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Engineering problems have characteristics such as a large number of variables, non-linear, computationally expensive, complex and black-box (i.e. unknown internal structure). These characteristics prompt difficulties for existing optimisation techniques. A consequence of this is that the required optimisation time rapidly increases beyond what is practical. There is a need
for dedicated techniques to exploit the power of mathematical optimisation to
solve engineering problems. The objective of this thesis is to investigate this
need within the field of automation, specifically for control optimisation of
automated systems.
The thesis proposes an optimisation algorithm for optimising the control
of automated interacting production stations (i.e. independent stations that
interact by for example material handling robots). The objective of the optimisation is to increase the production rate of such systems. The non-separable
nature of these problems due to the interactions, makes them hard to optimise.
The proposed algorithm is called the Constructive Cooperative Coevolution
Algorithm (C3 ). The thesis presents the experimental evaluation of C3 , both
on theoretical and real-world problems. For the theoretical problems, C3 is
tested on a set of standard benchmark functions. The performance, robustness
and convergence speed of C3 is compared with the algorithms. This shows that
C3 is a competitive optimisation algorithm for large-scale non-separable problems. C3 is also evaluated on real-world industrial problems, concerning the
control of interacting production stations, and compared with other optimisation algorithms on these problems. This shows that C3 is very well-suited for
these problems. The importance of considering the energy consumption and
equipment wear, next to the production rate, in the objective function is also
investigated. This shows that it is crucial that these are considered to optimise
the overall performance of interacting production stations.
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Chapter 1
Introduction
In this introductory chapter the background of the thesis is briefly presented,
together with the goal and the scope. Furthermore, the motivation is discussed, both from academical and industrial perspective. Finally, the research
questions of the thesis are presented and the adopted methodology.

1.1

Background

Mankind has always sought for ways to increase the capability of their machines and tools. A consequence of this is the desire to make machines operate
themselves without any need of human intervention, i.e. to automate them.
The desire for automation is either for enjoyment or for increased productivity
and/or accuracy with less human effort and enhanced safety. The following
six imperatives about automation have been proven [1]:
1.
2.
3.
4.

Automation has always been done by people.
Automation has always been done for the sake of people.
The benefits of automation are tremendous.
Automation often performs tasks that are too dangerous, impossible
and/or impractical for people.
5. Care should be taken to prevent abuse of automation and to prevent
unsafe situations.
6. Automation is usually inspiring for further creativity of the human mind.
Historically, automation has followed the development of mechanics, fluidics,
civil infrastructure and machine design and since the 20th century also computer science and information technology. Developments in automation have
always been driven by market demands and technological capabilities.
Integration and optimisation are two major trends that emerged last decade
and are still ongoing [1]. The market demands that cause these trends are concerned with increasing the return on investment of automation systems, short
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delivery time and low risk for automation system installation, and the possibility to efficiently upgrade and extend an installed automation system. The
technological advancements causing these trends are the computer technologies that nowadays drive automation platforms and are integrated tightly with
information technologies. These technologies are evolving rapidly, thereby
constantly opening up new possibilities for automation. Other trends in the
field of automation are concerned with the increasing complexity of automated
systems, extending the controllers’ scope to handle more tasks, and life-cycle
planning of automation systems (updates, extra features, add-ons, extensions,
etc.) [1, 2].
The thesis focusses on the trend optimisation in automation. The computerisation and communication technologies in the manufacturing industry increased the available information tremendously. This subsequently allows for
a typical control action: close the loop and optimise. Optimisation in automation takes place on different levels. Closest to the process itself, Proportional
Integral Derivative (PID) controllers are very often used. Optimisation can be
used to determine the PIDs’ parameters [3–5]. Though nowadays, the current
practice in industry is still more an art than a science, typically an experienced
engineers and operators tune these parameters manually based on experience
and intuition [1]. Tuning parameters manually in this way is also common
practice for other types of automation technologies, e.g. Programmable Logic
Controller (PLC) or Distributed Control System (DCS) controllers, and robot
controllers [6–8]. This can deliver well tuned parameters, though it is not a reliable approach because it is dependent on the engineer’s or operator’s skills
and experience. It is also not without risk to damage the equipment because
it typically performed online. Optimisation techniques can be a reliable tool
and provide support for tuning these parameters. This type of optimisation
problems in automation is the topic of the thesis. Optimisation in automation takes place on other levels as well such as the plant operation level and
life-cycle level [1], but these are not considered in the thesis.
A lot of powerful optimisation techniques exist nowadays, in literature
and in commercial software. Though, classical optimisation techniques are
very often inapplicable to real-world engineering problems [9–12]. This is due
to the fact that optimisation problems in engineering appear with various features such as large number of parameters, computationally expensive, blackbox problems, non-linear and complex. These features characterise a problem
from different perspectives. The main consequence of this problem is that the
required optimisation time increases rapidly beyond what is practical. For example, with a computationally cheap problem, the optimisation time is mainly
consumed by the optimisation computations. Whereas, to optimise a computationally expensive problem, the time is mainly consumed by the fitness or
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cost calculations of the trial solutions, and the time for the optimisation computations become nearly negligible. Another example is that a problem with a
small number of parameters to be optimised needs much fewer function evaluations to find an optimal solution compared to a problem with a high number
of parameters. From this, it can be concluded that there is need for specialised
optimisation techniques and algorithms dedicated to real-world engineering
problems. This issue is the focus of the thesis.
In the thesis, the considered problems are computationally expensive because they are represented by computer simulation models rather than abstract
mathematical expressions. On one hand this is done because the problems are
highly complex. Therefore, to formulate these with a set of mathematical
expressions is very cumbersome and inconvenient. On the other hand, this
is done because computer simulation models are very often already available
for real-world problems in automation. Simulation models are used during e.g.
the design process of production stations or to do certain analyses (ergonomics,
cost, etc.).

1.2

Goal

The goal of this thesis is to investigate how to optimise the control of automated interacting production stations to improve the overall performance,
using computer simulations.
In other words, the goal is to investigate a method or algorithm to optimise the control interacting production stations. The objective is to improve
the overall performance. Furthermore, a second part of the goal is to investigate how to quantify the overall performance using the data extractable from
computer simulations, as this is necessary to optimise it.
Interacting production stations are defined as separate production stations,
often but not necessarily placed side by side in a line. There is a certain degree of freedom for the operation of each station. Hence, they operate asynchronously but are restricted due to certain interactions, for example by material handling devices that transport products from one station to another.

1.3

Scope and Limitations

The scope of the thesis is limited to automated interacting production stations.
This has a twofold consequence. Firstly, this means that the proposed optimisation techniques and algorithms are dedicated to this and other problems
are not considered. Secondly, this means that the thesis focusses on interacting production stations in general. The proposed optimisation techniques are
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therefore generic for production stations for any type of manufacturing process.
The thesis focusses specifically on how to optimise interacting production
stations. In the experiments, the optimised solutions in itself are not relevant
for the thesis, rather their purpose it to be compared with other solutions from
other optimisation algorithms, or other objective functions. This is to create a
relative ranking for the investigated algorithms, or objective functions.
The scope of the thesis does include the objective function and the constraints for the optimisation. The objective function specifies what the goals
is for the optimisation. For example, for production stations, a typical goal is
to produce the parts more rapidly, then the objective function is the maximisation of the production rate (number of products produced per minute). In
more general terms, the objective function determines what behaviour and/or
events are optimised, i.e. maximised or/and minimised. On the other hand,
the imposed constraints specify what behaviour and events are forbidden, i.e.
must be avoided in any case. For example, for production stations, a constraint
is that there cannot be any collisions between different robots and other objects. These two, i.e. objective functions and constraints, must be designed so
that they quantify the overall performance of interacting production stations.
In the thesis, it is studied how to do this using computer simulations.

1.4

Motivation

There is a gap between optimisation techniques’ capabilities and real-world
engineering problems within automation [9]. From an academical perspective,
the motivation is that there is a need to bridge this gap. The adopted approach
in the thesis is to consider more dedicated optimisation algorithms for specific
problems. This would allow to exploit the power of optimisation techniques
to solve real-world problems using computer simulations, while keeping the
optimisation time within a practical range.
From an industrial perspective, the motivation is that optimisation techniques to solve engineering problems, would lead to remarkable performance
improvements and/or cost savings. Nowadays, engineering problems are solved
based on common practice, experience and expertise of the operators and/or
engineers. The solutions are not reliable because they are dependent on the
involved persons. Optimisation techniques could provide tools and support to
obtain more reliable solutions.
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1.5

Research Questions

The following central research questions, that are presented in this section, encapsulate the subject and the direction of the thesis.
An optimisation algorithm searches for optimal solutions in the search
space of a problem. This is done by iteratively sampling solutions in the search
space, and calculating the quality (i.e. fitness or cost) for each. Each algorithms
uses certain principles to guide itself (or “its search”) towards better solutions,
and so ultimately to the optimal solutions. Certain guiding principles are good
for certain types of problems and not for others.
A first research question focusses on how to guide the search to find better solutions during the optimisation of the control of automated interacting
production stations. This should be investigated to reveal how to effectively
expedite the search. This should indicate the faced challenges by the optimisation. The principles for guiding the search must take into account limitations,
e.g. practical time-frame, modality, parameter interactions. The first research
question can be formulated as:
I. How to guide the search in an optimisation algorithm to improve its performace for the control of interacting production stations?
This research question is addressed in Chapter 4 and Chapter 6.
A second research focusses on further investigating the principles for guiding the search. This is interesting to enhance the understanding why these
principles are good for interacting production stations. It is very useful to
know on which types of other optimisation problems these principles can
be applied. This knowledge gives insight into interacting production stations
from an optimisation perspective. This leads to the second research question:
II. For which problems, and why, are the guiding principles effective?
This research question is addressed in Chapter 5.
The third and final research question focusses on investigating how to evaluate the overall performance of automated interacting production stations using computer simulations. When optimising, it is necessary to define an objective function to calculate the quality of the trial solutions (i.e. cost or fitness).
Constraints must also be defined to specify additional requirements, next to
the objective, for the desired optimal solution. For interacting production stations, constraints are typically used to prevent certain behaviour or events,
e.g. collisions, high jerks, etc. The objective function and constraints must be
defined to quantify the overall performance, in all its desired aspects. It should
be investigated how to define these based on extracted data from computer
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simulations. The third research question is therefore formulated as follows:
III. How to quantify the overall performance of interacting production stations using computer simulations?
This research question is addressed in Chapter 6.

1.6

Contributions

A first contribution of this thesis is the proposed Constructive Cooperative
Coevolution Algorithm (C3 ). More specifically, the combination of the novel
constructive metaheuristic used together with the Cooperative Coevolution
Algorithm (CCEA). These features make C3 a new optimisation algorithm.
A second contribution is the improved performance of C3 to optimise nonseparable problems compared to CCEA. Generally, CCEA struggles to solve
problems with this characteristic. It is shown in the thesis that C3 ’s performance on non-separable problems is significantly better than CCEA.
A third contribution is the effective optimisation of the control of interacting production stations within a practical time-frame. It is shown in the thesis
that C3 within a Simulation-based Optimisation (SBO) framework is able to
optimise the control of interacting production stations. The quality of the obtained solution in this way is significantly better than those of the operators.
A fourth and last contribution is the proposed method for energy and wear
minimisation for interacting production stations. It is found that it is very important to also minimise the energy consumption and wear, when optimising
the production rate. Furthermore, the thesis also shows that with C3 and SBO
larger improvements in terms of energy and wear can be obtained compared
to operators’ manual tuning.

1.7

Methodology

An experimental methodology backed up with statistical analysis is primarily
used in this thesis. This method is used for both theoretical experiments and
experiments with real-world optimisation problems. Because nearly all used
algorithms have stochastic operators to guide their search, the experiments are
repeated multiple times. The presented results are the mean and variance of
those independent repetitions.
Where it was possible to measure the statistical significance, the p-values
are computed according to the two-sample t-test [13]. This is done to determine whether obtained mean values originate from the same distribution or
are significantly different.
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To identify how the algorithm behaves and what affects its performance,
experiments are done on different types of problems and with different types
of algorithms. The results are then analysed to find trends that indicate the
algorithm’s characteristics.
For the tests on real-world problems, there was close cooperation with the
manufacturing industry (i.e. automotive), to attain the required information
about the considered problems. This was necessary to build reliable computer
simulations. A reliable computer simulation means that it represents all aspects from the considered problem accurate enough for the intended purpose.
The validation method used for the computer simulations is based on recording, visualising and checking intermediate results. This indicated where exactly
in the computer simulations problems occurred. Additionally, this allowed to
measure the difference of the simulation model’s output, compared to measurements on the physical system. This was done to a obtain quantitative
indications of the accuracy of the computer simulations.
All experiments are performed according the optimisation process. The details of this process are described later, in Chapter 2.

1.8

Thesis Outline

The rest of the thesis is organised as follows. First, simulation-based optimisation is introduced in Chapter 2. Also in Chapter 2, the fundamentals of
relevant metaheuristic optimisation algorithms is presented. Interacting production stations and specifically the complexity of the control of the material
handling robots is discussed next in Chapter 3. The proposed Constructive
Cooperative Coevolution Algorithm (C3 ) is presented next in Chapter 4. In
Chapter 5 and 6, is then the experimental evaluation presented, respectively
on theoretical benchmark problems and on real-world problems with interacting production stations. Finally, in Chapter 7, the thesis is summarised and
concluded, and the future work is discussed.
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Chapter 2
Simulation-based Optimisation
and Metaheuristics
The optimisation process and Simulation-based Optimisation (SBO) are presented
to discuss how computer simulations can be used to represent problems and
optimise them. Further, this chapter includes the relevant background on
metaheuristics.
In general, optimisation encompasses the use of models and methods to find
the best alternative in decision making situations [14]. The word optimum originates from “optimus”, Latin for “best, very good”. Hence, optimisation is the
art and science of finding the best possible solution. Based on this phrase, the
word best indicates that there is a defined objective and the word possible indicates that there are constraints towards the type of decisions that are allowed.
Here, the study of optimisation focusses thus on how to search for/find the best
solution according to this objective and constraints.
A metaheuristic is a optimisation method that generates good solutions
within a limited time-frame, but without any guarantee to find the optimum
[14]. Classical optimisation methods differ from metaheuristics (and heuristics) in that these guarantee to find the optimal solution. Optimised solutions
found with a metaheuristic are very often near-optimal, though it is not always
possible to know how close. A consequence of this is that there is no inherent
stop or termination criteria for the optimisation with a metaheuristic. Therefore, it is necessary to specify termination criteria to stop the optimisation
with a metaheuristic. Often a maximum number of function evaluations is
used, others are also possible such as maximum optimisation time, crossing a
predefined threshold value, etc.
The word heuristic originates from the Greek verb “heuriskein”, which
means “to find out” or “to discover”. Heuristics are also often referred to as
rule of thumb methods for a very specific type of problems. Though, these
can also be very sophisticated and advanced. Metaheuristics are more general
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version of these heuristics that have proven to be well-suited for a much wider
range of problems, hence the prefix “meta-”. Very often heuristics are local
search methods, and cannot escape from a local optimum (i.e. a valley in
the search space) [14, 15]. Whereas metaheuristics are typically global search
methods that can escape from local optima.

2.1

The Optimisation Process

When optimisation techniques are used to approach real-world problems, a
specific process is generally used. This process is referred to as the optimisation
process, illustrated in Figure 2.1.
This process starts with analysing the system. The purpose of this is to
identify the optimisation problem and its characteristics. A simplified formulation of the problem can then be established. This formulation only includes
the relevant elements for the optimisation.
This simplified problem can be used to construct a computer simulation
model. This is usually done by using a commercial simulation software, but
can also be done using a general-purpose modelling software/language. It must
be verified and validated that the simulation model represents the simplified
problem correctly and simulates its behaviour accurately. The verification and
validation must be performed with care to make sure that the computer simulation can be trusted [16].
Next,the details of the optimisation problem are defined. The optimisation problem, in this context, includes the specific parameters that must be
optimised and their allowed range, the objective function and the constraints.
Additionally, a suited optimisation algorithm must be selected, the algorithm’s
settings must be tuned and termination criteria must be set.
Next, the optimisation is performed. The optimised solution is obtained
when the termination criteria for the optimisation are reached. Before applying this optimised solution on the real system, it might be worthful to first
investigate and verify it, for example by visualising and comparing it with
other solutions. This can be informative to gain insight and knowledge about
the considered system. Which is resourceful for future optimisations.
It might be interesting to note that the optimisation process used in the
thesis included two extra tasks. These are shown in dashed lines in Figure 2.1.
These are necessary to be able to compare optimised solutions of different algorithms or different objective functions. Firstly, all optimisations are repeated a
number of times because the algorithms use stochastic operators. This is done
to investigate the variance amongst the results due to those operators. Secondly, the statistical analysis and comparison of the results from the different
algorithms or different objective functions is done.
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Figure 2.1: Schematic illustration of the optimisation process [14]

2.2

Continuous Global Optimisation

Global optimisation deals with the problem of finding optima (minima or
maxima) in a search space that (possibly or certainly) includes multiple local optima [17]. A global optimisation problem is very likely non-linear and
usually each parameter is bound constrained (lower and upper bound). An
optimisation problem is continuous when its objective function and constraint
functions are continuous.
A local optimum of an optimisation problem is a solution that is optimal
within its neighbourhood, i.e. set of neighbouring solutions, in the search space.
A global optimum is a solution that is optimal compared to all other possible
solutions in the search space, not just its neighbourhood.
There can be large differences in quality between local and global optima.
It is important to find the global optima and not the local optima in the search
space. This makes global optimisation problems particularly hard compared
to local optimisation problems. Standard local search optimisation algorithms
are not applicable to such problems. An extensive list of global optimisation
strategies and examples of global optimisation problems is given by Pintér [17].
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Figure 2.2: Schematic illustration of Simulation-based Optimisation (SBO)
[19]

2.3

Simulation-based Optimisation

Simulation models provide good insights to the behaviour of systems, especially in engineering. These are often used for improving the system’s performance. This can be done by applying ad hoc changes to different parameters.
On the other hand, improvements can be found by repeatedly evaluating different sets of parameters, generated by mathematical optimisation techniques.
The latter case defines Simulation-based Optimisation (SBO) [10]. The difference between SBO and ordinary optimisation is that the computer simulation is the objective function with SBO, whereas with ordinary optimisation the objective function is usually a set of mathematical expressions. With
complex optimisation problems, it becomes more convenient to use computer
simulation models rather than mathematical expressions to represent the problem [18].
When the problem is a minimisation problem, it is written as
min f (x)
x⊆S

(2.1)

where f (x) is the objective function which represents the simulation model,
the solution vector x ∈ S ⊆ RD , with S being the space enclosed by the bound
constraints and D the number of dimensions (the number of parameters). The
solution vector x = [x1 x2 . . . xD ] then contains all D parameters that are optimised. Note that there are no explicitly defined constraints. This is because
the constraints are usually included in the simulation model f (x). If f (x) is
continuous over the search space S, then it said to be a continuous optimisation problem. Then, a solution vector x∗ is a global minimum, if and only if,
f (x∗ ) ≤ f (x), ∀ x ∈ S. The details of the SBO method are also illustrated in
Figure 2.2.
A drawback with SBO is that it usually is computationally expensive compared to when the problem is represented by a set of mathematical expressions.
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The computer simulation could then become more computational intensive
than the optimisation computations. Hence, the function evaluations become
the determining factor for the optimisation time. This limits the number of
function evaluations during the optimisation. Different strategies to handle
this extra challenge has been discussed by Shan and Wang [9].

2.4

Metaheuristics

In general, metaheuristics have been designed to solve complex problems where
other methods are likely to fail because for example they take too much time,
require too much computer memory, uncertain input data, too difficult to understand and implement [14]. Metaheuristics have become popular for solving
real-world problems. This popularity is due to that they are generally applicable to a wide range of problems and usually have a relatively good performance. Examples of metaheuristics are local search, Tabu search, simulated
annealing, genetic and evolutionary algorithms [15].
A metaheuristic usually starts with an initial solution or an initial set of
solutions as the central element that defines the current state of the algorithm.
Certain principles, specific to the used algorithm, then guide the search to
stepwise improve this solution or set of solutions. In each step, new solutions
are generated. The best one(s) then become the new central solution or set of
solutions for the next step.
The reason for the “meta-” prefix is that not all details of the search are specified by a metaheuristic algorithm. Instead, just a general strategy for guiding
the search are specified. Other aspects can then be customised for the considered problem. This is both an advantage and a disadvantage. The advantage is
that this introduces the possibility to adjust it to utilise known aspects about
the problem’s structure. On the other hand, the disadvantage is that it is not
always straightforward to specify those aspects of the search.
In the remainder of this section, the metaheuristic optimisation algorithms
relevant for this thesis are presented and discussed. These algorithms are evolutionary algorithms, multi-start methods, coevolutionary algorithms, and constructive metaheuristics.

2.4.1

Evolutionary Algorithms

Evolutionary Algorithms (EAs) have been around for over 2 decades [15]. EAs
encapsulate a whole class of algorithms. These are all based on Darwinian
evolution by complying to the following principles:
1. There is a population of solutions.
2. Solutions have a finite lifetime.
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3. Solutions are subject to an evolutionary pressure.
4. Offspring solutions vary from their parents, which enables the offspring
to adapt to the evolutionary pressure.
5. Through selection, the better adapted solutions tend to stay in the population, while others are replaced.
In other words, EAs adopt the concept of Darwinian evolution to evolve a
population, i.e. here a set of solutions in a virtual environment, thereby improving the fitness (i.e. quality) of the population of solutions.
Genetic Algorithms
Genetic Algorithms (GAs) are EAs that are based on the evolutionary process of genomes [15]. One of the distinct features of GAs is to separate the
representation of the optimisation problem from the parameters in which the
problem is originally formulated. This is done by encoding the problem into
a more suited formulation for applying the genetic operators. The problem
encoding, together with the fitness calculation, are problem specific elements
of GAs [20]. A popular encoding scheme is to represent the parameters with
a binary representation. From a mathematical perspective this is a convenient
representation to apply the genetic operators [15]. The canonical of GAs is
shown in Algorithm 2.1.
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:

initialise population
while termination criteria false do
repeat
select parents from population
if crossover condition true then
perform crossover
end if
if mutation condition true then
perform mutation
end if
calculate offspring’s fitness
until sufficient offspring created
select new population
end while
Algorithm 2.1: Canonical Genetic Algorithm (GA)

A GA starts with initialising a population of solutions (line 1 in Algorithm
2.1), typically randomly. The fitness or cost value is calculated for each solution in the population. Parent solutions are selected from the population (line
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4 in Algorithm 2.1). The selection probability to be selected as a parent is
based on the fitness or cost value of the solution, i.e. the better a solution’s
fitness or cost, the more likely that it is selected as a parent. By applying the
crossover and the mutation operators on the parents, the offspring solution is
created (line 5-10 in Algorithm 2.1). The offspring’s fitness or cost is then calculated (line 11 in Algorithm 2.1). This is repeated until a predefined number
of offspring solutions are created. A new population is created using the new
offspring solutions (line 13 in Algorithm 2.1). The same is then repeated in the
next iterations, each time with the new population, until one the termination
criteria is reached.
The purpose of the crossover operator is to exploit the parents’ characteristics in its offspring solution. This is done by letting the offspring inherent
a part of the parent’s solution vector. The part of the subproblem that is inherent by the offspring is usually selected randomly so that it differs every
iteration. The mutation operator applies random changes to the offspring solution. This makes the solutions more divers, which is necessary to explore
different areas in the search space. This will avoid that the search gets trapped
in a local optima. Both operators, crossover and mutation, can be tuned by
the algorithm’s settings.
GAs are not specifically considered in the thesis. Though, it was found
relevant to discuss these because it belongs to the fundamentals of EAs which
are used.
Evolutionary Strategies
Evolutionary Strategies (ES) are another category of algorithms that also adopts
the principles of EAs. The main difference with GAs is that these do not have
an encoding scheme. Instead, the problem’s parameters are used directly by the
optimisation. Furthermore, the algorithm’s tuning settings are also optimised,
next to the problems parameters. The settings control statistical properties
of the used crossover and mutation operators. In this way, the settings are
tuned during the optimisation because they are included in the optimisation.
Therefore, ES are said to be self-adaptive [21]. The canonical of ES is shown in
Algorithm 2.2.
For the rest, ES work in a similar way as GAs. Parents solutions are selected
(line 4 in Algorithm 2.2), although here these are selected randomly, ignoring
their fitness. Next, the crossover and mutation operators are applied to create
the offspring solution (line 5-8 in Algorithm 2.2). The fitness of the offspring
solution is then calculated (line 9 in Algorithm 2.2). When enough offspring
solution have been created, a new population is then generated by combining
the old and new population (line 11 in Algorithm 2.2). The same is repeated
in the next iterations, but then with the new population, until one of the
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1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:

initialise population
while termination criteria false do
for number of offsprings do
choose parents randomly from population
crossover parents’ settings to the offspring
crossover parents’ problem parameters to the offspring
mutate offspring’s settings
mutate offspring’s problem parameters
calculate offspring’s fitness
end for
select new population
end while
Algorithm 2.2: Canonical Evolutionary Strategies (ES)

termination criteria is reached.
ESs are not specifically considered in the thesis. It was found relevant to
discuss these because it is part of the fundamentals of EAs. Also, some of the
used algorithms in the thesis adopt several elements specific of ESs.
Differential Evolution
In the thesis, the Differential Evolution Algorithm (DE) is used in several experiments and tests. This algorithm was originally proposed by Storn and
Price in 1997 [22]. In every iteration, each solution in the population is used to
create an offspring. This eliminates the need to specify the number of offspring
solutions to create in every iteration. Thereby, it is said to be self-organising.
The canonical of DE is shown in Algorithm 2.3. First, the mutation operator is applied on a population member (line 4-5 in Algorithm 2.3). The applied
mutations are based on a weighted difference vector calculated from two other
randomly chosen solutions in the populations. This creates a mutation of the
original population member. The crossover operator is then applied on both,
i.e. original and mutation, and creates the offspring (line 6 in Algorithm 2.3).
The offspring replaces the original in the new population if it has a better fitness or cost value (line 8 in Algorithm 2.3). Otherwise, the original population
member is used in the new population.
DE is simple and straightforward to implement [23]. This is important
because users of optimisation techniques are not always experts in computer
programming. Also, it is robust and suited for parallel computation [23–25].
Additionally, it has been extended to apply it on multi-objective optimisation
problems [26, 27]. Recently, Mlakar et al. [28] proposed a novel version of
DE for surrogate-model-based multi-objective optimisation. There, Gaussian
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1:
2:
3:
4:
5:
6:
7:
8:
9:
10:

initialise population
while termination criteria false do
for each population member do
Choose two solutions and compute difference vector
Mutate population member
Crossover original and mutation
Calculate offspring’s fitness
Select original or offspring for new population
end for
end while
Algorithm 2.3: Canonical Differential Evolution Algorithm (DE)

process models are used to construct a surrogate model (or meta-model) of the
considered problem.
In the original DE [22], the settings for the operators are predefined and
kept fixed during the optimisation. Later, Brest et al. [29] proposes a selfadaptive version of DE, called Self-Adaptive Differential Evolution Algorithm
(SADE). The settings for the mutation and the crossover are then included
in the optimisation, in a similar way as with ES. Therefore, the population
members with good settings tend to create fitter offspring and pass on these
settings to the offspring. In this way, the problem of tuning the settings, which
is very much a problem-dependent task, is eliminated.
Both the original DE and the SADE are used in the thesis. These algorithms are part of the fundamentals of “coevolutionary algorithms” which are
a central element of the thesis.
Cooperative Coevolution Algorithms
Coevolution algorithms adopt the concept the influence of closely associated
species on each other in their evolution [30]. A distinction is made between
two types of coevolutionary algorithm, competitive and cooperative. In competitive coevolutionary algorithms, candidate solutions compete with each
other in a kind of tournament. Their fitness is based on how they outperform the other candidates. Rosin and Belew [31] successfully applied competitive coevolution to three game learning problem. This type of coevolutionary
algorithms are not considered in the thesis.
On the other hand, there are the Cooperative Coevolution Algorithms
(CCEAs), originally proposed by Potter and Jong [30, 32]. With cooperative
strategies in general, multiple search threads are executed separately and independently, and mechanisms are in place to share information between these
threads [15]. Each search thread might have a different initial solution or pop-
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ulation, or employ a different algorithm, or focus to a specific neighbourhood
in the search space, etc. A key element for the success of cooperative strategies is sharing meaningful information between the search threads and also the
frequency, i.e. how often is information shared [15]. In general terms, the
nature of the shared information should improve the performance and create
a global/complete view of the search. Very often, the best solution found by
each thread is shared between the threads. The shared best solution is called
the representative solution of the corresponding search thread.
Specifically with the CCEAs, a problem is usually decomposed into subproblems [30]. These are then optimised separately, i.e. a population is evolved
for each subproblem. For the function evaluations, the subproblem’s trial solutions are assembled into a central solution for the complete problem. This
central solution is called the context solution (sometimes also called the context
vector [33]). This context solution is based on the representative solutions of
all other subproblem optimisations.
The fitness or cost value of the solutions in the subproblems’ population
indicates two aspects. It shows how well the subproblem solution works, but
also how well the subproblem solution cooperates with the representative solutions of the other subproblems. The evolutionary pressure here also includes to adapt to the interactions between the subproblems [34]. In the thesis,
CCEAs are considered and used in experiments and tests. The canonical of
the CCEA is shown in 2.4.
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:

for each subproblem do
Initialise population
end for
while termination criteria false do
for each subproblem do
for number of offsprings do
Select parents
Crossover operator
Mutation operator
Calculate offspring’s fitness (context solution)
Update representative solution (collaboration)
end for
Select new population
end for
end while

Algorithm 2.4: Canonical Cooperative Coevolution Algorithm (CCEA)
The CCEA starts with initialising a population for each subproblem (lines
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1-3 in Algorithm 2.4). Then, each population is evolved separately using a
GA (lines 5-12 in Algorithm 2.4). For each function evaluation of the GA,
the new offspring solution is assembled in the context solution (line 10 in
Algorithm 2.4). It is checked whether the offspring solution is better than
the current representative solution of the subproblem (line 11 in Algorithm
2.4). Many different criteria for selecting the representative solutions from
each subproblem can be used, e.g. greedy, randomly, or topological [32]. The
population of each subproblem can be evolved at the same time (in parallel),
or in a round-robin fashion (i.e. subproblem by subproblem, one iteration at
the time).
Potter [32] already pointed out that CCEAs are not limited to be used with
GA. It can also be combined with other EAs. Yang et al. [35–37] proposed a
CCEA that uses DE to evolve the subproblems’ populations. Later, CCEA
was also combined with the Particle Swarm Optimiser (PSO) [38, 39].
CCEAs perform better on large-scale optimisation problems compared
to other EAs, i.e. GA, DE, or PSO. Although, with non-separable problems, the performance is rather poor (or similar) compared to these other
EAs [30, 35, 37, 39–41]. It is assumed that this is due to how the problem
is decomposed and whether interacting parameters are in the same subproblem. Different approaches, that include different decompositions or parametergrouping methods have been proposed to improve the performance on nonseparable problems. The goal with these is to group interacting parameters
together, in the same subproblems. In this way, these are then optimised together, which should lead to better solutions.
Chen and Tang [42] investigated the influence of the problem decomposition on the performance, especially the effect of grouping interacting parameters together. It was found that detecting variable interactions is in general
beneficial. Specifically, detecting up to 10% of the total interactions of the
problem. Counter intuitively, the performance deteriorates when more than
10% of the total interactions are detected and used to decompose the problem.
In the thesis, the decomposition is static and based on the known inherent substructures of the considered problems. The problems are thus “handdecomposed”. Each subproblem represents a substructure and the subproblem’s parameter vector contains all parameters relevant for the corresponding
problem. For the theoretical problems, different static decompositions are
tested.

2.4.2

Constructive Metaheuristics

A constructive metaheuristic builds a solution by optimising an increasing
number of subproblems, in a stepwise manner, usually without backtrack-
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ing [14, 15, 43]. Note that here, a subproblem can even consist of only a single
parameter. The goal of these metaheuristics is to construct a good feasible
solution. A feasible solution is a solution that does not violate any of the problems constraints. The first step starts with an empty solutions and adds a first
subproblem to optimise it. All other subproblems are neglected. In each next
step, a next appropriate subproblem is added and optimised. Depending on
the specific algorithm, just the added subproblem is optimised in each step, all
included subproblems are optimised each time. A lot of the details of constructive metaheuristics are very much problem-specific and not general applicable.
Greedy constructive metaheuristics pursue maximal gain with each added
subproblem. These typically return better solutions compared to random sampling, though often not of very high quality [15]. These methods are also often
used for fast approximations and maybe combined with other algorithms to
further improve the constructed solutions, e.g. local search. The latter is how
constructive metaheuristics are used in the thesis.

2.4.3

Multi-start Methods

The search of metaheuristic methods need to balance exploitation and exploration of the search space. Exploitation is to locally search for the best solution
in the search space. This is typically done by local search algorithms. Exploration, or sometimes called diversification, is searching different areas of the
search space and is specifically important to be able to escape from local optima. Diversification can be introduced by restarting the search regularly from
different initial solution. This approach is the common element for multi-start
methods.
Restart mechanisms can be superimposed onto many other optimisation
algorithms. Also, different mechanisms to obtain new initial solutions to
restart the search from can be used. Usually, multi-start methods thus have
two phases [15]. During the first phase, the initial solution is created. During
the second phase, the created solution is used as initial solution by another
algorithm. There are three main categories for multi-start methods according
to Grendreau and Potvin [15]:
1. Memory vs. memoryless: The search history is analysed to identify
specific information that is useful to create new initial solutions. On the
other hand, memory of previous initial solutions helps to avoid redundancy. This is important because the purpose of restarting is to introduce diversification.
2. Systematic vs. randomised: Initial solutions can be created in a systematic way. This would allow to have full control over the diversification.
On the other hand, initial solutions can be generated randomly, which is
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a very easy way that also leads to a diverse search, but there is less direct
control over it.
3. Rebuild vs. building from scratch: This is sometimes also called the
degree of rebuild for each restart [15]. This defines the proportion of an
initial solution reused by next initial solutions. This allows to control
the diversification. Though, in this way the diversification can only be
limited. Furthermore, it allows to identify and exploit strong elements
found in the solutions.
One of the most popular multi-start methods is the Greedy Randomised
Adaptive Search Procedure (GRASP) [15]. This method is also used in the
thesis. Therefore, a more detailed description of GRASP will be given next.
Greedy Randomised Adaptive Search Procedure
The Greedy Randomised Adaptive Search Procedure (GRASP) was originally
proposed for combinatorial optimisation by Feo and Resende [44, 45]. Later,
Hirsch et al. [46, 47] proposed a version of GRASP for continuous global optimisation problems. In Algorithm 2.5, the high-level canonical GRASP is
shown. For this thesis, the version of GRASP for continuous global optimisation problems is most relevant and is thus discussed here.
1:
2:
3:
4:
5:

while termination criteria false do
greedy randomised construction (Phase I)
local search (Phase II)
update best solution
end while

Algorithm 2.5: High-level canonical Greedy Randomised Adaptive Search
Procedure (GRASP) [47]
During Phase I, the constructive phase, a constructive metaheuristic is used
to build good feasible solutions. In each step of Phase I, the choice of the
next subproblem to be added is determined by ordering all subproblems in a
candidate list. The ordering criteria is based on a greedy function that measures
the benefit of selecting the subproblems. Then, one of the subproblems with
the highest benefit in this ordered list is chosen randomly, thus not necessarily
the best one. This introduces randomness in GRASP’s Phase I. This list of the
best subproblems is called the Restricted Candidate List (RCL).
Assuming a minimisation problem is considered here. Then, the RCL includes all subproblems from the ordered list whose benefit is less than or equal
to α · sworst + (1 − α) · sbest , where sworst and sbest are, respectively, the worst
and the best subproblem in the ordered list, and α ∈ [0, 1] is a user-defined

21

CHAPTER 2. SIMULATION-BASED OPTIMISATION AND METAHEURISTICS

setting of GRASP. The higher the value of α (i.e. closer to 1), the more greedy
the construction is. In each step, a new RCL is created because the ordering of
the subproblems in the RCL must be adapted to the updated solution that is
constructed. This is repeated until all subproblems have been added.
During Phase II, the local search phase, the constructed solution is used as
an initial solution by a local search method. The current solution will iteratively be replaced by a better solution found in its local neighbourhood. The
local search terminates when no better solution can be found any more in the
neighbourhood. In the next iteration, everything is restarted from Phase I.

2.5

Summary

Metaheuristics, and especially evolutionary algorithms, prove to be very useful
because they are generally applicable, robust and can handle complex problems
and this is the focus of the thesis. To increase the performance of metaheuristics for large-scale optimisation problems, CCEA is a very good extension.
Though, it has a decreased performance for non-separable problems. Therefore, other optimisation algorithms such as advanced multi-start methods (i.e.
GRASP) and constructive metaheuristics can be considered, as purpose to
combine them into a suited optimisation algorithm for the control of automated interacting production stations.
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Interacting Production Stations
In this chapter interacting production stations are defined and discussed in detail. In the thesis, the considered real-world problems mainly focus on the
material handling of interacting production stations. The optimisation problem is to determine optimal control parameters for start/stop signals, robot
velocities and paths in order to maximise the production rate. Additionally,
the parameters must be tuned to avoid problems, such as collisions and deadlock, at all times. For this, simulation models must be created and validated
for the purpose of SBO. This is always describe in detail in this chapter.

3.1

What are Interacting Production Stations?

Interacting production stations are defined as stations or manufacturing cells
that operate independently, in an asynchronous manner. The different stations interact with each other, for example for the material handling. During
these interactions, the stations’ operation must synchronise with each other.
These interactions make it hard to tune the parameters that control the operations. Productions stations are often used to produce a collection of different
products. Hence, the tuning must be done for every stations specifically, for
every product. This can turn out to be very time-consuming and costly for
the industry.
An example of a layout of interacting production stations is given in Figure 3.1. There, the machines (grey) represent machines that process the products (beige), and the robots (orange) transport the products from one machine
to another. The relevant operation in the machines for the interactions are
for example, opening/closing doors, approaching or retracting of the tools,
clamping, etc. The relevant operations of the robots for the interactions are
for example, approaching the machines, placing products in machines, retrieving products from machines, sharing workspace with other robots. Another
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Figure 3.1: Example layout interacting production stations
typical characteristic of interacting production stations, is that the available
time-frame for the material handling is often relatively small compared to the
processing-time in the machines. Therefore the velocities of the robots’ movements must be very high.
Examples of interacting production stations are sheet metal press lines [48,
49] or packing and palletising systems [50, 51]. In the thesis, sheet metal press
lines are used in case studies for the evaluation of proposed methods. The next
section, the details of sheet metal press lines and press tending are discussed.

3.2

Tandem Sheet Metal Press Lines

The real-life industrial problems considered in the thesis are concerned with
press tending. Press tending involves the loading and unloading of the presses
in stamping manufacturing processes. In fully automated systems, the specific
control of the material handling devices affects the overall production rate and
performance. This is usually the case in automated sheet metal press lines.
Press lines of a specific type are considered in the thesis, i.e. tandem press
lines. With these, the material handling robot is control by a signal based
on the position of the downstream press when it is unloading that press [52].
The same when the robot is loading parts into the upstream press. Here, the
“stream” refers to flow of plates through the line. When the robot moves from
the downstream to the upstream press, the it is controlled independently.
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Figure 3.2: Schematic drawing of the considered tandem press lines
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Motor 2
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Figure 3.3: Schematic drawing of a 2D belt robot for press tending
In Figure 3.2, a drawing of a press line is shown. In the drawing, the
plates traverse through the line from left to right (i.e. stream of the press line).
Between two consecutive presses, a single material handling device is placed,
which is a 2D belt robot for the considered press lines in thesis. This 2D belt
robot is responsible for both unloading the downstream press and the loading
the upstream press. When a plate is unloaded from the downstream press, it
is first placed on an intermediate table. This table can reorient the plate, if
necessary. Next, it is picked from the table and loaded into the upstream press.
The tool mounted on the 2D belt robot has 2 grippers, one on each side
(in the direction of the stream of the press line). Thereby, it is able to pick
or place two plates at the same time, at two different locations in the press
line. It can pick up a plate from the downstream press with one gripper and
from the intermediate table with the other gripper. Or, place a plate onto the
intermediate table with one gripper and place a plate into the upstream press
with the other gripper. This enables the robot to unload the downstream
press and load the upstream press in a single motion. Because of this, the
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press stations interact which each other and must synchronise for the material
handling. Hereby, the press line is a case of interacting production stations.
Also, this makes the unloading and loading of the press lines even more timecritical. Note that there is thus always a plate on the intermediate table during
a press stroke, waiting to be pressed in the upstream press. In Figure 3.2, the
dotted lines represent the motions of the plates traversing through the press
line and the dashed lines indicate the motions of the robots and presses. In
Figure 3.3, the construction of a 2D belt robot is illustrated. The belt is driven
by two motors, one on each side.
The robots and presses in the press line are grouped in press stations. Each
press station includes a robot and the upstream press. The whole line is fully
automated, and each press station is controlled by one or more PLCs. These
handle all control functions such as discrete events, continuous feedbacks, motion control of the robots and the press, communication and safety signals,
etc. All press stations operate in an asynchronous manner, except during certain operations, i.e. when the robot is unloading the downstream press. Then,
the two involved stations synchronise by communicating start/stop-signals.
The same control code is reused in each station because the performed
operations are the same. Parameters have been introduced in the control code
for e.g. velocities of the robots and the presses, robot paths, start/stop-signals,
etc. These must be specifically tuned for each station. This is necessary because
the plates’ shape and size changes from press station to press station in the line
(because it is pressed in each station). Hence, also the shape of the dies are
different in each station. The parameters must be tuned to avoid collisions.
It is also evident that these parameters affect the line’s production rate. It is
thus very much in the industry’s interest to have optimally tuned parameters
to have the maximum production rate and always avoiding collisions.

3.3

Current Practice and Related Research

The current practice is that the operators tune these parameters manually, online. Hence, it requires to interrupt the production. This practise can be
improved by using computer simulations so that it can be done offline. This
will also exclude the risk of damaging the line’s equipment during the tuning.
Though manual tuning often leads to good results, in general the result is not
very reliable because it is highly dependent on the operators’ expertise and experience. By using optimisation techniques to tune the parameters rather that
the operators’ intuition, the optimised result is not dependent on the operator.
Optimising the feeder’s (robot loading a press) velocity has been investigated for a metal forming by Jimenez et al. [53]. The amount of lubrication,
the lubrication pressure, and the raw material feeding rate were optimised. It
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was found that the production rate could be improved significantly. Though,
only a single material handling device and press were considered, and not an
entire press line.
Path optimisation for material handling robots of sheet metal press lines
has been examined by Li and Ceglarek [54]. The possible deformation of the
sheet metal plates are included in the paths to have a more realistic collision
detection. A commercial off-the-shelf optimisation software was used. Hence,
the optimisation itself was not included in the scope.
Optimisation of the velocities for the closing and opening of a heavy servo
press has been investigated by Qinyu et al. [55]. The objective was to increase
the production rate of the presses. Four control points were introduced in
the press’ motion. At each control point, the velocity of the press is adjusted.
These four velocity parameters were optimised and the results show remarkable improvements of the production rate. This indicates that optimisation is
a very useful technique for improving a press line’s performance.
The control of an press station has been optimised by Svensson et al. [48,
56]. The objective was to increase the production rate and obtain smooth robot
motions. A specialised algorithm, called Combined Lipschitzian and Simplex
Algorithm (CoLiS), was proposed, together with a SBO method. It was shown
that the optimised solution outperforms manual tuning. The focus was on just
a single press station rather than an entire press line.
The control for a general industrial robot has been optimised for press tending application by Petterson et al. [49]. The objective was to increase the performance, while respecting limits for the thermal and fatigue load. The robot
path and control for the specific application was included in the optimisation.
This showed that the cycle-time could be reduced up to almost 6%. The focus
was limited to the standalone operation of a press tending robot, the interactions with other robots and presses were not considered in this optimisation.
Optimisation has also been used during the design process of specialised press
tending robots and robot systems [57, 58].

3.4

Press Line Simulation

Manufacturing and material handling is one of the most important applications of computer simulation within industries [59]. They are an aid for designing systems but also to evaluate suggested improvements to systems. The
latter case is how computer simulations are used in the thesis.
It is crucial to have the necessary level of detail in the computer simulation models. This requires that the right amount of input data and knowledge
about the considered system is available. It becomes quickly obvious that creating an accurate and reliable computer simulation model is an elaborate task.
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Especially, when the considered system is large-scale and complex, which is
true for the systems in the scope of the thesis.
There are several aspects when creating a computer simulation for SBO,
next to the modelling itself. It is necessary to create a suited interface for the
communication between the simulation and the optimiser. During a function
evaluation, the simulation model must record the necessary data for computing the fitness or cost of trial solutions according to the objective function.
When a computer simulation is created, it must be validated to check whether
it accurately represents the considered sheet metal press line. Finally, all these
features must be verified to see whether these work as expected. This has been
done in the thesis for the computer simulation models of the considered sheet
metal press lines.

3.4.1

Sheet Metal Press Line Model

Multiple computer simulation models for tandem sheet metal press lines were
created for the thesis. Although, the framework of the simulation models can
be reused, the details and the input data are different for each press line. The
following tasks were done for building these simulation models.
The same control code as used by the PLCs is used in the computer simulation. The implementation was done using the general language/environment
MATLAB [60]. For the construction of the press lines’ simulation model, the
necessary input data must be retrieved from the equipments’ technical drawings, parameter files, PLCs’ control code, measurements, etc.
The same path planning and velocity control algorithms used in the real
control code of the press lines have been implemented in the computer simulations. This was possible because the PLCs’ control code for the considered
press lines were accessible. Specific control parameters, other than the ones
being optimised, could be retrieved from the parameters files that are usually
loaded in the control systems of the real press lines. This allowed to accurately
replicate the control system of the real press lines in the simulation models.
Also included in the simulations, are the start/stop-signals for the different
motions of the robots and presses, in the same way as in the PLCs’ control
code. These communications force the stations (robots and presses) to synchronise during crucial operations.
Collision detection is included in the computer simulations, but this also
requires certain input data. A faster collision detection method could be used,
as proposed by Nia et al. [61]. The method is based on a transformation of
the 3D CAD model representation into 2D, thereby reducing the computation
time. It is necessary to have 3D CAD models of dies, plates and grippers of the
material handling robots to do this transformation. Some are ready available
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because they were made during the design phase. For others, CAD models
were created by measuring it using 3D scanning.

3.4.2

Verification and Validation

The created computer simulation model must of course be verified and validated. The paradigm adopted for this has been proposed by Sargent [16]. A
schematic illustration of this is given in Figure 3.4. The paradigm exists of
three entities, i.e. the real system, a conceptual model, and the simulation
model. Analysis of the real system provides the information for constructing a
conceptual model of the system. This is validated by performing extra analysis
steps.
The simulation model can be created, based on the conceptual model. This
step requires in general the usual tools and methods from the computer engineering field to implement the simulation model. The implementation must
be verified against the conceptual model. This was done by checking the intermediate output signals/values. These were compared with the conceptual
model of the press line.
For the validation, specific extra input data is required. A laser tracker was
used to measure the motions of the robots and the presses on the real press
line. These measurements, and with the necessary post-processing, could then
be used to validate the model. Specifically, the followed paths, the velocity,
and accelerations could then be compared with the output of the simulation
model. Also, the final output, such as the line’s production rate was measured
and then compared with the output of the simulation model. When there are
difference between the simulation model’s outputs and the measured ones, it
was investigated what has caused this. Once, the cause is known, appropriate remedies are implemented to address the found causes, and the validation
process is continued. When this is done for all outputs, and for the final output values, the simulation model is validated. For the validated models, the
maximum difference between the robots’ position along the trajectory of the
simulation and the measurement was around 90 millimetres for the different
stations. This is a permissible error because the collision detection have a security distance of at least 100 millimetres.

3.5

Summary

In this section, interacting production stations has been defined. A specific characteristics is that they are separate production stations that mainly operate
independent of each other. Though, they interact which each other during
certain intervals and then their operation must synchronise. Furthermore, the
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Figure 3.4: Schematic illustration verification and validation paradigm [16]
time-frame for these interactions is relatively small and therefore must take
place as quick as possible. In the considered press lines in the thesis use a single
2D belt robot between two consecutive press stations. This robot is used to
both unload the downstream press and load the upstream press. Because the
robot has a gripper that can hold two products, it can do the unloading and
loading in a single motion. Because of this, the press stations interact with each
other.
Several control parameters must be tuned in each station specifically for
each product. These parameters specify start/stop-signals, robot paths, robot
velocities, etc. The approach in the thesis is to use simulation models and optimisation techniques to tune these parameters for entire press lines. Thereby,
the interactions are also taking into account. Compared to the current practice
in the industry and previous research work, this is a novel approach. In the
thesis, simulation models of the sheet metal press lines have been created. The
same control code and algorithms used by the PLCs of the real press lines was
used in to build these. These simulation models were carefully verified and
validated.
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Chapter 4
Constructive Cooperative
Coevolution
In this chapter, the proposed Constructive Cooperative Coevolution Algorithm (C3 ) is presented in detail and discussed. This answers research question
1 from Section 1.5. In the final part of this chapter, it is also discussed how C3
can be expanded to other implementations (e.g. embedded algorithms, parallel
computations, etc.) and other types of optimisations.

4.1

Motivation

The elements of C3 ’s design were selected, adopted and combined to handle
known challenges with these applications. These challenges are:
1. Large-scale and high-dimensional: The number of parameters to be
optimised is high (e.g. > 30), often referred to as “size of the problem”.
The search space (dimensionality) and the difficulty of the problem increases nearly exponentially, with an increasing number of parameters.
2. Multi-modal and non-linear: Multiple local optima are present in the
search space. Thereby, C3 must be a global optimisation algorithm to be
able to escape from those local optima.
3. Large infeasible regions: Because of the constraints, there are large infeasible regions in the search space. Finding good feasible solutions is
therefore challenging.
4. Non-separable: There are interdependencies among the parameters. This
property is called separability, and has been formally defined in [62] as
follows:
Definition 4.1. A function f (x) is called separable iff


arg min f (x1 . . . xD ) = arg min f (x1 , . . . ), . . . , arg min f (. . . , xD ) .
x1 ...xD ⊆S

x1 ⊆S

xD ⊆S
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A function with D parameters is called separable if it can be written as
the sum of D functions, each one with just one parameter. Not all these
interdependencies are always known explicitly. The interdependencies
have an influence on the performance of algorithms that decompose the
problem and optimise subproblems, such as the cooperative coevolution
algorithm.
5. Computationally expensive: The function evaluations of the trial solutions are time-consuming. The number of function evaluations is limited by the practical time-frame, which is specific for each problem and
application. As an example, for press line optimisation, this practical
time-frame is around 2-3 days.
On the highest level, C3 adopts the architecture of GRASP, i.e. multi-start
search and each start/iteration includes two phases, first a constructive phase
(i.e. Phase I) and second a local improvement phase (i.e. Phase II), as shown in
Figure 4.1. The multi-start principle introduces diversification in the search,
thereby making it able to escape from local optima. This is necessary for C3
because the considered problems will most definitely be multi-modal and nonlinear.
Next to that, GRASP is selected because it includes a constructive heuristic
to construct good feasible solutions. With the considered problems, there are
large infeasible regions in the search space. Together with a large number of
parameters, this makes it difficult to efficiently find good feasible solutions. Using a constructive heuristic, feasible solutions are created in a stepwise manner.
Typically, this produces better solution more efficiently (i.e. in less function
evaluations) compared to random sampling [15].
Real-world industrial optimisation problems very often have a large number of parameters. This is not different for the control of automated interacting production stations. When the number of parameters (or dimensions)
increases, the size of the search space increases exponentially, and also the difficulty to solve the problem. This phenomenon is referred to as the “curse-ofdimensionality” in the literature [9].
In Phase II, it is chosen to use CCEA. CCEA decomposes the problem
into subproblems, which are then optimised separately. A large-scale problem
is thereby reduced to multiple “smaller” problems. Therefore, CCEA is less
affected by the “curse-of-dimensionality” and suited for large-scale problems
[63]. CCEA was chosen for C3 because of this property.
The chosen elements of C3 thereby address most of the challenges for optimisation the control of automated interacting production stations within a
real-world context.
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PHASE 1
constructive phase
Step 2

...

Step n

PHASE 2
local improvement phase
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...

next iteration

Step 1

Step n

next cycle

Figure 4.1: Constructive cooperative coevolution algorithm (C3 )

4.2

Constructive Cooperative Coevolutionary
Algorithm

In Figure 4.1, C3 and its different phases are illustrated and the pseudo-code is
given in Algorithm 4.1. These will be used to describe the details of how C3
works.
1:
2:
3:
4:
5:
6:

it ← 0
while termination criteria false do
xit,constr ← P haseI(it)
P haseII(xit,constr )
it ← it + 1
end while

Algorithm 4.1: Pseudo-code of the Constructive Cooperative Coevolution
Algorithm (C3 )
Each start or iteration includes two phases. In Phase I, a constructive metaheuristic is employed to create a good feasible solution (xit,constr in Algorithm
4.1) for the entire problem (Line 3 in Algorithm 4.1). Next, in Phase II, the
local improvement phase, the constructed solution is used as initial solution
to be optimised further to find improved solutions (Line 4 in Algorithm 4.1).
Phase II is terminated, and thereby the current iteration it when no better solutions are being found any more (i.e. the search stagnates). At the start of
the next iteration it + 1, Phase I is restarted to build a new feasible solution
xit+1,constr . This is used again as initial solution for the following Phase II. The
best solution x∗ found during all iterations is recorded and is then the final
optimised solution when the optimisation is terminated.
The optimisation problem from (2.1) is decomposed into n subproblems,

33

CHAPTER 4. CONSTRUCTIVE COOPERATIVE COEVOLUTION

prior to the optimisation. These subproblems are optimised separately in the
steps of both Phase I and II. The trial solutions, i.e. the subproblem’s parameter vector, are assembled into a larger solution for the function evaluation.
This larger solution is send to the simulation model to calculate the fitness or
cost value. This larger solution includes more, but not necessary all, subproblems. Only the included subproblems are considered in the simulation model,
while the others are neglected. This only occurs in Phase I, as will be explained
in the next section.

4.2.1

Phase I: Constructive Phase

During Phase I, the constructive phase, a good feasible solution is constructed
by successively searching solutions for a stepwise increasing set of subproblems, without backtracking. There are n subproblems and thereby Phase I includes n steps. In Algorithm 4.2, the pseudo-code is shown. The first iteration
(it = 1) starts with an empty solution. In the first step, the first subproblem is
added and optimised, while excluding all other subproblems (Lines 1-4 in Algorithm 4.2). In each following step, a next subproblem is added and optimised
(Lines 6-11 in Algorithm 4.2). The solutions found during the optimisation in
each step are called “partial solutions”. A partial solution xpi , found during Step
i, is a feasible solution for the i first subproblems, with 1 ≤ i ≤ n. In other
words, a partial solution xpi includes Subproblems 1, 2, until i and Subproblems i + 1 until n are excluded. During the optimisation in Step i, only the
parameters for Subproblem i are modified and the parameters for Subproblems
1 until i − 1 are kept fixed (and the parameters for Subproblems i + 1 until n
are not in the parameter vector). An illustrative example of SubOpt from Algorithm 4.2 of the second step is given in Figure 4.2a and of the third step in
Figure 4.2b.
During the optimisation in Step i, not only the best partial solution, but
the k best partial solutions {xpi,1 , . . . , xpi,k } are recorded (Line 2 and Line 8 in
Algorithm 4.2). These are stored in {Xp } (Line 3 and Line 10 in Algorithm
4.2). The number of recorded partial solutions is a user-defined setting of
C3 , referred to as k. The k partial solutions are stored in {Xp } (Line 3 and
Line 10 in Algorithm 4.2). At the end of each step, the best partial solution
xpi,ji ji ∈ {1, . . . , k} is selected for the next step (Line 9 in Algorithm 4.2). In
Figure 4.2, the selected solutions are indicated in light grey. After Step 1 of the
first iteration, the best partial solution in {Xp } is selected (Line 5 in Algorithm
4.2). Next, in Step i + 1, Subproblem i + 1 is now also included and optimised.
Now, the parameters of the first i subproblems in each xpi+1 are kept fixed to
xpi,j . This is repeated for every step in Phase I.
Finally, in Step n, all subproblems are included and the partial solutions
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Figure 4.2: Illustration of the constructive phase (Phase I) of C3 , a) illustrates
the second step and b) illustrates the third step. Each row corresponds to a
subvector for a subproblem, the light grey subvectors are the ones that have
been selected for the current partial solution. The dark grey subvectors are the
trial solutions that are being optimised.
are now solutions for the entire problem. Again, the best k partial solutions
are recorded, stored in {Xp } and the best one (xpn,j ) of those k is selected. This
solution xpn,j is then used as initial solution in Phase II, i.e. xit,constr = xpn,j .
If there is an inherent sequence among the subproblems, then it is preferred
to use this as the sequence for adding the subproblems. If there is no known
inherent sequence, then an arbitrary one is used. It is important though to take
into account the interdependencies among the subproblems when choosing an
arbitrary sequence.
For the next iterations, when Phase I is restarted, it does not start from
scratch to construct a new feasible solution like in the first iteration. The
best unexplored partial solution in {Xp } is selected to be further constructed
(Line 5 in Algorithm 4.2). This selected partial solution is constructed in the
same way as in the first iteration. New feasible solutions for the entire problem
are then available, and the best one is selected to be the initial solution of
Phase II.
Note, that selecting the best unexplored solution in {Xp } implies that it is
possible to compare the evaluation values of all partial solutions, independent
of the degree of partiality (i.e. how many subproblems are included). This
is usually no problem when all subproblems have a similar structure and the
evaluation value (fitness or cost) represents the same thing for all. When the
subproblems are all very different, it becomes necessary to introduce a weight
factor or heuristic. This should estimate the potential evaluation value of a
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Require: it
1: if it = 1 then
2:
{xp1,1 , . . . , xp1,k } ← SubOpt(∅)
3:
{Xp } ← {xp1,1 , . . . , xp1,k }
4: end if
p
5: (xi,j , i) ← BestU nexplored({Xp })
6: while i < n do
7:
i←i+1
8:
{xpi,1 , . . . , xpi,k } ← SubOpt(xpi−1,j )
9:
xpi,j ← Best({xpi,1 , . . . , xpi,k })
10:
{Xp } ← {Xp } ∪ {xpi,1 , . . . , xpi,k }
11: end while
p
12: return xn,j
Algorithm 4.2: Pseudo-code for C3 ’s Phase I
partial solution when it will be completely constructed.

4.2.2

Phase II: Local Improvement Phase

Phase II, the local improvement phase, starts from the constructed feasible
solution xit,constr . CCEA is employed to further improve this solution. The
pseudo-code for Phase II is given in Algorithm 4.3. As illustrated in Figure 4.3,
CCEA cycles through all subproblems. In each step, a different subproblem
is optimised. When all steps are completed, a collaboration step is performed
before the next step is started.
Require: xit,constr
1: xbl ← xit,constr
2: repeat
3:
l ←l+1
4:
for each Subproblem i do
b
5:
xb∗
l,i ← SubOpt(xl , i)
6:
end for
7:
xbl+1 ← Collab(xbl , xb∗
l )
f (xbl )−f (xbl+1 )
f (xbl )

until
9: return
8:

≤ε

Algorithm 4.3: Pseudo-code for C3 ’s Phase II
In each step, only the parameters of one subproblem are optimised while
the parameters of the other subproblems are kept fixed to the context solu-
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Figure 4.3: Illustration of the CCEA employed during C3 ’s Phase II, a) illustrates the second step and b) illustrates the third step. The light grey subvectors
are the new representative solutions of each subproblem. The dark grey subvectors are the trial solutions that are being optimised.
tion xbl (Line 5 in Algorithm 4.3). A context solution xbl = [xbl,1 , . . . , xbl,n ] is a
feasible solution for the complete problem used during Cycle l for the function
evaluations. Where xbl,i is the subvector that holds the parameters of Subproblem i. By optimising a subvector xbl,i i ∈ {1, . . . , n} in the context solution
xbl , the calculated fitness or cost value during the fitness evaluation shows how
well the new subvector xbl,i cooperates with the other subvectors in the context solution. The same context solution is used for all steps in a cycle. For
the first cycle of Phase II (l = 1), the constructed solution during Phase I is
used as context solution, i.e. xb1 = xit,constr (Line 1 in Algorithm 4.3). At the
end of each step, the best solution found becomes the representative solution
xb∗
l,i for Subproblem i. The representative solutions of all subproblems are used
at the end of a cycle to create a new context solution xbl+1 for the next cycle
(Line 7 in Algorithm 4.3). In Figure 4.3, an illustrative example of SubOpt()
from Algorithm 4.2 is given for Step 2 and Step 3 of C3 ’s Phase II.
b∗
b∗
The representative solutions xb∗
l = [xl,1 , . . . , xl,n ] are combined with the
b
context solution xl in the collaboration mechanism to create xbl+1 . This is done
as suggested by Yang et al. [36] and further discussed in depth by Wiegand et
al. [64]. Using a function v and a weight vector W = [w1 , . . . , wn ], wi ∈ [0, 1].
Then,
xbl+1 = v(W, xbl , xb∗
l )
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where
b∗
b
∀i ∈ 1, ..., n
vi (wi , xbl,i , xb∗
l,i ) = (1 − wi ) xl,i + wi xl,i ,

The following optimisation problem is then solved to find the optimal weight
vector W∗ for xbl+1 ,


b∗
b
(4.1)
min f v(W, xl,i , xl,1 )
W

In this work, the optimisation problem from (4.1) is solved by screening all
possible solutions for the weight vector W. The number of possible solutions for W is equal to 2n , and thus depends on the number of subproblems.
Therefore, when the number of subproblems increases, the number of possible solutions for W quickly explodes. Then, screening all solutions becomes
impractical. A different search method to find the optimal weight vector W∗
needs to be used, as discussed by Wiegand et al. [65].
When the relative difference between new context solution xbl+1 and xbl is
smaller than ε (ε ≥ 0), Phase II is terminated. When the new context solution
is not better than the previous one it is likely that the search has reached a local
optimum in the search space.

4.2.3

C3 ’s Settings and Tuning

There are a very few extra settings with C3 , which makes it easy to apply on
new problems. One of the settings was already mentioned, i.e. k the number
of stored partial solutions in Xp at the end of each step of Phase I. A general
rule for choosing k so that k n must be larger than the anticipated maximum
number of iterations (i.e. restarts) based on the termination criteria for the
subproblem optimisations.
Another setting of C3 that must be tuned is the termination criterion for
the subproblem optimisations. It was found in the thesis that a good rule
of thumb is to choose this so that Phase I of the first iteration requires at
maximum one fifth of the total optimisation time. This is a rough upper limit
to make sure to allow for several iterations.

4.2.4

Embedded Subproblem Optimisation Algorithm

Different optimisation algorithms can be embedded in C3 . This choice affects
C3 ’s performance. It is important to carefully select a well-suited algorithm
for the considered problem (and its subproblems). When all subproblems are
similar, it usually is sufficient to use the same algorithm for all subproblems. It
might be valuable to tune the algorithm’s settings specifically for each subproblem. On the other hand, when the subproblems are very different, it might
become necessary to use specific algorithms for specific subproblems.
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It might also be crucial to take into account that the subproblems’ characteristics could differ during the optimisation with C3 . This is possible because
it has to cooperate with the other subproblems. The subproblems’ solutions
change with every cycle and iteration, and thereby it could affect the other
subproblems. It is thus important to make sure that the used embedded subproblem optimisation algorithm is rather robust, instead of very specific for a
subproblem in specific scenario.

4.3

Problem Decomposition

The ability to decompose the problem so that the embedded algorithm’s performance increases, due to the reduced search space, is critical for C3 . The
problem decomposition, i.e. how the subproblems are created, is not considered in the thesis. Because the focus is on interacting production stations, the
concerned problems have inherent substructures, i.e. the separate stations. As
suggested by Potter and De Jong [63] these substructures are optimal to decompose the problems. In other words, then each subproblem represents a station.
The proposed decomposition scheme is problem specific but covers the scope
of the thesis.
For other optimisation problems, it is not always the case that there are
inherent substructures, or they are not known explicitly. A lot of other research focusses on how to find the optimal decomposition scheme because it
influences the performance of the optimisation algorithms. Especially with
non-separable problems, the performance of CCEA degrades [30, 64]. It is
generally assumed that this is because interdependent parameters belong to
different subproblems and are not optimised together [64]. Although, this is
not entirely certain, as explained in the following paragraphs.
Decomposition Schemes
To inform the reader, a brief overview of these other works concerning the
problem decomposition for CCEA will be given in this section. Potter and De
Jong [63] advocate if the problem’s substructures are known, that these should
be used for the decomposition. Furthermore, a method to discover subproblems dynamically during the search is proposed. Sofge et al. [66] presents a
“blended” population approach that introduces a migration operator to move
populations from one subproblem to a population for the entire problem.
Yang et al. [36] and Zhenyu et al. [67] propose random decomposition of the
problem. When the search progress deteriorates, the problem is decomposed
again randomly into different subproblems. This is repeated multiple times.
Hajikolaei et al. [68] proposes using meta-model techniques to detect parameter
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dependencies and use these to decompose the problem. This is specifically interesting for problems with expensive function evaluations because it requires
rather few evaluation to decompose the problem. Whereas other methods require a relatively high number of evaluations. Chen and Tang [42] investigated
how using prior knowledge about the parameter dependencies for the decompositions affects the performance. It was found, counter-intuitively, that using
only between 0% and 10% of the prior knowledge gives the best performance,
instead of using 100% of the prior knowledge.

4.4

Parallel Implementation

Parallel execution of metaheuristics is known to be a very effective method
to increase the performance [15]. There are several opportunities for speeding up C3 with parallel execution. The choice of parallel implementation of
C3 would of course dependent on the considered problem and the available
computational resources.
In the thesis, the steps of Phase II in which each subproblem is optimised
are performed in a round-robin fashion. A first opportunity is to optimise all
subproblems at the same time during the cycle. That is possible because the
same context solution is used for all subproblems. A second opportunity, is
to adopt the idea for parallel GRASP for cluster computing [15]. The different
iterations are distributed over several processor. However, Phase I must be
modified then, so that multiple feasible solutions are first constructed before
executing Phase II of multiple iterations. A third opportunity is to use an
embedded optimisation algorithm that executes the function evaluations in
parallel. This would speed up the optimisation in each step.

4.5

Multi-Objective Optimisation

C3 can also be used for multi-objective optimisation. When there are multiple
objectives that need to be taken into account, it becomes necessary to use
different optimisation techniques [69]. These problems become specifically
challenging when objectives conflict each other. The target becomes to find
a set of trade-off solutions, usually referred to as a Pareto-optimal front which
gives an overview of all possible trade-off’s.
This can be done with C3 by embedding a multi-objective optimisation
algorithm for the subproblem optimisation. For example, the popular multiobjective algorithm elitist non-dominated sorting genetic algorithm, proposed
by Deb et al. [70], can be embedded in C3 . This is an evolutionary algorithm
that evolves it populations to come very close to the Pareto-optimal front [69].
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4.6

Summary

The C3 optimisation algorithm that is proposed in the thesis is thus based
on GRASP, constructive metaheuristic and CCEA. It requires that the problem is decomposed into subproblems. Each iteration consists of 2 phases. To
quickly find good feasible solutions, a constructive heuristic is employed in
Phase I. In Phase II, the constructed feasible solution is used as initial solution
and further optimised. To handle large-scale problems, CCEA is integrated in
Phase II. When the search stagnates, Phase II is terminated. The next iteration
starts again with constructing a good feasible solution. C3 is designed so that
redundancy in Phase I is avoided and the search is more diverse. The design of
C3 allows it to be used for both single and multi-objective optimisation and it
can be implemented for parallel computation to speed it up.
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Chapter 5
Benchmark Functions
In general, there are two categories of problems to test and evaluate the performance of an optimisation algorithm: benchmark functions and real-world
problems [62]. In the thesis, the proposed Constructive Cooperative Coevolution Algorithm (C3 ) is evaluated experimentally on problems from both categories. This chapter presents a summary of the performed tests on benchmark
functions. Furthermore, the results of these are analysed and discussed. This
answers research question 2 from Section 1.5.

5.1

Benchmark Functions’ Properties

C3 is tested on a set of theoretical benchmark functions. These functions represent artificial optimisation problems. These functions all represent different
problems with specific properties, such as modality, valley landscape, regularity, multiple global optima, separability, etc. These benchmark functions are
frequently used to compare the performance of optimisation algorithms.
With these benchmark functions, it is possible to test and compare the
robustness, efficiency, convergence and validation of different optimisation algorithms. The results of this indicate how the algorithm behaves on different
types of problems. This was tested on a set of benchmark functions in the
thesis for the proposed C3 .
Although there is no standard list of functions, the same ones are often
used in the literature. It is typical to consider multiple benchmark functions
(i.e. >5). Jamil and Yang [62] review a very large list of benchmark functions
in their survey.
A property that affects the difficulty of an optimisation problem is whether
they it is separable or non-separable, as formally described in Section 4.1. If
all parameters are independent of each other, it is possible to optimise each
parameter separately and keeping the others constant, i.e. perform a line search
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[71] in that parameter’s direction, and thereby solve the problem.
The modality of an optimisation problem refers to the number of ambiguous valleys or peaks (depending whether it is a maximisation or minimisation
problem) in the search space. Uni-modal problems have a single valley (or
peak) in their search space. Whereas multi-modal problems have more than
one valley (or peak). This is very often the consequence of the non-linear characteristic of the considered problem. These valleys (or peaks) are thus local
optima. Optimisation algorithms often have the tendency to get (temporary)
trapped when reaching a local optima. Consequently, this decreases their performance.

5.2

Evaluation Procedure

Three aspects of C3 ’s behaviour are evaluated in the thesis: performance, convergence, and robustness. For all three aspects, C3 is compared with other optimisation algorithms. These other algorithms are: CCEAs, PSO, DE, and
SADE.
All tests are repeated numerous times. This is to obtain a reliable mean
value, which is necessary due to the stochastic characteristic of the considered
algorithms. The mean values for performance, convergence, robustness are
compared. To be certain that the samples from different algorithms originate
from different distributions, the two-sample t-test [13] is used. The null hypothesis is that there is no significant difference between the two samples. The
significance level of α = 0.05 for the p-value is used to reject the null hypothesis.
The considered benchmark functions include both uni- and multi-modal
and also separable and non-separable functions. During the analysis, it is
checked whether there are apparent trends that show a specific behaviour for
certain types of problems.

5.2.1

Implementation

The details about the implementation of the benchmark functions and the considered optimisation algorithms is given here. The following nine algorithms
are tested on the benchmark functions:
1. C3 PSO
2. C3 DE
3. C3 SADE

4. CCPSO
5. CCDE
6. CCSADE

7. PSO
8. DE
9. SADE

Specifically, PSO with adaptive inertia weight proposed by Nickabadi et
al. [72], DE proposed by Storn and Price [22] (DE/rand/1/bin), and SADE
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Table 5.1: Specifications of the benchmark functions
Separable

Modality

Domain

Threshold

fSphere
fSchwefel

Yes
No

Uni
Uni

[−10; 10]
[−10; 10]

10−1
104

fRosenbrock

No

Uni

[−10; 10]

103

fGriewank
fRastrigin

No
Yes

Multi
Multi

[−5; 5]
[−5.12; 5.12]

10−1
102

fAckley

No

Multi

[−35; 35]

101

fDixon&Price
fW/Wavy

No
Yes

Uni
Multi

[−10; 10]
[−π; π]

102
100

fSumOfSquares

Yes

Uni

[−10; 10]

10−4

referring to DE with self-adapting control parameters proposed by Brest et
al. [29] are used. The used CCEAs are according to Potter [63]. Three different
variants of CCEAs are used, i.e. CCPSO, CCDE and CCSADE, were the
subproblem optimisation is done using respectively PSO, DE and SADE. In
the same way for the three different variants of C3 , i.e. C3 PSO, C3 DE and
C3 SADE.
Nine different benchmark functions are considered. A list of these nine can
be found in Table 5.1 together with their relevant properties, which are “separability”, “modality”, and “domain for the parameters”. A detailed description
of each benchmark function can be found in Appendix A. Five benchmark
functions are non-separable and the other four are separable. Furthermore,
four benchmark functions are multi-modal and the other five are uni-modal.
The number of dimensions (i.e. number of parameters) of each benchmark
function is 120 (i.e. D = 120). Two decompositions with a different number
of subproblems (n = 12 and n = 6) are tested with the different variants of C3
and CCEA on each benchmark function. For the decomposition with n = 12,
each subproblem has 10 parameters, and with n = 6 each has 20 parameters.
These decompositions are chosen to be practical. As discussed earlier in Section 4.2.2, the number of subproblems should not be too large (n ≈ 15) to
conveniently find the optimal weighing vector W∗ in the collaboration mechanism of C3 ’s Phase II. W∗ is found by screening all possible solutions for W,
which becomes very time-consuming when n increases.
All tests are repeated 30 times to obtain reliable mean results. All repetitions are performed independently, with random start values when required.
The termination criterion for each test is maximum 106 function evaluations.
For the different variants of C3 and the CCEAs, the termination criterion for

45

CHAPTER 5. BENCHMARK FUNCTIONS

the subproblem optimisations is a secondary maximum number of function
evaluations. Additionally, the subproblem optimisation can be terminated earlier when there is no improvement consecutively over a predefined number of
function evaluations. The number of best partial solutions that are recorded
during each step of C3 ’s Phase I is set to 15 (k = 15). This is chosen so that
a sufficient number of feasible solutions can be constructed for all (expected)
iterations. The value for ε, that is used to detect when the search stagnates in
Phase II, is set to 0 (ε = 0).
The population size for DE and PSO is set to 10 × D. When embedded
in C3 and CC, DE’s and PSO’s population size is set to 10×D
. For SADE,
n
3
the population size is set to 4 × D, and when embedded in C SADE to 4×D
.
n
The other settings of the algorithms are tuned specifically for each benchmark
functions, spending the same tuning effort on each.

5.3

Results and Discussion

For simplicity, in this section “C3 ” is used as a collective name for C3 PSO,
C3 DE and C3 SADE. In the same way, “CC” is used for CCPSO, CCDE and
CCSADE, and the “standalone” algorithms for PSO, DE and SADE.

5.3.1

Performance

Analysis
To evaluate the performance, the optimised solutions of the different algorithms are compared. This is done by comparing the GAP value of those
solutions. The GAP value is a value that indicates how close/far the optimised
solution is from the known global optimum of the benchmark function.
Discussion
All results can be found in in Table B.1-B.3 in Appendix B. There, for each algorithm the first column shows the mean performance and the second column
the standard deviation of the samples.
When comparing C3 with CC, the results show that C3 ’s performance is
better, especially on the five non-separable functions. This is the case for both
decompositions (n = 12 and n = 6). Even on some of the non-separable
benchmark function, CC performs similar to the standalone algorithms. It
can be concluded that CC struggles with the non-separable functions whereas
C3 performs much better.
When comparing C3 with the standalone algorithms, the results show that
3
C also outperforms those on almost all benchmark functions. Independent
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whether the problem is separable or non-separable. There are few exceptions
to this. These are due to a not ideal decomposition of the problem or that the
embedded optimisation algorithm is not well-suited for subproblems. Though,
it can be said that the performance of the standalone algorithms is affected
negatively by the high-dimensionality.
It should be noted that their is no apparent trend for uni- or multi-modal
benchmark functions. It can be concluded from this that C3 ’s performance
is not affected by the function’s modality. The computational effort of C3 ,
CC and the standalone algorithms are also compared during the tests. It was
noticed that there is no significant difference.

5.3.2

Convergence

Analysis
To evaluate the convergence of C3 and compare it with that of the other algorithms, a threshold value is used. The measure for the convergence is how
many function evaluations it takes before a solution with a fitness or cost value
that is better than the threshold is found. Because the optimisations are minimisation problems here, the goal is to find a solution with a cost value lower
than the threshold value. If the final optimal solution found in a test still has
a cost value above the threshold, then it is said that this test was unsuccessful.
The threshold values for the different benchmark functions are given in Table
5.1. These threshold values are determined so that it relates to the cost values
of the solutions in the periphery of the global optimum. The mean convergence of all successful repetitions of the different algorithms is compared for
each benchmark function. Note that the unsuccessful repetitions are ignored
for calculating the mean.
Discussion
The results of all tests can be found in Table C.1-C.3 in Appendix C. For each
algorithm, the first column shows the average convergence. There “-” means
that none of the repetitions were successful. The second column shows the
number of successful repetitions.
From the results, in general, it can be concluded that C3 has a faster or equal
convergence compared to CC. Though, it should be noted that this was not
the case for C3 SADE compared to CCSADE, whose convergence is similar.
It can be assumed that SADE, as a standalone algorithm, has a fast convergence. Thereby, the improvement when embedded in CC and C3 is not that
pronounced.
There is no clear trend when comparing C3 ’s convergence to that of the
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standalone algorithms. The convergence varies for different problems. Though,
it is always similar for both decompositions. Indicating that the convergence
is not affected significantly by the decomposition. Furthermore, there is no
apparent trend for the uni- or multi-modal functions.

5.3.3

Robustness

Analysis
For the analysis, the robustness is defined as the algorithm’s ability to consistently find solutions that are better than the specified threshold in Table 5.1.
Hence, a robust algorithm finds solutions past the threshold for all the repetitions. Whereas a non-robust algorithm fails to do this repeatedly.
Discussion
The results of all tests can be found in Table C.1-C.3 in Appendix C. For each
algorithm, the second column shows the number of successful repetitions.
When comparing C3 with CC, it can be seen that C3 has a better robustness. More specifically, CC struggles on 2 of the non-separable functions,
which contributes to the earlier observation that CC has difficulty handling
non-separable functions. Furthermore, the results also show that C3 is significantly more robust on nearly all benchmark functions compared to the
standalone algorithms. It can thus be concluded that C3 has an improved robustness compared to other algorithms.
Another observation with the robustness results is that there is no apparent influence by the embedded optimisation algorithm for the subproblem
optimisation. It should be noted that, interestingly, this was not the case for
the performance and the robustness. Finally, there is no apparent trend for the
uni- or multi-modal functions and thus also C3 ’s robustness is not affected by
this.

5.4

Summary

The results showed that C3 has a better performance, faster (or similar) convergence, and more robust compared to CC on non-separable problems. This
was one of the aims with the design of C3 , as explained in Chapter 4. In general, C3 ’s performance, convergence and robustness on the separable problems
is either similar of better than CC, with very few exceptions. It can thus be assumed that this is mainly due to the constructive metaheuristic in C3 ’s Phase I,
as this is the main difference between the two.
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On the other hand, no apparent trend was noticeable among the result for
uni- or multi-modal problems. Indicating that this property does not affect
C3 ’s performance, convergence or robustness significantly.
Furthermore, the decomposition and the embedded algorithm for the subproblem optimisation can have a large influence on C3 ’s performance, even to
such an extent that choosing another algorithm becomes preferrable.
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Chapter 6
Real-World Problems
This chapter presents the experimental evaluation of C3 on real-world problems. The considered real-world problems are concerned with optimising the
control of sheet metal press lines. As explained in Section 3.2, press lines include all elements that are typical for interacting production stations. The
evaluation of C3 is done in three steps:
1. C3 compared to other optimisation algorithms.
2. C3 compared to manual tuning.
3. C3 with different objective functions.
This answers research questions 1 and 3 from Section 1.5. Each step is presented in a section of this chapter.

6.1

C3 vs. Optimisation Algorithms

C3 ’s performance is compared to other optimisation algorithms. These other
algorithms are: DE, PSO and CoLiS. DE and PSO are chosen because they are
applicable to a wide range of problems, including optimising sheet metal press
lines (i.e. the press line problem) and because they are easy to implement and
work with. CoLiS was chosen because it certainly would find good solutions
because it has been proposed specifically for press line optimisation [48].
Three different variants of C3 are tested: C3 DE, C3 PSO, and C3 CoLiS.
Each variant has a different embedded optimisation algorithm for optimising
the subproblems, which are DE, PSO and CoLiS, respectively. DE and PSO
are chosen because they perform significantly better when combined with
CCEA [35, 38]. CoLiS was chosen, again because it is known that it is very
well-suited for press line optimisation [48].
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6.1.1

Press Line Problems

These different variants of C3 are tested on two different press line problems,
referred to as Press Line Problem 1 and Press Line Problem 2. Both include
four press stations (n = 4) and are entirely based on real tandem sheet metal
press lines that are used in the automotive industry.
The first press line problem is referred to as Press Line Problem 1. For each
press stations, eleven parameters need to be optimised: five robot velocities, six
start/stop signals. The bound constraints (i.e. the allowed range) for the robot
velocity parameters are based on the maximum velocity of the robots. As
there are four press stations in the line, in total, there are 44 parameters for
Press Line Problem 1 (D = 44). Note that here the robot paths are predefined
and not included in the optimisation.
For the second press line problem, i.e. Press Line Problem 2, the robot
paths are also optimised. For each station, there are 16 extra parameters that
need to be optimised, next to the eleven parameters for the velocities and
start/stop signals. The bound constraints for the robot path parameters are
determined based on the distance between the upper and lower die when the
press is in full open position. As there are four press stations in the line, in
total, there are 108 parameters for Press Line Problem 2 (D = 108).
Press Line Problem 2 has thus much more parameters to optimise compared to Press Line Problem 1. This is chosen so that it can be observed how
C3 (all 3 variants) behave when the number of parameters and thus dimensions
increases. This is of interest because C3 is intended for high-dimensional optimisation problems. The same is done for the other optimisation algorithms
for the comparison.
The computer simulation models of the press lines include the same control code and algorithms as in the real press lines’ PLCs and robot controllers.
Furthermore, the collision detection is based on the 3D CAD models used
during the design phase of the plates and dies. All presses in both press line
problems are of a similar type, i.e. mechanical presses [73]. Each press has a
maximum stroke rate of 18 strokes per minute. Consequently, this is also the
maximum production rate for the press line.
When the parameters of the press line problems are manually tuned by the
operators, the resulting production rate is typically not more than 11 plates per
minute for both Press Line Problem 1 and Press Line Problem 2. One should
also know that small improvements to the production rate are already very
rewarding for the industry. For example, even an increase to the production
rate of half a plate per minute is already five per cent extra production, or up
to 6000 additional plates produced in a week.
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6.1.2

Implementation

During these tests, the optimisation’s objective is to maximise the production
rate of the entire press line. An additional constraint, next to the parameters’ bound constraints, is that no collisions occur. When a collision occurs, a
penalty is subtracted from the fitness value, which here is the production rate
of the press line.
The press line problems are decomposed into subproblems for the optimisation with C3 . The decomposition of both press line problems is based on
the inherent substructures, i.e. the press stations. Hence, every subproblem
represents a single press station and thus there are four subproblems in total
(n = 4). As explained in Chapter 3, each press station includes one press and
the downstream robot. The parameter vector for each subproblem contains
all the parameters that are relevant for the corresponding press station.
Each test is independently repeated 15 times, with random start values.
Except for C3 CoLiS and CoLiS because CoLiS is a deterministic optimisation
algorithm, one repetition is sufficient as every repetition would give exactly
the same result.
The termination criterion for the optimisation is a primary maximum
number of function evaluations and for all tests this is 206 . For C3 ’s subproblem optimisations in each step, the termination criterion is a secondary
maximum number of function evaluations. Additionally, when there is no
improvement consecutively over a predefined number of function evaluations,
the subproblem optimisation is terminated earlier. As a rule of thumb, it was
chosen that the secondary maximum number of function evaluations should
not be more than 41n times the primary maximum number of function evaluations.
This is to allow to have at least 4 iterations. The number of stored partial
solutions during each step of C3 ’s Phase I is set to ten (k = 10). This is chosen
to be able to construct sufficient feasible solutions for all (expected) iterations.
The value for ε, that is used to detect when the search stagnates in C3 ’s Phase
II, is set to 0.001 (ε = 0.001).
The DE (DE/rand/1/bin) proposed by Storn and Price [22] and PSO with
adaptive inertia weight proposed by Nickabadi et al. [72] are used here. The
population size for DE and PSO is set to 10 × D. When embedded in C3 and
CC, DE’s and PSO’s population size is set to 10×D
. For DE, the crossover
n
probability (CR) was set to 0.2 and the differential weight (F) was 0.1. PSO is
tuned as recommended by van den Bergh and Engelbrecht [38].
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Table 6.1: Results from the tests on both press line problems with the six
different optimisation algorithms (means of 15 independent repetitions)
Press Line Problem 1
(D = 44)

Press Line Problem 2
(D = 108)

mean (± CI)

std

mean (± CI)

std

DE

14.9(±0.03)

0.06

11.4(±0.12)

0.26

3

C DE

15.1(±0.07)

0.12 12.8(±0.22)

0.39

PSO

15.5(±0.08)

0.14

12.2(±0.23)

0.42

C3 PSO

15.5(±0.16)

0.28 14.0(±0.44)

0.81

CoLiS

13.1

-

12.3

-

C3 CoLiS

15.7

-

13.7

-

When there is a significant difference, the best result is
highlighted in bold

6.1.3

Results and Discussion

In this section, for simplicity “C3 ” is used as a collective name for C3 DE,C3 PSO
and C3 CoLiS; and the “standalone” algorithms for DE, PSO and CoLiS.
All the results with the different algorithms on the two press line problems
are given in Table 6.1. The results are thus the production rate of the final
optimised solution. The mean and the standard deviation of the 15 independent repetitions is given there for each test. Additionally, the 95% confidence
interval (CI) for the mean is also given there. To compare the results of C3
and the standalone algorithms, a two-sample t-test is performed to check if the
samples are from different distributions. The null hypothesis is that the two
samples belong to the same distribution and is rejected if the p-value is smaller
than 0.05 (α = 0.05).
In Figure 6.1, the convergence graphs of the mean results on, respectively
Press Line Problem 1 and Press Line Problem 2 are shown. The convergence
graphs plot the best solution found (vertical axis) against the number of function evaluations (horizontal axis).
Note that in C3 ’s convergence graphs (i.e. Figure 6.1a and c), the first part
is zero and after a couple thousands function evaluations starts to increase.
It then jumps immediately to a relatively good solution. This is due to C3 ’s
Phase I. The constructive metaheuristic in Phase I does not find a solution for
the complete problem until the last step. To not mix up the production rate
of just several stations with the production rate of the entire press line, the
convergence graphs shows zero until all stations are added in Phase I.
It can be seen in Table 6.1 (also in Figure 6.1), that C3 outperforms the
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Figure 6.1: Mean convergence graphs: a) C3 s on Press Line Problem 1, b) standalone algorithms on Press Line Problem 1, c) C3 s on Press Line Problem 2,
d) standalone algorithms on Press Line Problem 2.
standalone algorithms. With the single exception for PSO and C3 PSO on Press
Line Problem 1. The performance of PSO and C3 PSO are similar because the
means are the same and there is no significant different between the two.
Comparing the results from the different press line problems with each
other, it can be seen that C3 ’s advantage over the standalone algorithms is
more pronounced on Press Line Problem 2 then on Press Line Problem 1.
This indicates that C3 is less affected by the increase in number of parameters
(and dimensions) compared to the standalone algorithms. It can be concluded
that C3 is well-suited for large-scale, high-dimensional optimisation problems.
It can also be observed that C3 finds a good solution early in the optimisation, i.e. after just a couple of thousands function evaluations. For the rest
of the optimisation, rather small improvements are made. From this, it can be
concluded that the constructive metaheuristic in C3 ’s Phase I is very effective
to generate good feasible solutions.
Comparing the different variants of C3 , large differences in the performance can be seen. Hence, the embedded algorithm for optimising the subproblems has a large influence of C3 ’s performance. It is thus important to
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select an optimisation algorithm that is well-suited for the subproblems.

6.2

C3 vs. Manual Tuning

In this section, the performance of C3 is compared with the performance of
online manual tuning by experienced operators. This is to evaluate whether
C3 combined with SBO are an effective method for the industry. The solutions
obtained by the operator are often of high quality, specifically when the operators is experienced with a certain line and type of part. For this comparison, a
manually tuned solution has been measured on the real sheet metal press line.

6.2.1

Implementation

The optimisation’s objective is to maximise the press line’s production rate.
For this work, a different real sheet metal press line as in Section 6.1 was first
studied to build an accurate computer simulation model of it. The line consists
of 4 press stations (n = 4) and each has 19 parameters: 5 robot velocities, 6
start/stop signals and 8 robot locations. Hence, in total 76 parameters are
optimised (D = 76). This simulation model has been verified and validated, as
discussed in Section 3.2, for the purpose of SBO.
For the comparison, the operations of press line were measured for a specific product. The parameters of this press line were tuned for this product
by the line’s operator. During the measurements, the robot trajectories and
the press trajectories were recorded. These are then used to calculate the lines
production rate.
The same set of parameters that operator tuned are then optimised by C3
using SBO with the validated simulation model for the same product. For this
test, the C3 SADE variant of C3 was used, i.e. using SADE for the subproblem
optimisations in C3 . SADE refers to DE with self-adapting control parameters
proposed by Brest et al. [29]. Due to the stochastic characteristic of SADE, the
test was repeated 30 times to obtain a reliable mean results. The population
size for SADE was set to 2 times the number of parameters. The termination
criterion for the optimisation here is 106 function evaluations.

6.2.2

Results and Discussion

The results of the tests are shown in Table 6.2. The mean and the standard
deviation of the repetitions with C3 SADE is given. The production rate of the
tuned solution by the operator is also given in Table 6.2.
When comparing these, it can be seen that the obtained result with C3 SADE
and SBO is better than that of the operator. The improvement in production
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Table 6.2: Results from the optimisation with C3 SADE (mean of 30 independent repetitions) compared to manual tuning
optimisation
operator
mean std
production rate (plates/min)

11.8

0.1

9.03

rate is around 30%, which is very significant for sheet metal press lines. The
standard deviation is relatively small. This is interesting because in a real-world
scenario the optimisation would not be repeated 30 times, instead it would be
done just once due to the available time-frame.
It is important to point that optimising only the production rate might
not be the preferred case in a real-world scenario. This is because other aspects
should be included as well, i.e. maximum jerk, etc. When the operators tune
the press line, this is taken into account intuitively. They perform the tuning
online and thereby get visual feedback of the press line’s operation. Though,
these results illustrate the magnitude of the potential improvements that can
be realised with C3 and SBO. The next section focusses on including different
objectives to optimise of sheet metal press lines.

6.3

Objective Functions

Combining different objectives in the objective function to take into account
multiple aspects of the press line’s performance can be very valuable or even
necessary to generate useful optimised solutions. This is important to avoid
certain harmful effects such as excessive wear or high energy consumption.
When such aspects of the line’s performance are not included in the objective
function (or constraints), they are ignored by the optimisation. The goal of
this is to investigate the importance of including energy consumption and wear
in the objective function.

6.3.1

Implementation

The same sheet metal press line as in Section 6.2 is used for this. So, there
are 4 stations (n = 4), and in total 76 parameters (D = 76). Also here,
C3 SADE is used in all tests and its population size is set to 2 times the number
of parameters (2 × D). The termination criterion here is also 106 function
evaluations.
The production rate of the press line is optimised to meet a predefined
target production rate ptarget . A part of the optimisation’s objective is thus to
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find parameters so that the line’s production rate is a close as possible to ptarget .
The function g(x), used in the objective function, is defined as
g(x) = C p(x) − ptarget

2

(6.1)

where C is a scaling constant. Small deviations from ptarget will not be penalised strongly. The penalty increases rapidly when the difference becomes
larger. In the objective function, g(x) is then summed with a term for energy
consumption or wear. The scaling constant C is determined so that a difference of ±0.5 plates per minute compared to ptarget cannot be compensated by
the other term in the objective function.
Obviously, g(x) can easily be adapted to represent other requirements according to the target production rate ptarget . For example, when ptarget is just
a lower limit, then g(x) returns a penalty when the production rate is lower
then ptarget , otherwise it returns zero.
As a baseline, tests are performed with only g(x) in the objective function.
These results are then compared with the objectives functions that also optimise energy consumption or wear. The objective function of this baseline test
is then
fbase (x) = g(x).

(6.2)

The mean energy consumption and wear of this baseline test is used as a reference for the results from the other objective functions that also optimise
energy consumption and wear. The energy consumption and the wear of the
baseline test is said to be 100.0, as shown in Table 6.3. The energy consumption
and the wear of the results with the other objective functions is then expressed
relative, as a percentage, of the energy consumption or the wear of the result
of the baseline test.
Two other objective functions are tested, these consider respectively the
energy consumption or the wear of the material handling robots in the press
line. This is done for 3 different target production rates: 9, 10, and 12 plates
per minute.

6.3.2

Energy

The energy consumption of the material handling robots in the sheet metal
press line can be reduced by changing the parameters that control the velocity, start/stop signals, and the path. On the other hand, it is important to
also consider the production rate while optimising the energy consumption to
guarantee that the line meets the target production rate.
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Motivation
Reducing the energy consumption in production is becoming more and more
important to the manufacturing industry. The European Union aims for a
reduction of 20% in primary energy consumption in the manufacturing industry by 2020, using 2007’s consumption as a reference [74]. Also in the
United States, this is becoming important as the cost of purchased electricity
has increased by 20% in the manufacturing industry from 2002 to 2010 [75].
Specifically with robotic operations, such as the material handling operations,
significant energy saving can be achieved without changing the operations’ cycle times or sequences [6, 76]. In the thesis, the energy consumption of the
material handling robots in the press line is optimised. The motion of the
presses are not optimised because these are defined by specific requirements
for the stamping process.
Energy Optimisation
Robots, or other devices, used for material handling are very often driven by
electrical motors. Therefore, the total energy consumption or delivered mechanical work W , between time t1 and t2 , can be written as:
W =

J Z
X
j=1

t2


ωj Tj (ωj ) dt

(6.3)

t1

with J as the number of joints in the robot, Tj (ωj ) as the applied torque on
the j th joint, and ωj as the angular velocity of the j th joint [77].
To maintain the same cycle time (i.e. target production rate ptarget ), the
objective function must also include the production rate. This is done using
function g(x) from (6.1). The objective function for S stations, and Rs robots
in each station s, then becomes
fenergy (x) = g(x) +

S X
Rs
X
s=1


Ws,r (x)

(6.4)

r=1

where Ws,r (x) estimates the total energy consumption of the rth robot in
tation s for x according to (6.3).

6.3.3

Wear

Next to the energy consumption, in the thesis, also wear of the equipment
(robots’ motors, belt, grippers, etc.) while meeting the target production rate.
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Motivation
Excessive wear of the equipment leads to more frequent production interruptions due to breakdowns and the need to perform maintenance jobs. Consequently, the production will be delayed and products will be produced later
than expected or required, which eventually leads in extra costs. For material handling robots, wear originates from abrupt changes in torque load.
This causes harmful stresses and vibrations in the robot’s structure and joints.
Abrupt changes in torque can be avoid by having smooth motions along the
trajectories of the robots [48, 78–81].
Because, the operators have a visual feedback of the smoothness of the
robot motions, they unconsciously or intuitively also take this into account
when tuning the parameters. The optimisation results are also compared with
the measured solutions on the real sheet metal press line. This is interesting to
compare C3 ’s results with the operators.
Wear Optimisation
According to Gasparetto and Zanotta [81], smooth motions can indirectly be
obtained by minimising the integral of the squared jerk along the robot’s trajectory. This means that the following function, for a robot with J joints,
should be minimised
J  Z t2

X
N=
(ω¨j )2 dt
(6.5)
j=1

t1

where ωj is the angular velocity of the j th joint. The jerk is obtained by taking
the second derivative of ωj .
As with the energy consumption, also here, the function g(x) from (6.1) is
used in the objective function to check if ptarget is met. The objective function
for S stations, and Rs robots in each Station s, can be written as follows
fwear (x) = g(x) +

Rs
S X
X
s=1


Ns,r (x)

(6.6)

r=1

where Ns,r (x) is calculated according to (6.5).
Specifically, for material handling robots, minimising the jerk is also important to avoid dropping the product from the grippers. High jerks along the
trajectory could make the products inertia forces exceed the gripping forces.
Specifically with astrictive grippers (e.g. magnetic, suction cups, etc.).

6.3.4

Results and Discussion

All results are shown in Table 6.3. The production rate, energy consumption
and wear (vertical) are given for each objective function fenergy , fwear and fbase
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Table 6.3: The production rate, energy consumption and wear of the optimised solutions of the different objective functions fenergy , fwear and fbase
(means of 30 independent repetitions) and of the measurement on real press
line foperator

ptarget

fenergy
fwear
fbase
mean
std mean
std mean
std

foperator

production 12
rate
10
(strokes/min) 9

12.2
10.0

0.68
0.01

12.0
10.0

0.01
0.01

12.0
10.0

0.01
0.01

-

9.00

0.01

9.01

0.01

9.00

0.01

9.03

12
energy
10
consumption
9

59.7

3.85

115.0

7.55

100.0

8.37

-

60.4

1.90

132.8

5.38

100.0

7.59

-

60.0

2.84

127.3

5.01

100.0

6.82

89.9

12
10

73.5
72.0

34.4
75.3

19.3
12.1

26.0
0.43

100.0
100.0

33.1
148.6

-

9

121.6

31.2

30.6

4.78

100.0

34.5

65.1

wear

and for the measured solutions foperator that was tuned by the operators (horizontal). This is done for three different ptarget : 9, 10, 12, except for foperator
because only one measured solution was available.
To determine whether the samples are from different distributions, a twosample t-test is used, with significance level α = 0.5. This showed that there
is a significant difference between the energy consumption and the wear of the
solutions of the different objective functions.
In the first three rows in Table 6.3, it can be seen that with all the objective
functions, ptarget is met very closely. The spread is acceptably small, which
is important because in a practical scenario the optimisation would not be
repeated more than once due to the available time-frame.
In the next three rows in Table 6.3, the energy consumption of the solutions is shown. With fenergy , significant energy reductions are achieved compared to fbase , i.e. around 40% less. With fwear , there is an increase in energy
consumption of 15% up to 30% depending on ptarget , compared to fbase . It can
be concluded that only focussing on reducing the wear leads to an increased
energy consumption. Furthermore, comparing foperator with fenergy shows
that the optimisation is better at reducing the energy consumption than the
operators, i.e. around 30% less.
In the bottom three rows in Table 6.3, the wear of the solutions is shown.
It can be seen that fwear reduces the wear more compared to fbase , from 70%
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up to 88% depending on ptarget . This indicates that it is important to consider
the wear in the objective function. Furthermore, the results show that fwear
outperforms foperator , as the difference in the wear reductions is 35%. Thus,
C3 and SBO is better at reducing the wear compared to the operators.
Although, it should be noted that the operators succeed in reducing the
wear significantly, i.e. already 35% compared to fbase . Especially as they manage this by judging the smoothness of the robot’s motions by sight and experience. Though, the result is not very reliable because it heavily depends on the
operators.

6.4

Summary

This chapter discussed the experimental evaluation of C3 on real-world problems of automated interacting production stations. The considered real-world
problems are to optimise the control of sheet metal press lines. These are a
typical example of automated interacting production stations. The objective
was to increase the production rate and also minimise energy consumption and
wear. C3 in a SBO-framework is successfully used to optimise the parametrised
control system.
It is also shown that C3 is a competitive optimisation algorithm. On the
considered problems, C3 performs better compared to other algorithms. As
intended, it is well-suited for large-scale, computationally expensive problems.
The quality of the solutions obtained with C3 is better compared to the
operators. When the objective is to increase the line’s production rate, C3 ’s solutions are 30% better than those of the operators. Nevertheless the stochastic
characteristics of C3 , the spread among the results of the repetitions is rather
low. Thus, a reliable result can be obtained after a single repetition, which is
necessary to be useful in a real-world scenario due to the available time-frame.
The importance of also considering energy consumption and wear when
optimising the production rate of the press line is investigated. It was found
that this is crucial for both the energy consumption and the wear. When taking
into account other objectives than the production rate, C3 still found better
quality solutions than the operators. The results indicated that remarkable
reductions in energy consumption and wear can be achieved by including it in
the objective functions, i.e. up to 30% less energy and 35% less wear compared
to the operators.
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Conclusions and Future Work
7.1

Summary

Optimising the control of interacting production stations in a real-world context, is the focus of the thesis. This optimisation problem is complex and therefore it becomes necessary to use a computer simulation model to represent it,
rather than a set of mathematical expressions. To successfully optimise these
problems, there are several challenges for the optimisation algorithm. These
challenges are due to that the problems are high-dimensional, non-linear, include large infeasible regions, non-separable and computationally expensive.
An algorithm, called the Constructive Cooperative Coevolution Algorithm
(C3 ), is proposed for this purpose. C3 incorporates elements from other existing optimisation algorithms, i.e. constructive metaheuristics, Greedy Randomised Adaptive Search Procedure (GRASP), Cooperative Coevolution Algorithm (CCEA). Each of these has a specific ability that is useful to be able
one of the challenges with interacting production stations.
In the thesis, C3 is experimentally evaluated and compared with other optimisation algorithms. The considered problems in this evaluation included
standard benchmark functions and real-world problems to optimise the control of sheet metal press lines.
The experiments on the standard benchmark problems revealed that C3 ’s
performance is better than other algorithms (i.e. Differential Evolution Algorithm (DE), Particle Swarm Optimiser (PSO) and Self-Adaptive Differential
Evolution Algorithm (SADE)). Furthermore, compared to CCEA, C3 performs better on non-separable problems, i.e. problems with interacting variables. On the other hand, C3 ’s performance is similar on separable problems.
Also the robustness and convergence speed was evaluated. This showed that in
general C3 is more robust and converges faster than the other algorithms.
The experiments on the sheet metal press lines showed that C3 is very wellsuited for large-scale real-world optimisation problems. Compared to other
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optimisation algorithms (i.e. Differential Evolution Algorithm (DE), Particle
Swarm Optimiser (PSO) and Combined Lipschitzian and Simplex Algorithm
(CoLiS)), C3 ’s performance is less affected by an increase in number of parameters (or dimensions).
With the sheet metal press line, it was also shown that the quality of C3 ’s
solutions is better than the solutions achieved by manual tuning by experienced and skilled operators. Also, nevertheless C3 ’s stochastic characteristics,
the spread among the results is permissible to still obtain a reliable solution
after just a single repetition. To the author’s knowledge this is the first time
that an entire sheet metal press line is effectively optimised in this way, and
thereby outperforming skilled and experienced operators.
Finally, different objective functions for C3 have been tested on a sheet
metal press line. The purpose was to investigate the importance of also considering the energy consumption and wear, when optimising the production
rate. It was shown that remarkable reductions in energy consumption (up to
40%) and in wear (up to 88%) can be achieved. The results were compared
with what can be achieved by the operators and C3 shows larger reductions
both in terms of energy consumption (30%) and wear (35%).

7.2

Conclusions

The goal of the thesis was to learn “how to optimise the control of automated interacting production stations”. As presented in Chapter 6, it could be concluded
that with C3 in an SBO-framework the control of interacting production stations was successfully optimised, and the obtained solutions are better compared to manual tuning by the operators. Furthermore, the research questions
from Section 1.5 were answered as explained in the next paragraphs.
Research question 1 from Section 1.5 is “how to guide the search in an algorithm to optimise the control of automated interacting production stations”.
To answer this, first the different aspects and challenges for optimising interacting production stations have been studied, as presented in Chapter 3. Based
on this and an analysis of different metaheuristic optimisation algorithms (presented in Chapter 2), an optimisation algorithm has been proposed. The motivation and the details of this optimisation algorithm, called Constructive Cooperative Coevolution Algorithm (C3 ), are presented in Chapter 4. In Chapter
6, the performance of C3 is evaluated on real-world problems concerning automated interacting production stations. The comparison with other algorithms
shows that C3 is well-suited to optimise these problems. Also compared to
manual tuning, the results show that C3 gives better quality solutions. This
answers the first research question.
Research question 2 from Section 1.5 is “for which type of problems is the
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proposed algorithm C3 well-suited”. To answer this, C3 is experimentally evaluated on theoretical problems, in the form of standard benchmark functions.
As presented in Chapter 5, this revealed that C3 performs better on large-scale
optimisation problems compared to other algorithms. This was the intention
of the C3 algorithm. Compared to the CCEAs, C3 performs particularly better
on non-separable problems. This answers the second research question.
Research question 3 from Section 1.5 is “how to quantify the overall performance of interacting production stations using computer simulations”. As
presented in Chapter 6, different objective functions were tested with C3 on
a real-world sheet metal press line. This illustrated that it is very important
to not only include the production rate in the objective function. The energy consumption and the wear of the material handling robots must also be
minimised during the optimisation. This answers the third research question.
The results also showed that with C3 , the energy consumption and wear
can be reduced more than what is achieved by manual tuning by the operators.
This adds to the earlier conclusion that C3 in an SBO-framework is effective to
optimise the control of interacting production stations.

7.3

Future Work

There are several aspects of the thesis that can be further investigated in the
future, to gain a deeper understanding and further insights. In this section, the
different aspects of possible future work based on the thesis are discussed.

7.3.1

Advanced Objective Functions for Interacting Production Stations

Part of the future work should include further investigation to learn how to integrate different objectives into a single objective function. Especially, to learn
how to determine an optimal balance of the priorities of those different objectives. Obviously, extra information about the interacting production stations
must be available to construct such objective functions, for example about the
breakdown frequency relative to the level of wear, the required time to address
a breakdown and resume production, etc. The priorities of the different objectives directly influences the optimised solution. It might not be sufficient
to just combine them using a weighted sum, i.e. summation of each objective multiplied with a weighting factor. For example, when two objectives
strongly influence each other. This is the case for optimising the production
rate and wear. The wear affects the frequency of breakdowns and thereby the
production interruptions, and consequently the time to manufacture a batch
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of products. The production rate of the solution from the optimisation will
thus not be the resulting overall production rate for a batch of products.
Investigating how to construct objective functions that integrate the relationships how the different objectives influence each other would thus be
valuable. Specifically, how this can be done efficiently for the purpose of optimisation. Furthermore, when a weighted sum is used, it must be investigated
how to determine the optimal weighing factors for the different objectives for
interacting production stations.

7.3.2

Multi-Objective Optimisation with C3

When no further information about the interacting production stations is
available, it is impossible to determine weighing factors to combine multiple
objectives in a weighted sum, or to construct an advanced objective function
that integrates the relationships between the different objectives. The same is
true when the information varies frequently, i.e more than the required optimisation time. In this case, by the time the optimisation is done, the used
weighing factors or the used objective function is already not valid any more.
In this case, the optimisation must consider each objective “separately”, which
is called multi-objective optimisation.
With multi-objective optimisation, a set of optimal solutions is found rather
than a single optimal solution. Without any further information about the interacting production stations, it cannot be said that one solution of this set is
better than another. This set of optimal solutions is typically known as Paretooptimal solutions. Note that when a weighted sum is used to combine the
objectives, the optimisation will only find one particular Pareto-optimal solution at a time. Hence, multi-objective optimisation algorithms are interesting
because these find all Pareto-optimal solutions in one optimisation.
A multi-objective optimisation algorithm adopts certain procedures to determine and track this set of Pareto-optimal solutions. An example of such an
algorithm is the non-dominated sorting genetic algorithm proposed by Srinivas and Deb [82]. This algorithm uses nondominated sorting to determine
whether a solution is Pareto-optimal and a GA’s population to track all the
Pareto-optimal solutions. It must be investigated how such procedures, that determine and track Pareto-optimal solutions, can be integrated in C3 . In Phase
I, to determine the k best partial solutions in each step. In Phase II, there is a
similar need to be select the representative solutions in each step. This would
then enable to use C3 to address multi-objective optimisation problems.
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7.3.3

Discrete Optimisation with C3

So far, the work with C3 has been limited to continuous optimisation problems. Though, there are also real-world discrete optimisation problems with
interacting production stations, for example line balancing problems to divide
the manufacturing operations over the different stations so that the load on
each station is similar. For this kind of problems, it is necessary to use a discrete optimisation algorithm for the subproblem optimisations in C3 .
The challenges encountered when selecting/designing a discrete optimisation algorithm are very different compared to continuous optimisation algorithms. For example, the performance of an optimisation algorithms can differ significantly depending on the specific operations to create new solutions.
These operations are also very often problem-specific. It would be very interesting to test C3 in this way on discrete optimisation problems with interacting
production stations.
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This appendix shows the details of the benchmark functions used for the
theoretical experiments in the thesis:
Sphere function
D
X
fSphere (x) =
(A.1)
x2i
i=1

where the global minimum is located at x∗ = f (0, . . . , 0), f (x∗ ) = 0. This is a
separable uni-modal function.
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Figure A.1: Sphere function
Schwefel’s Problem 1.2
fSchwefel (x) =

D X
i
X
(
xj )2

(A.2)

i=1 j=1

where the global minimum is located at x∗ = f (0, . . . , 0), f (x∗ ) = 0. This is a
non-separable uni-modal function.
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Figure A.2: Schwefel’s Problem 1.2 function
Rosenbrock function
fRosenbrock (x) =

D−1
X

[100(xi+1 − x2i )2 + (xi − 1)2 ]

(A.3)

i=1
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Figure A.3: Rosenbrock function
where the global minimum is located at x∗ = f (1, . . . , 1), f (x∗ ) = 0. This is a
non-separable uni-modal function.
Griewank function
fGriewank (x) =

D
D
X
Y
x2i
xi
−
cos( √ ) + 1
4000 i=1
i
i=1

(A.4)

where the global minimum is located at x∗ = f (0, . . . , 0), f (x∗ ) = 0. This is a
non-separable multi-modal function.

Figure A.4: Griewank function
Rastrigin function
fRastrigin (x) = 10D +

D
X

[x2i − 10 cos(2πxi )]

(A.5)

i=1

where the global minimum is located at x∗ = f (0, . . . , 0), f (x∗ ) = 0. This is a
separable multi-modal function.
Ackley function
√
PD
PD
−1
2
−1
i=1 xi − eD
i=1 cos(2πxi ) + 20 + e
(A.6)
fAckley (x) = −20e−0.2 D
where the global minimum is located at x∗ = f (0, . . . , 0), f (x∗ ) = 0. This is a
non-separable multi-modal function.
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Figure A.5: Rastrigin function

Figure A.6: Ackley function
Dixon & Price function
fDixon&Price (x) = (x1 − 1)2 +

D
X

i(2x2i − xi−1 )2

(A.7)

i=2

where the global minimum is located at x∗ = f (2−
non-separable uni-modal function.

2i −2
2i

), f (x∗ ) = 0. This is a
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Figure A.7: Dixon and Price function
W/Wavy function
D

−x2
1 X
i
fW/Wavy (x) = 1 −
cos(kxi )e 2
D i=1

(A.8)
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where the global minimum is located at x∗ = f (0, . . . , 0), f (x∗ ) = 0. The
number of local minima is k D or (k + 1)D for an odd or even value of k,
respectively. In this work, k was set to the arbitrary value of 12. This is a
separable multi-modal function.
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Figure A.8: W/Wavy function
Sum of squares function
fSumOfSquares (x) =

D
X

ix2i

(A.9)

i=1

where the global minimum is located at x∗ = f (0, . . . , 0), f (x∗ ) = 0. This is a
separable uni-modal function.
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Figure A.9: Sum of Squares function
A detailed description of these benchmark functions is given by Jamil and
Yang [62].
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Table B.1: The mean results (GAP value) and the standard deviations, of the
test with PSO, CCPSO and C3 PSO, after 106 cost calculations
CCPSO
C3 PSO
n
std
mean
std
mean
std
12 1.1E+2
4.9E-21 1.9E-21 2.9E-21
fSphere
8.4E+1 2.6E-21
6
1.6E-9
1.5E-9
5.0E-9
3.5E-9
12 2.3E+3 2.8E+2 7.3E+3 1.0E+4
3.6E-1
3.8E-1
fSchwefel
6
3.7E+3 3.5E+3 1.4E+2 2.0E+1
12 3.6E+4 1.7E+5 5.4E+2 1.2E+2 2.1E+2 3.4E+2
fRosenbrock
6
7.4E+2 9.3E+1 6.4E+2 1.7E+2
12
5.6eE-14 3.0E-15 1.1E-14
fGriewank
6.0E-1
2.0E-1 4.6E-14
6
5.7E-14 2.9E-14 5.4E-17 2.8E-16
12 6.6E+2 6.4E+1 3.6E+1
4.2E0 3.7E+1
5.1E0
fRastrigin
6
9.1E+1 1.1E+1 9.4E+1 1.1E+1
12 1.8E+1
1.9E0
3.4E-1 5.8E-13 1.1E-12
fAckley
9.2E-1
1.4E-6
6.2E-7
6
3.9E0
9.4E-1
12
5.6E+2
6.3E+2
1.3E+1
1.0E+1
fDixon&Price
5.0E+5 2.1E+2 2.6E+2
7.6E0
6.7E0
6 5.3E+5
12
4.9E-2
1.4E-2
4.3E-2
8.6E-3
fW/Wavy
4.6E-1
3.6E-2
6
1.8E-1
2.2E-2
1.9E-1
1.7E-2
12
5.2E-19
9.7E-19
3.2E-19
5.4E-10
fSumOfSquares
7.1E+3
6 2.0E+4
2.8E-8
1.8E-8
2.5E-7
1.9E-7
If there is a significant difference, the best result is highlighted in bold
bold.
PSO
mean

Table B.2: The mean results (GAP value) and standard deviations, of the tests
with DE, CCDE and C3 DE, after 106 cost calculations
CCDE
C3 DE
n
std
mean
std
mean
std
12
2.2E-13 7.7E-14 1.6E-13 3.5E-14
fSphere
3.3E-8
2.5E-9 3.4E-11
6
1.4E-11 5.2E-11 8.5E-12
12 3.5E+3 1.9E+2 7.7E+3 3.7E+3
4.2E0
4.7E-1
fSchwefel
6
6.6E+3 5.5E+3 5.1E+2 3.4E+1
12 3.1E+2 5.2E+1 2.2E+2 5.2E+1 1.8E+2 4.1E+1
fRosenbrock
6
4.3E+2 6.1E+1 3.9E+2 5.2E+1
12 1.2E-10 1.0E-11 2.2E-14 3.2E-14 8.1E-15 1.1E-14
fGriewank
6
2.4E-14 6.3E-15 6.2E-16 3.1E-16
12 1.4E+2
5.4E-4
3.5E-4
8.1E-4
3.0E-4
fRastrigin
6.0E0
1.1E-2
9.4E-3
1.9E-2
8.7E-3
6
12
5.5E-6
1.1E-5
1.9E-8
1.4E-9
fAckley
1.9E-4
8.2E-6 1.1E+1
2.4E-6
1.5E-7
6
1.0E0
12 1.4E+1
1.6E+1
5.4E-1
2.8E-2
fDixon&Price
9.5E0 6.7E+1
6
1.2E+2 2.4E+1 6.9E+1
5.9E0
12
3.3E-15 1.3E-15 4.6E-15 1.7E-15
fW/Wavy
4.0E-1
1.1E-2 6.9E-10
6
2.9E-10
1.4E-9 5.9E-10
6.5E-12 8.7E-12 2.8E-12
fSumOfSquares 126
1.7E-6
1.4E-7 1.7E-11
7.6E-10 6.0E-10
3.2E-9 5.6E-10
If there is a significant difference, the best result is highlighted in bold
bold.
DE
mean
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Table B.3: The mean results (GAP value) and standard deviations, of the tests
with SADE, CCSADE and C3 SADE, after 106 cost calculations
CCSADE
C3 SADE
n
std
mean
std
mean
std
12
5.2E-24
2.3E-24
2.8E-24
1.2E-24
fSphere
6 1.1E-12 3.1E-13 1.1E-15 3.0E-16 1.0E-15 3.0E-16
12 9.4E+1 7.0E+1 7.8E+3 7.1E+3
3.3E-4 1.6E-4
fSchwefel
6
2.1E+3 2.0E+3
6.2
2.7
1.0E+2
7.4E-1
12
5.2E+2
1.3E+2
fRosenbrock
6.1E-1 2.7E+2 5.7E+1 1.0E+2
6 1.1E+2
2.1
12
6.2E-19
8.6E-20
8.3E-19
7.1E-19
fGriewank
6 2.9E-15 1.4E-15 1.9E-17 1.0E-16 7.5E-19 1.7E-19
12 7.3E+1
6.3E-14 1.5E-14 1.2E-14
fRastrigin
5.7 5.1E-14
6
3.2E-5
2.6E-5
4.6E-5 3.5E-5
12
4.4E-12
1.2E-12
2.1E-12
3.8E-13
fAckley
1.4
6 1.6E+1
4.3E-8
8.6E-9
3.6E-8 5.5E-9
12
2.0E+2 7.3E+1
1.8
2.8
fDixon&Price
5.E-1
3.4E-5 2.8E+1
6
1.1E+1
5.7E-1 2.7E-1
12
1.9E-16 1.6E-16 1.4E-16
fW/Wavy
1.5E-1
1.1E-2 4.1E-16
6
2.5E-6
1.6E-6
2.3E-6 1.7E-6
2.6E-22 1.1E-22 1.6E-22 5.2E-23
fSumOfSquares 126 5.7E-11 2.5E-11 6.0E-14
2.2E-14 5.6E-14 2.1E-14
If there is a significant difference, the best result is highlighted in bold
bold.
SADE
mean
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Table C.1: Convergence and robustness of PSO, CCPSO, C3 PSO
PSO
n cost calc. succ.
12
fSphere
0
6
12
fSchwefel
2378
30
6
12
fRosenbrock
451299
9
6
12
fGriewank
0
6
12
fRastrigin
0
6
12
fAckley
0
6
12
fDixon&Price
0
6
12
fW/Wavy
0
6
fSumOfSquares 126
0
Best result is highlighted in bold

CCPSO
C3 PSO
cost calc. succ. cost calc. succ.
316747
30
304969
30
271294
30
198593
30
629439
25
301802
30
444799
27
182404
30
30
303845
29
781174
30
532584
29
763159
299598
30
268637
30
489789
30
527947
30
273357
30
220289
30
677240
22
751319
23
242565
30
519036
30
640400
30
243555
30
913381
1
255809
30
938645
14
195840
30
654065
22
184427
30
0
0
244244
30
186102
30
357474
30
201558
30

Table C.2: Convergence and robustness of DE, CCDE, C3 DE
DE
n cost calc. succ.
12
fSphere
621771
30
6
12
fSchwefel
1393
30
6
12
fRosenbrock
498371
30
6
12
fGriewank
189267
30
6
12
fRastrigin
0
6
12
fAckley
165857
30
6
12
fDixon&Price
598922
30
6
12
fW/Wavy
518520
30
6
fSumOfSquares 126
778049
30
Best result is highlighted in bold

CCDE
C3 DE
cost calc. succ. cost calc. succ.
311216
30
334477
30
528607
30
503822
30
676539
23
302402
30
645709
27
302405
30
549596
30
416005
30
420493
30
593787
30
302417
30
337799
30
527947
30
493335
30
246128
30
182684
30
350587
30
309216
30
383708
30
362562
30
0
485421
30
831261
28
185562
30
887878
9
326562
30
345166
30
749737
16
525967
30
486341
30
372757
30
312229
30
564247
30
527293
30
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Table C.3: Convergence and robustness of SADE, CCSADE, C3 SADE
SADE
CCSADE
n cost calc. succ. cost calc. succ.
12
314527
30
fSphere
284512
30
6
180247
30
12
627291
21
fSchwefel
2416
30
6
287271
30
12
942353
30
fRosenbrock
273520
30
6
512104
30
12
314527
30
fGriewank
138896
30
6
180247
30
12
314526
30
fRastrigin
865776
30
6
180247
30
12
314527
30
fAckley
0
6
180247
30
12
943341
3
fDixon&Price
325920
30
6
583094
30
12
233
30
fW/Wavy
480
30
6
13
30
314527
30
fSumOfSquares 126
597776
30
180247
30
Best result is highlighted in bold
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C3 SADE
cost calc. succ.
315548
30
186435
30
312483
30
180243
30
313988
30
184037
30
315234
30
184644
30
312569
30
182533
30
312544
30
180913
30
313883
30
184111
30
312481
30
180241
30
319027
30
192998
30

Constructive Cooperative
Coevolution for Optimising
Interacting Production Stations
The control parameters of interacting production stations, for example
press lines, are nowadays often tuned manually, by engineers and/or
operators. This approach is more an art than a science as it is based on
intuition and experience. Manual tuning is also usually done online and
thus interrupts the production. The goal of this thesis is to investigate
how to optimise the control of automated interacting production s tations
to improve the production rate, using computer simulations and mathematical optimisation techniques. In this way, the parameter tuning can
be done offline, does not interrupt the production and is not dependent
on the skills of engineers and operators.
Though, there typically is a gap between optimisation techniques’
capabilities and real-world optimisation problems in engineering. Realworld problems are usually complex, large-scale, and computationally
expensive. Advanced optimisation techniques are necessary to successfully solve this type of problems. This thesis proposes an optimisation
algorithm called the Constructive Cooperative Coevolution algorithm
(C3). C3 is evaluated on a set of theoretical benchmark functions and
on real-world problems with interacting production stations, i.e. sheet
metal press lines. This shows that C3 is able to optimise the control of
the sheet metal press lines within a practical time-frame. The results
also show that C3 outperforms both manual tuning and other existing
optimisation algorithms.
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