j]] += 1; break;
}
}
}
foreach (Nest nest in nests)
{
if (nest2NumberOfDominatingNests[nest] == 0)
{
// p belongs to the first front
nest.Rank = 1;
if (dominationFronts.Count == 0)
{
List<Nest> firstDominationFront = new List<Nest>();
firstDominationFront.Add(nest);
dominationFronts.Add(firstDominationFront);
}
else
{
List<Nest> firstDominationFront = dominationFronts[0];
firstDominationFront.Add(nest);
}
}
}
int l = 1;
while (dominationFronts.Count == l)
{
List<Nest> nextDominationFront = new List<Nest>();
foreach (Nest individualP in dominationFronts[l - 1])
{
foreach (Nest individualQ in nest2DominatedNests[individualP])
{
nest2NumberOfDominatingNests[individualQ] -= 1;
if (nest2NumberOfDominatingNests[individualQ] == 0)
{
individualQ.Rank = l + 1;
nextDominationFront.Add(individualQ);
}
}
}
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l++;
if (nextDominationFront.Count != 0)
{
dominationFronts.Add(nextDominationFront);
}
}
}
else
{
foreach (Nest individualP in nests)
{
nest2DominatedNests.Add(individualP, new List<Nest>());
nest2NumberOfDominatingNests.Add(individualP, 0);
foreach (Nest individualQ in nests)
{
if (individualP.Dominates(individualQ))
{
nest2DominatedNests[individualP].Add(individualQ);
}
else
{
if (individualQ.Dominates(individualP))
{
nest2NumberOfDominatingNests[individualP] += 1;
}
}
}
if (nest2NumberOfDominatingNests[individualP] == 0)
{
// p belongs to the first front
individualP.Rank = 1;
if (dominationFronts.Count == 0)
{
List<Nest> firstDominationFront = new List<Nest>();
firstDominationFront.Add(individualP);
dominationFronts.Add(firstDominationFront);
}
else
{
List<Nest> firstDominationFront = dominationFronts[0];
firstDominationFront.Add(individualP);
}
}
}
int l = 1;
while (dominationFronts.Count == l)
{
List<Nest> nextDominationFront = new List<Nest>();
foreach (Nest individualP in dominationFronts[l - 1])
{
foreach (Nest individualQ in nest2DominatedNests[individualP])
{
nest2NumberOfDominatingNests[individualQ] -= 1;
if (nest2NumberOfDominatingNests[individualQ] == 0)
{
individualQ.Rank = l + 1;
nextDominationFront.Add(individualQ);
}
}
}
l++;
if (nextDominationFront.Count != 0)
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{
dominationFronts.Add(nextDominationFront);
}
}
}
return dominationFronts;
}

Method to reverse the better value, if one dominates the other, the dominated one gets a 1
and the other gets a 2 to use in the Better matrix.
private static int reverseBetter(int calcnew)
{
int result;
switch (calcnew)
{
case 0: result = 0; break;
case 1: result = 2; break;
default: result = 1; break;
}
return result;
}

The method below is used in the calculation of the Better function. It determines nondomination according to the Better matrix.
private static int calBetter(Nest nest, Nest nest_2, int p)
{
int result;
if (p == 0)
{
if (nest.Dominates(nest_2))
{
result = 1;
}
else if (nest_2.Dominates(nest))
{
result = 2;
}
else
{
result = 0;
}
}
else if (p == 1)
{
if (dominates(nest, nest_2))
{
result = 0;
}
else
{
result = 2;
}
}
else if (p == 2)
{
if (dominates(nest_2, nest))
{
result = 0;
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}
else
{
result = 1;
}
}
else
{
result = 4;
}
return result;
}

Next follows the code for VECS:
/// <summary>
/// Method for evaluating a MO problem with VECS.
/// </summary>
/// <param name="pop">the starting population to evolve</param>
/// <returns>the current best solutions</returns>
public List<Nest> startEvaluationVECS(List<Nest> pop)
{
//Set initial population
CurrPop = BestSolutions = pop;
List<List<Nest>> subPopulations = new List<List<Nest>>();
// Create subpopulations according to the number of objectives.
for (int i = 0; i < CurrPop[0].Fitness.Length; i++)
{
subPopulations.Add(new List<Nest>());
}
int CurrGen = 0; // Current generation counter
// While CurrGen < NrGen or other stop criterion
while (CurrGen < NrGen && !isCancelled())
{
// Report the current best
if (Listener != null)
{
Listener.performCSEvent(new CSEventArgs(this, createCopy(CurrPop),
CurrGen));
}
foreach (List<Nest> list in subPopulations)
{
list.Clear();
}
int numInd = (CurrPop.Count / 2);
for (int i = 0; i < subPopulations.Count; i++)
{
for (int j = 0; j < numInd; j++)
{
subPopulations[i].Add(CurrPop[j].CloneNest());
}
CurrPop.RemoveRange(0, numInd);
}
// Evaluation and discovery
Parallel.For(0, subPopulations.Count, i =>
{
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foreach (Nest nest in subPopulations[i])
{
nest.UpdateFitness(i);
}
subPopulations[i].Sort(new FitnessValueComparator(i));
abandonNest(subPopulations[i]);
});
// Recombination and shuffling of populations.
CurrPop.Clear();
foreach (List<Nest> nestList in subPopulations)
{
CurrPop.AddRange(nestList);
}

Shuffle<Nest>(CurrPop); // Shuffle individuals.
// LevyFlight
Parallel.For(0, CurrPop.Count, i =>
{
Nest copy = CurrPop[i].CloneNest();
for (int j = 0; j < 10; j++)
{
copy.LevyFlight();
if (copy.Dominates(CurrPop[i]))
{
CurrPop[i] = copy.CloneNest();
}
}
});
CurrGen++; // Increase generation counter.
}
// Post-process the results if needed.
BestSolutions = createCopy(CurrPop);
if (Listener != null)
{
Listener.performCSEvent(new CSEventArgs(this, BestSolutions, CurrGen,
NumUpd));
}
return CurrPop;
}

The code for NSCS is similar, but calls on different sub methods. The nomenclature used is
the same as in the original article.
/// <summary>
/// Method for evaluating a MO problem with NSGA-II.
/// </summary>
/// <param name="pop">the starting population to evolve</param>
/// <returns>the current best solutions</returns>
public List<Nest> startEvaluationNSGAII(List<Nest> pop)
{
//Set initial population
CurrPop = BestSolutions = pop;
int CurrGen = 1; // Current generation counter
// While CurrGen < NrGen or other stop criterion
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while (CurrGen <= NrGen && !isCancelled())
{
// Report the current best
/*CurrGen == 0 && */
if (Listener != null)
{
Listener.performCSEvent(new CSEventArgs(this, BestSolutions, CurrGen));
}
// Make population 2N
List<Nest> population_q_t = makeNewPopulation(CurrPop);
List<Nest> population_r_t = new List<Nest>();
population_r_t.AddRange(CurrPop);
population_r_t.AddRange(population_q_t);
List<List<Nest>> dominationFronts = fastNonDominatedSort(population_r_t);
List<Nest> population_p_t_1 = new List<Nest>();
/// <summary> Counts the number of individuals in each front and
/// adds them to the population if there's sufficient space. </summary>
int i = 0;
while (dominationFronts[i] != null && population_p_t_1.Count +
dominationFronts[i].Count <= PopSize)
{
crowdingDistanceAssignment(dominationFronts[i]);
population_p_t_1.AddRange(dominationFronts[i]);
i++;
}
/// <summary> If there still isn't enough individuals in the population
/// then enter the last front and add individuals separately until
/// population is full.</summary>
if (population_p_t_1.Count != PopSize)
{
crowdingDistanceAssignment(dominationFronts[i]);
Nest[] sortedIndividuals = sort(dominationFronts[i]);
int numberOfMissingIndividuals = PopSize - population_p_t_1.Count;
for (i = 0; i < numberOfMissingIndividuals; i++)
{
try
{
population_p_t_1.Add(sortedIndividuals[i]);
}
catch (IndexOutOfRangeException)
{
break;
}
}
}
CurrPop = population_p_t_1;
// Sort the population into fronts
DominationFronts = fastNonDominatedSort(CurrPop);
// Pass the current best to the next generation
BestSolutions = DominationFronts[0];
CurrGen++; // Increment the generation counter
}
// Post-process the results if needed.
BestSolutions = DominationFronts[0];
if (Listener != null)
{
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Listener.performCSEvent(new CSEventArgs(this, BestSolutions, CurrGen,
NumUpd));
}
return BestSolutions;
}
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