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Abstract

When designing controllers for linear, time-invariant (LTI) plants, one is limited
by the fundamental limitations of linear feedback control. An example of such a
limitation is Bode’s gain/phase relationship. The question arises whether these
fundamental limitations can be ameliorated by the use of nonlinear feedback. It
might seem disadvantageous to introduce nonlinearities in the loop, but an grow-
ing number of nonlinear ’tricks’ are already suggested in literature which can en-
hance the performance of a control system.

However, the design and parameter tuning of nonlinear controllers can become
quite tedious. A method to overcome this problem is the automatic synthesis of
controllers based on Genetic Programming (GP). Some promising results have
been achieved in the field of the design of linear, LTI-controllers for LTI-plants.
It is interesting to known whether this approach can be extended to the nonlinear
case. In this thesis, the possibilities to design high-performance nonlinear con-
trollers for linear, time-invariant motion systems are investigated.

It is observed that the available software packages limit the design possibilities
of nonlinear controllers. Therefore, a new GP-tool has been developed, named
GP4CONTROL . This toolbox enables the design of (non)linear controllers based
on elementary signal operations and feedback loops inside the controller design.
With this approach it is possible to influence any state of the controller.

A controller design is represented within GP4CONTROL as a tree-based structure
which is initialized and optimized by genetic operators. The fitness function de-
termines the performance of a proposed controller design and computes a fitness
score. This score is the basis for GP, as it enables the selection and evolution of
controllers. To evaluate a design, the GP tree is translated in to a Simulink block
diagram and a Matlab m-file script is used as a fitness function.

The previously achieved results of automatic linear controller design are repro-
duced and furthermore it is shown that GP can design controllers with internal
feedback loops. Some initial results are obtained in the field of nonlinear controller
design, but the GP-tool and the fitness function still need a lot of refinement. The
ultimate challenge would be to automatically devise nonlinear control schemes,
which can be understood well.
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Samenvatting

Wanneer regelaars worden ontworpen voor lineaire, tijd-invariante (LTI) processen,
moet men rekening houden met de fundamentele beperkingen van lineaire terug-
gekoppelde systemen. Een voorbeeld hiervan is modulus/fase relatie van Bode.
De vraag ontstaat of deze fundamentele beperkingen kunnen worden overwon-
nen door het toepassen van niet-lineaire terugkoppelingen. Het lijkt misschien
een nadeel om niet-lineariteiten toe te voegen aan het gesloten systeem, maar een
groeiend aantal ‘trucs’ zijn bekend in de literatuur welke de prestaties van een
regelsysteem kunnen verbeteren.

Het is echter een tijdrovend en lastig proces om de structuur en parameter waarden
van een niet lineair ontwerp te kiezen. Een manier om dit probleem te verhelpen is
het automatisch ontwerpen van regelaars gebaseerd op Genetisch Programmeren
(GP). Er zijn al veelbelovende resultaten geboekt op het vlak van LTI regelaars voor
LTI processen en het is interessant om te weten of deze aanpak kan worden uit-
gebreid in de richting van niet-lineair ontwerp. In deze scriptie worden de mo-
gelijkheden onderzocht om niet-lineaire regelaars te ontwerpen voor lineaire, tijd-
invariante processen met een hoog prestatieniveau.

Het is gebleken dat de bestaande software pakketten beperkingen opwerpen voor
het ontwerp van niet-lineaire regelaars. Daarom is is een nieuwe GP tool on-
twikkeld, genaamd GP4CONTROL . Dit programma zorgt ervoor dat (niet)lineaire
regelaars ontworpen kunnen worden die gebaseerd zijn op elementaire signaalbe-
werkingen en terugkoppelingen binnen het ontwerp van de regelaar. Hiermee is
het mogelijk om de interne toestanden van de regelaar te beïnvloeden.

Het ontwerp van een regelaar wordt binnen GP gerepresenteerd door een boom-
structuur. Deze structuur wordt gecreëerd en gewijzigd door genetische operaties.
De fitness functie bepaalt de prestaties van een voorgestelde regelaar en berekent
de fitness score. Deze score vormt de basis voor GP, omdat het de principes van
selectie en evolutie mogelijk maakt. Om een ontwerp te evalueren, wordt de boom-
structuur vertaald in een Simulink model en een Matlab script wordt gebruikt als
fitness functie.

De resultaten die eerder zijn behaald op het vlak van het automatisch ontwer-
pen van lineaire regelaars zijn gereproduceerd en het is aangetoond dat GP rege-
laars kan ontwerpen met interne terugkoppelingen. Enkele eerste resultaten zijn
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geboekt op het vlak van niet-lineair regelaar ontwerp, maar de GP-tool en de fitness
functie moeten nog verder worden doorontwikkeld. De ultieme uitdaging is om
inzicht te verkrijgen in automatisch gegenereerde niet-lineaire regelmethodieken.
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1
Introduction

Within the research field on control systems design, a considerable interest exists in
literature on the topic of fundamental limitations in feedback control with known
plant dynamics. Part of these limitations are inherently linked to the properties
of the plant and cannot be ameliorated by a controller, irrespective of how linear,
nonlinear or time-varying feedback is applied to generate the input. Other limita-
tions are introduced when the plant is controlled by a linear, time invariant(LTI)
controller. The open-loop system requires a high gain at low frequencies and suffi-
cient bandwidth to ensure a good response and sufficient disturbance reduction in
the frequency region up to the bandwidth. On the other hand, to suppress residual
vibrations and sensor noise, the gain needs to be low at high frequencies. It is well
known that this performance trade-off is defined by Bode’s gain/phase relation [3],
which limits how fast the open-loop gain can cross unity gain while maintaining
sufficient phase lead in order to stabilize the closed-loop system.
The question arises whether these limitations can be ameliorated by using nonlin-
ear feedback instead of LTI-feedback. It might seem disadvantageous to introduce
nonlinearities in the loop, but a growing number of nonlinear ‘tricks’ are intro-
duced that enhance the performance of closed-loop systems [21], [8] and [14]. A
concern is the prediction of the system response for various inputs, since the prin-
ciple of superpositon no longer holds.
During the design of nonlinear feedback controllers, the classical rules-of-thumb
used to design linear controllers, no longer apply and it can become quite tedious
to establish the correct controller structure and/or tuning. The last decades, some
promising results have been achieved in the field of automatic controller synthesis
based on evolutionary algorithms. The emphasis within this research field is on
the design of LTI-controllers [18], [5].
Of course, it is interesting to know whether Genetic Programming (GP) can be
applied to the automatic evolution of nonlinear controllers. Genetic programming
is a method which can simultaneously evolve the controller structure and param-
eter tuning. With genetic programming, a high-level statement of what needs to
be done can be specified in a so-called fitness function. The algorithm will search
for a solution to meet these requirements, without the need of specific information
about how to do it. Fig. 1.1 provides an illustration of the GP algorithm.
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Introduction

The controllers designed in this thesis belong to the class of servo or positioning
systems [4]. The goal of these controllers is to track a reference (position) signal
by acting on the difference in desired and actual measured position of a moving
mass, while ignoring disturbances. This research field is also referred to as motion
control, typical applications are pick-and-place machines, robotics, wafer stages,
printer heads and so on.

Figure 1.1: The genetic programming cylce, from [20].

1.1 Problem statement

The problem statement can be summarized as follows:

Investigate the possibilities to design high-performance nonlinear controllers which out-
perform classical linear controllers for linear motion systems using genetic programming.

The first objective is to define a fitness function which can evaluate nonlinear
closed-loop systems, important aspects of which are stability, robustness and track-
ing performance. Next, GP be should be configured such that novel nonlinear
designs can be evolved. An ultimate challenge is to understand the structure of the
obtained controller.

2



1.2 Report Outline

1.2 Report Outline

To get familiar with genetic programming in general and the genetic programming
terminology, Chapter 2 provides an introduction. The application of GP to the auto-
matic synthesis of controllers is the main topic of Chapter 3. First, two key factors
are identified which enable the design of controllers and next two approaches found
in literature are discussed. This Chapter concludes by stating the used approach
and the contribution of this thesis. The implementation of the suggested approach
is discussed in Chapter 4. As a comparison with previously attained results in the
field of GP based linear controller design, the newly developed software is used to
devise linear controllers. The results are presented in Chapter 5. So far, the fit-
ness function contained both time domain and frequency domain measures and
constraints. However, when the transition is made to nonlinear controller design,
the frequency domain measures are now longer applicable. Therefore, a new fit-
ness function proposed and tested in Chapter 6. Chapter 7 discusses the results
achieved when GP is applied to the design on nonlinear controllers.
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2
Background on Genetic

Programming

This chapter provides some background on the genetic programming (GP) algo-
rithm. Starting with the context in which the GP algorithm was conceived. The
following sections identify the basic ingredients and properties which constitute
the basic learning algorithm. The final section introduces two advanced features,
constrained GP and automatically defined functions.

2.1 Historical context

Already in 1950, Alan Turing posed the question “Can computers think?”. In
his paper “Computer Machinery and Intelligence”, he devised the well known
Turing-test to check whether a computer can demonstrate thought. He entitled
his broad vision “Machine Intelligence”. During this decade, more terms were
introduced such as: “Artificial Intelligence (AI)” [McCarthy 1955] and “Machine
Learning (ML)” [Samuel 1959], all referring to research with the goal of getting ma-
chines to exhibit behaviour which if done by humans would be assumed to involve
the use of intelligence [Samuel].

During the next five decades the term artificial intelligence became widely used and
is nowadays divided into two schools of thought: Conventional AI and Computa-
tional Intelligence (CI). Conventional AI tries to mimic human intelligence using a
logical and formal representation of knowledge, while CI involves iterative develop-
ment or learning. Machine learning is closely related to CI, but has some overlap
with Conventional AI. A good contemporary definition is: "Machine learning is
the study of computer algorithms that improve automatically through experience"
[Mitchell 1996].

A large body of research does exactly that, inspired by nature these algorithms it-
eratively develop a population to reach a desired end point. This group is captured
under the term “Evolutionary Computation (EC)”. Already in his 1948 paper “Intel-
ligence Machinery”, Turing said: “There is the genetical or evolutionary search by
which a combination of genes is looked for, the criterion being the survival value.”
In the early nineties, the general term “Evolutionary Algorithm (EA)” was devised
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Evolutionary Computation

. . . Evolutionary Algorithms

Evolutionary Programming

Genetic Algorithms

Evolution Strategies

Genetic Programming

. . .

Convential AI

Computational Intelligence / Machine Learning

. . .

Artificial Intelligence

Figure 2.1: Context of the Genetic Programming research field

to group a set of four ‘dialects’ which implemented Darwinian principles of natural
selection and variation. See figure 2.1 for an overview.

The first three EA flavors are important predecessors of GP, with GA being best
known. In 1992, Koza was the first to recognize the potential of GP [16] and coined
the term GP. Since then, the GP algorithm has received much attention and is
applied to various research areas: development of computer programs, design of
integrated circuits, control systems design, robotics and many more.

The major difference between GA and GP is the representation of the solution. GA
uses a fixed-length binary string (or more recently, a real-valued string) to encode a
solution, whereas GP can accommodate various representations at varying length.
This is one of the strengths of GP, it can adapt itself to the complexity of the prob-
lem at hand. Roughly speaking, GA’s are employed to optimize parameters of a
problem with a fixed structure while GP can optimize both the structure and pa-
rameters. Another convenient property is that the solutions returned by GP are
ready to run programs, instead of a string which has to be interpreted first. The GP
representation is a superset of all EA flavor representations, because it is theoret-
ically possible for a properly designed GP system to evolve any solution produced
by other evolutionary algorithms.

2.2 Basic concepts of GP

Genetic programming evolves a population of candidate solutions to solve a prob-
lem. To bemore specific, a population is iteratively transformed by applying genetic
operations with the objective to minimize a quality criterion, known as the fitness
function. The genetic operations include crossover, mutation and reproduction.

The main ingredients of GP are:

• Program structure to represent a solution;

• Initialization of the population;

• Genetic operators;

• Evolution by means of fitness based selection.

6



2.2 Basic concepts of GP

Before starting a more detailed discussion of these ingredients, the elementary
building blocks of GP are introduced. The last section provides a flowchart of the
basic algorithm.

2.2.1 Functions and Terminals - The Primitive Nodes

A program structure is built with two types of primitive building blocks (or nodes):
functions and terminals.
Functions provide GP with elements that process the input to form the output.
Typical examples are: mathematical functions (+,−, /,×), boolean functions (and,or, not) and signal processing functions (integrate, differentiate).
Terminals provide the program with a value and therefore a terminal has no in-
puts, several types exist: inputs to the program, constants and functions with no
arguments. The value of constants is chosen at random during the creation of the
program structure. They are also called random ephemeral constants 1. Ephemer-
als are used to represent the parameters of a candidate solution, these numeric
values are often replaced during a GP run.
Choosing the function and terminal set is an important preparatory step for GP.
With both sets, GP should be able to craft a solution.

2.2.2 Executable representation of a solution

Juggling with functions and terminals solely, is not enough to represent a solution
to a problem. The functions and terminals together must form a structure. Due to
the large influence of Koza’s work, it is commonly assumed that this structure is
tree-based. However, other structures do exist, e.g. linear and graph structures (see
[2] for a concise treatment).
A GP tree consists of a group of interconnected nodes. The root node is located
at the top of the tree, while the leaves (or terminals) appear at the bottom of the
tree. Any subgroup of interconnected nodes is called a subtree. Fig. 2.2 shows
a diagram of a GP tree. A tree can be modified easily by exchanging branches or
nodes. The depth of a node is defined as the minimal number of nodes that have
to be traversed to get from the root node to the selected node [2]. The maximum
node depth corresponds to the maximum tree depth. The maximum tree depth is
a measure for the complexity of the program.

+

×

u 2

4

y = 2u + 4
root node

terminal 1

4

3

2 5

Figure 2.2: An example of a program tree, with execution order.

Execution of the tree occurs in a depth-first fashion, from left to right. The result is
returned by the root node. In Fig. 2.2 this amounts to the next sequence, first the

1The term ephemeral originates from biology and refers to an organism with a short lifespan.
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Background on Genetic Programming

terminal u is executed and multiplied with a constant value 2. Finally, the constant
value 4 is added to the result of the multiplication.

2.2.3 Initialization of the population

A GP run starts with the creation of the population. A population is a group of
individuals, where each individual contains a program with a tree structure2. In
fact, the population enables a parallel search process. The population size is a key
parameter for GP, because it can determine whether a run is successful or not.

Creating the population is often done at random, but also a priori knowledge can
be inserted by using a seed. This seed contains a (part of) the initial population
and is designed manually. Also, the result of a previous run can be used as a seed
to continue the evolution.

Trees are created by selecting nodes from the function and terminal set randomly.
There are two different methods, full and grow. The first method allows the arity3

of the node to determine the growth of the tree. When a terminal is selected, that
branch stops growing. Growth continues while the maximum tree depth has not
been reached. Because the choice between a terminal or a function is random
during initialization, the created trees using grow are often irregular in shape.

Instead of selecting the nodes randomly from the function and terminal set, the
full approach selects only functions while the maximum tree depth has not been
reached. At the maximum depth, only terminals are chosen. The result is that
each branch goes to the maximum depth. The diversity of tree architectures is
valuable to GP, therefore a third technique called “ramped-half-and-half” has been
devised. It switches between the full and grow approach during initialization of a
population.

2.2.4 Genetic operators

Once the initial population is created, evolution proceeds by transforming the pop-
ulation with genetic operators. Three principal operators exist: crossover, mutation
and reproduction. During the creation of a new generation, the genetic operations
are selected with a certain probability.

Crossover

The crossover operator recombines the genetic material of two parents by swapping
a part of one parent with a part of the other. Fig. 2.3 depicts a graphical example.

Crossover is the basis of the building block hypothesis, the idea is that useful build-
ing blocks exist in the population and that crossover permits the aggregation of
good building blocks into ever better solutions to the problem [16]. This idea is
controversial in the research community (see [2] for a treatise), but is it clear that
the crossover has a large impact on the tree structure and therefore allows large
jumps in the search space.

2Note that multiple trees per individual are used also, for instance to allow the evolution of individ-
uals with multiple outputs or to accommodate automatically defined functions (see Section 2.3.2).

3The arity is the number of arguments or inputs to a function. Note that a terminal has arity zero.
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2.2 Basic concepts of GP

−

×

u 5 8

Parent 1 Parent 2

Child 1 Child 2

+

/

3u

+

4

y = 2u + 4y = 5u − (8 + u

3
)

−

×

u 5

y = 3u

×

u 2

+

4

y = u

3
+ 12

8

+

/

3u

×

u 2

Figure 2.3: An example of crossover

Mutation

Mutation modifies one selected individual only. A lot of different implementations
are available, but the common feature is that a part of the parent tree is replaced by
a randomly chosen subtree or node to create a new child. Two examples are branch
mutation (a branch is replaced by a newly initialized branch) and point mutation (a
chosen node is replaced by a randomly chosen node with the same arity). The goal
of mutation is to preserve the diversity of the population and prevent the extinction
of certain node types. Fig. 2.4 depicts a branch mutation operation.

+

4

+

×

u 2

Parent Child

y = 2u + 4

−×

u 2

y = 2u + 1 − u

9

1 /

u 9

Figure 2.4: An example of branch mutation

Reproduction

Reproduction is a straightforward operation. The selected individual is copied with-
out any modification into the next generation, allowing good solutions to survive.
When the population is seeded with relatively good designs, the reproduction pre-
vents that these manually created designs are discarded prematurely. When repro-
duction is used to preserve the best-of-generation individuals, this is called elitism.
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Background on Genetic Programming

2.2.5 Fitness and selection

The search for the best solution is directed by a quality criterion, known as the
fitness function. The fitness is a measure for how ‘good’ a program structure per-
forms and the fitness function is responsible for executing the program tree, inter-
preting the results and assigning the fitness score. It is common to define zero as
the optimum result.
The selection of individuals for the genetic operators is fitness-based. A common
approach is to use the tournament selection method, a number of individuals is
chosen randomly (according to the tournament size) and the individual with the
lowest fitness ‘wins’ the tournament and is selected. A large tournament size re-
sults in a greedy GP algorithm, i.e. during evolution only the best designs are used
by the genetic operations. The consequence is a fast decay of population diversity
and an increased risk of finding a local optimum.

2.2.6 The basic learning algorithm

Now that the main elements of GP have been introduced (functions, terminals,
program tree, genetic operators and fitness based selection), the basic GP learn-
ing algorithm can be assembled. Two main approaches exist, a generational and
a steady-state approach. With generational GP, the new generation created by the
genetic operators replaces the previous generation. With steady-state GP, the result
of the genetic operations is used to replace individuals inside the current genera-
tion.

The basic algorithm comprises the following steps:

1. Create initial population;

2. Evaluate the entire population and assign each individual a fitness value;

3. Check the termination criterion (e.g. a minimal fitness value or a maximum
number of generations);

4. Apply genetic operators until the new generation is fully populated:

• Select individual(s) for the chosen genetic operation;

• Transform individual(s);

• Add the offspring to the new generation;

5. Repeat steps 2-4 while the termination criterion is not satisfied

Fig. 2.5 summarizes the main loop graphically.

Preparatory steps

Before starting a GP run, these preparatory steps have to be made:

• Define the terminal set;

• Define the function set;

• Define the fitness function;

10



2.2 Basic concepts of GP

evaluate population

no

yes stop

add offspring to
new generation

Create initial population

selection

Termination
criterion
reached?

crossover mutation reproduction

no

yes

New generation
fully populated?

Figure 2.5: The main loop of generational GP

• Define parameters for the run (such as population size, maximum tree depth,
probability for each genetic operation, tournament size and termination cri-
terion).
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Background on Genetic Programming

2.3 Advanced features of GP

This section explains two advanced features of GP: constrained GP and automat-
ically defined functions (ADFs). The first mechanism limits the possibilities of
genetic operations to initialize or modify program trees. The objective is to in-
crease the chance that viable designs are created. The goal of the second method
is to improve the modularity of program trees. In other words, the aim is to let
GP divide a solution into smaller parts which are easier to understand and can be
reused to improve the efficiency of the design.

Both mechanisms are very generic by nature and can be applied to any design
problem. The focus of this section is to elaborate on the general working principle
of each method. The next chapter will explain the specific application of these
features to the automatic design of controllers.

2.3.1 Constrained GP

The traditional program tree is built by selecting and connecting nodes arbitrarily.
Any child node can be connected to a parent node and each function and terminal is
assumed to have a similar data type. However, it is easy to create an example where
this assumption no longer holds. For instance, when logical functions are com-
bined with mathematical functions. A logical comparison function like greaterthan uses two data types, it expects two real-valued arguments and it returns a
boolean value (true of false). It is easy to see that this can lead to faulty program
trees. Fig. 2.6a depicts an example, the multiplication of two boolean values cannot
be interpreted.

u1 true 1.5

≤

/

falseu2

OR

×
?

?

?

(a)

AND

u1 true 1.5

≤

/

3u2

OR

(b)

Figure 2.6: Unconstrained vs. constrained GP. Fig.(a) shows a faulty tree and Fig.(b) is
an example of a correct, constrained tree with two data types: double(solid connections) and
boolean (dotted connections).

Constrained GP (also known as strongly-typed GP ) imposes restrictions on the
structure of a program tree by defining return types and argument types for each
node in the function and terminal set. A connection can only be made when the
argument type of the parent node corresponds to the return type of the child. Fig.
2.6b shows an example. When all genetic and initialization operators adhere to this
regime, multiple data types can be employed and the creation of invalid program
trees is prevented.
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2.3 Advanced features of GP

2.3.2 Automatically defined functions

The automatically defined functions have been proposed by Koza [17]. The method
is inspired by the use of functions in normal software development. Actually, when
the ADF mechanism was conceived, the intended use was to automatically evolve
computer programs with subroutines. For example, when programming in C, a
program is built by defining the main() routine and a set of subroutines which
are called by the main routine. The structure of an individual comprising ADFs
is similar. Nevertheless, the representation of a solution is still tree-based. To
accommodate ADFs inside the program of an individual, the tree is divided into
two parts:

• The result-producing branch (RPB). This part of the tree corresponds to themain() routine in C.

• The function-defining branch (FDB). An RPB defines the content of a sub-
routine.

Fig. 2.7 depicts the basic layout of a program tree with ADFs. At the top of the tree
we can see a Program block. This node is simply used to keep the different parts
of the program tree together. The total tree represents the mathematical function
depicted at the top.

y = 2(u + 2

7
)

+

/ARG0

2

2

u

u 4

7

Program

Defun

ADF0 Values Values

ADF0

×

+

{ARG0,
ARG1}

FDB

RPB

0th 1st

Figure 2.7: A program tree which consists of two parts. The left part defines an ADF and the
right part produces the result of the program.

At the top of the left part we see a Defun node, this is the root node of the ADF
definition. The first child defines the name, the second child comprises the argu-
ment list of the ADF and the third child is the Values function, which is a dummy
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node that returns the result of the function body. The function definition itself is
defined by the tree below the Values node. It can be seen that in this example
the Defun node defines a two-argument function with the name ‘ADF0’. Whether
the arguments defined in the list are actually used in the function definition itself,
depends entirely on the genetic operations.
Here, the function-defining branch contains only one function definition. Of course
it is possible to have more than one function definitions inside a program tree.
Likewise, it is possible to employ multiple result-producing branches in the pro-
gram tree. The Values function in the right part determines the overall output of
the program tree. When this dummy node returns a single value, this part of the
tree is called the result-producing branch. Multiple RPBs lead to multiple Values
nodes in the right part.
The functions which are created automatically during the run are coupled with
the individual. Thus, reuse of code is only possible within the design of a single
program tree. A weakness of the ADF mechanism is that the architecture of the
individual needs to be defined in advance. With the program architecture we mean
the number of function definitions inside a function-defining branch and the size
of each corresponding argument list. To let the genetic operations use the ADFs,
one only needs to add the ADF function to the function set and add the ARG node
to the terminal set. The name of each ADF depends on the tree architecture and is
determined automatically by GP. The arity of the ADF node depends on the size of
the argument list.

When we assume that the input u of the program tree is 1, we can elucidate the
working of ADFs in practice by the following list of steps:

• GP looks for the first Values node of the result-producing branch.

• The first node of the result-producing branch to be executed is the multipli-
cation node. However, the inputs are still unknown. Thus, to establish the
result of the multiplication, GP needs to establish the input values first.

• The first argument of the multiplication node is a constant terminal with the
value 2.

• The second argument is a function with the name ADF0. To attain the return
value of the function, GP searches for a Defun node in the function-defining
branch with the name ADF0.

• Next, the function body of ADF0 is executed: the value of the Arg0 is 1 (Note
that the input terminal u is connected to the 0th argument of the current
function.), the result of the division is 2

7
. The result of the function is there-

fore: 1 + 2

7
= 9

7
.

• The value 9

7
is returned to the multiplication node in the right part of the

program tree.

• The final result is: 2 × 9

7
= 2 4

7

It can be seen that a part of the program tree is ignored. This portion of the result-
producing branch can be considered as bloat4. In Fig. 2.7 this part is dashed.

4A phenomenon in evolutionary computation where a part of the representation (i.e. program tree)
has limited or no influence on the fitness
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2.3 Advanced features of GP

It is evident that the ADF mechanism will work only when the genetic opera-
tions do not interfere with the function definition nodes. Only the parts below
the Values nodes can be initialized and modified by the genetic operators. In or-
der to evolve functions automatically, the syntactic structure of the program tree
must be maintained.
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3
Application to controller

synthesis

Evolutionary algorithms have received much attention in control systems engineer-
ing in the past decade. The flexibility of EA’s with regard to performance assess-
ment and design specification is remarkable. However, reducing the computational
inefficiency is still a challenge [7]. The majority of EA applications to controller syn-
thesis are concerned with the parameter tuning only, i.e. the controller structure
is fixed. As mentioned in Chapter 1, this thesis focuses on GP based (non)linear
motion controller design. Within this research field only a few researchers have
experimented with the simultaneous optimization of both the controller structure
and parameter tuning [5], [18].

Within the field of control systems design, other GP applications are: GP based
system identification [5], [22]. And in [24] GP is used to find Lyapunov functions to
prove stability for (non)linear systems.

This chapter discusses the application of GP to the automatic synthesis of con-
trollers. In Section 3.1 two essential modifications to the generic GP algorithm are
identified which enable the automatic design of controllers: the controller design
must be evaluated numerically as a part of a closed-loop system and the controller
itself needs to be represented such that the genetic operations can initialize and
modify the controller structure and parameter tuning. Both topics form the main
thread of the discussion in Section 3.2, where the work presented in [5], [18] is sum-
marized. The last section states the used approach and contribution of this thesis.

3.1 Adapting GP to controller design

GPwas originally developed for the automatic design of computer programs, where
the program tree is simply executed to evaluate the performance of the candidate
program. Each function (or node) is executed in a specific order such that the
result of the preceding function is available to the next. The root node returns the
result of the program to the fitness function for evaluation. When GP is applied
to controller design, a different approach is used. There are two main differences,
indirect evaluation with a system model and the controller representation.
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3.1.1 Indirect evaluation with a system model

Instead of executing the program tree, an indirect approach is adopted here. The
evaluation of a candidate controller comprises four steps, first convert the program
tree to a block diagram, insert the candidate controller diagram into the system
model, simulate the model numerically and finally, interpret the results. By system
model we mean the entire model in which the proposed controller is inserted and
connected to the system (or plant), the system model also provides the definition
of the inputs and outputs of the closed-loop system. Fig. 3.1 depicts a basic system
model, where the controller is part of a closed-loop system, i.e. the controller acts
on the input signals and the fed back plant output.

CGP
yr P

e u

Figure 3.1: A basic system model block diagram, with candidate controller CGP and plant P .

The dynamics of the plant is assumed to be known in advance. This knowledge
is either model based or obtained experimentally. In the latter case, a transfer
function or state-space description is fitted on the measured frequency response
data and the resulting function (e.g. transfer function or state-space description)
is used to represent the plant. In this thesis the plant model is assumed to be
linear, time-invariant and also, some time delay is included to represent the effects
of sampling.
A powerful feature of GP is the versatile specification of controller requirements.
As the fitness function governs all aspects of controller evaluation, such as simu-
lating the closed loop system and interpreting the results, it is easy to specify both
time and frequency domain requirements in a single objective function.

3.1.2 Controller representation

The program tree represents the controller design and the result of the program
tree is designated as the controller output (note that this representation easily can
be extended to multi-input multi-output (MIMO) by using multiple program trees
per individual). Nodes and terminals are interconnected to create a program tree,
where each node represents a signal processing function with one output and a
number of inputs depending on the function. Terminals correspond to the input
signals available to the controller. Thus, the function set together with the terminal
set determine the scope of controller design. A well designed set of functions and
terminals is an important preparatory step for GP.
The controller representation and conversion is illustrated by a simple example,
Fig 3.2 shows a controller design based on function set F and terminal set T :

F =

{

+,−, gain,
du

dt
,

∫
}

(3.1)

T = {ṙ, r̈, e} (3.2)

The choice to include the position error in the terminal set, automatically leads to
negative plant output feedback when terminal e is selected into the program tree.
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+
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du
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g2 g3
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e u

CGP
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−

g2

g3

r̈

(b)

Figure 3.2: A PD-controller with mass feedforward. Fig.(a) shows the program tree and
Fig.(b) shows the corresponding block diagram after the conversion.

By including reference signals ṙ and r̈ in the terminal set, feedforward is made
possible. Note that any function can be applied to any terminal. One consequence
is that GP can reconstruct the reference signal through integration of the reference
speed signal.

The question arises whether any type of controller can be devised using such a
simple function set. Let us consider a second example: a lead-lag filter. Fig. 3.3
shows two representations. While the structure of a lead-lag filter is just slightly
more complicated than a PD-controller, both designs cannot be represented with
the current setup. Because the current setup of GP cannot represent the feedback
loop around the integrator (this concept of feedback within the controller is called
internal feedback ), the design of Fig. 3.3a cannot be made. The design of Fig.
3.3b employs a transfer function to represent the lead-lag, the problem is that no
transfer function are present in the function set of Eq. 3.1.

In literature, different approaches are found to solve this representation problem.
An obvious solution is to add transfer functions to the function set, in [5] this ap-
proach is adopted. The second approach is to let GP design internal feedback au-
tonomously. In fact, this approach allows GP to design controllers from scratch
based on elementary signal operations only. Koza has done a considerable amount
of work in this area, in [18] he presents two methods for internal feedback: an
adapted version of the automatically defined functions and a method called take-
offs. The next section will discuss both approaches in detail.

τ1

1/τ2

u(s) y(s)
∫

−

+

+

+

1/τ2

du

dt

(a)

τ1s+1

τ2s+1

u(s) y(s)

(b)

Figure 3.3: Two block diagram representations of a lead-lag filter. The structure of Fig.(a) uses
elementary blocks combined with a feedback loop, Fig.(b) uses a transfer function.
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3.2 Previous work

3.2.1 Hybrid approach with GA based parameter optimization

The master thesis “Structural and Parametric Optimisation of (non)linear Dynami-
cal systems using GP” [5] proposes an approach where GP optimizes the controller
structure throughmanipulation of nodes with varying complexity. Besides the stan-
dard elementary functions, the function set is extended with first and second order
transfer functions to enable arbitrary pole placement. It is shown that GP has diffi-
culty optimizing the parameter values of the nodes. Therefore, GA is added to GP
as a genetic operation to tune the parameter values, resulting in a hybrid algorithm
with GA and GP. The tool is applied to system identification and controller design
problems.

The following points highlight some important properties of the method used in
[5]:

• It is stated that no internal feedback is possible with a tree based controller
representation. Without feedback loops it is not possible to create transfer
functions based on elementary blocks. The solution is to add first and second
order transfer functions to the function set.

• The parameters of the nodes (varying from one for a gain, to five for a notch
transfer function) are embedded in the nodes and the initialization operators
perform an initial guess to establish these parameters. During evolution GA
is applied as a genetic operator to tune the parameters values. This hybrid
approach with GA and GP is motivated by the fact that GP itself can only
change the parameter values when a node is replaced by another node with
similar structure but with slightly different parameter values, which makes
the parameter tuning almost impossible.

• The repertoire of functions and terminals is: add, subtract, multiply, divide,
integrate, differentiate, 1st order transfer function , 2nd order transfer func-
tion, time delay, constant, input0, input1, etc.

• Some filter design knowledge is inserted into the the transfer function by
normalizing parameter values. For instance, second order transfer functions
are under-critical-damped by default and have a static gain of 1. Further-
more, gain parameters are initialized with a loguniform distribution proba-
bility such that the chance of amplification or attenuation is equal.

• The program tree is translated into a block diagram which is implemented
as a Simulink model, allowing easy and robust evaluation of candidate con-
trollers. A Matlab script (i.e. a m-file) governs the evaluation of the Simulink
model. An advantage of this approach is that all sophisticated tools of the
Matlab/Simulink environment can be used (e.g. solving differential equa-
tions and frequency domain analysis).

• The implementation of the GP algorithm is based on an evolutionary com-
putation library written in C++. Here, the EO-library (Evolving Objects) is
chosen. The GP-tool communicates with Matlab via the so-called Matlab En-
gine, i.e. the C++-application instructs Matlab to build a simulink model and
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to run the fitness function. The result is returned to the GP-tool. The idea
behind this approach is to shorten the development time and to improve ex-
ecution speed.

• The fitness function comprises time domain as well as frequency domain re-
quirements. Each requirement or constraint is translated into a numerical
(penalty) score and the fitness is the (weighted) sum of these scores. The set-
tling time is used to asses the tracking performance. Stability and robustness
are ensured by a combination of a sensitivity constraint and the previously
mentioned performance measure based on the settling time. Furthermore,
controllers which exceed the actuator limit and erroneous controllers are des-
ignated as worst-of-generation by setting the fitness to a very high value (e.g.
1010).

3.2.2 GP based optimization of structure and parameters

Koza has done a considerable amount of work on automatic controller synthesis.
His book, titled: “Genetic Programming IV: Routine Human-Competitive Machine In-
telligence”, presents a series of examples where GP has created human-competitive
controller designs [18]. The distinctive features of his work are the application of
internal feedback and constrained GP for parameter optimization. This enables GP
to create more sophisticated controllers based on simple, low order signal process-
ing functions. This approach enables GP to optimize both the controller structure
and parameter values.
Runs are performed with a two-lag plant (i.e. a second order system with two
real poles), a three-lag plant (three real poles) and a second order non-minimum-
phase plant. A cluster of parallel computer systems is used to evolve the population
(66, 000 - 100, 000 individuals).
In [18] two methods for creating internal feedback can be distinguished, namely
automatically defined functions and takeoffs. Both approaches are discussed this
section, together with GP based parameter optimization. This section concludes
the review of Koza’s work with a concise review of the used fitness function, func-
tion/terminal set and the program architecture.

Internal feedback based on ADFs

The concept of automatically defined functions is now applied to the design of
controllers (instead of subroutine creation during the automatic design of software,
as discussed in section 2.3.2). This subsection explains how ADFs can be used to
reuse parts of program tree and to create internal feedback. To accommodate ADFs
in the controller representation, the function and terminal sets have to be extended
with the ADF node and the ARG terminal. Furthermore, the individual must
contain multiple branches.
Fig. 3.4 is an example of reuse, ADF0 is called three times. Because of this, pick-
off points occur. The function body subtracts the plant output from the reference
signal and returns the position error.
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Figure 3.4: A PID-controller design created with ADFs. Fig.(a) shows the ADF based con-
troller representation. The FDB has no arguments, therefore the ADFs are depicted as termi-
nals. Fig.(b) shows the corresponding system model.

It is possible that an ADF node appears in the function definition part of the pro-
gram tree (below the Values node in the left part of the program tree). When the
ADF node has the same name as defined by the second child of the Defun node, a
reference to itself is created, i.e. a recursive reference. In case of controller design,
the recursion is replaced by an internal feedback loop. The ADF which calls itself
will create a loop to the root of the function defining tree. An illustration is given
by 3.5 where the lead-lag design is represented with ADFs.
For simplicity, this section only uses one function definition per individual. The
complexity of ADF based designs can be increased by using multiple Defuns per
program tree. Then, it is also possible that ADFs create cross-references between
function definitions. Care must be taken to prevent that functions reference them-
selves indirectly, through a chain of functions. This is an unwanted recursion. A
solution is to define a hierarchy between the functions.
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Figure 3.5: A lead-lag design, created with ADFs. Fig.(a) shows the program tree with one
function definition. The created feedback loop in the tree is indicated with a dash-dotted line.
Note that the position error terminal below ADF0 in the function body is ignored due to the
internal feedback loop, this is another case of bloat. Fig.(b) shows the system diagram with
the converted controller design.

Internal feedback based on Takeoffs

The ADF approach was mainly used by Koza during early work on controller syn-
thesis. Recent work applies a more straightforward method to create internal feed-
back. It is argued that, because takeoff points are so common in block diagrams
and with static or slowly changing program tree architectures, the ADF approach
is rather inefficient. Thus, a new node type takeoff (TO) is introduced. A takeoff
node is an identity function which makes a point in the controller block diagram
available to other points in the same diagram. Besides the takeoff node, a new take-
off point reference node is added to the terminal set. This node refers to a takeoff
node appearing at the left or right side of the current node. Fig. 3.6 depicts an
example, the node L1 refers to the first takeoff node occurring earlier (i.e. to the
left) in the tree. Similarly, the R1 node refers to the first node which occurs later
(i.e. to the right) in the program tree. It is clear that a tree architecture with a single
result producing branch is sufficient to create any controller design.
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Figure 3.6: A lead-lag design, created with Takeoffs. Fig.(a) shows the program tree, the
dash-dot line represents the feedback loop. Fig.(b) shows the corresponding block diagram.

Parameter optimization

Constrained GP is key to GP based parameter optimization. Two data types signal
and parameter are defined to make a distinction between arithmetic-performing
subtrees (APS) and signal processing subtrees. The APS establishes the numerical
value of a parameter and is created with a limited set of mathematical functions
(e.g. addition and subtraction) and constant numerical terminals. The genetic op-
erators canmodify the APS tree, leading to large jumps in the parametric subspace.
The APS based parameter optimization is supported by an extra genetic operation
which perturbs the values of the constant parameter terminals. The perturbations
allow small jumps in the search space.

0.85

e e

+

+

3.46

du

dt

APS

gain

Figure 3.7: A program tree with two data types: signal (solid connections) and parameter
(dotted connections).

Koza applies a nonlinear mapping to evolve parameter values that differ by several
orders of magnitude. The APS provides the input value and the mapped value
is inserted into the block diagram. This approach is similar to the loguniform
distribution of gain parameters described in Section 3.2.1. The nonlinear mapping
is given by Eq. 3.3 and is plotted in Fig. 3.8.
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Figure 3.8: Non linear mapping of parameter values.

Further details on this mapping are missing. It is not clear why the mapped value
converges to 1 when |x| >> 5. One explanation is that the search space is traversed
more often when the result of the APS becomes large.

Function and terminal set

Although Koza uses internal feedback as a highly flexible representation of con-
troller designs, the choice is made to include 1st order transfer functions in the
function set. Several runs showed that these functions prove to be extraneous, GP
simply chooses not to incorporate the transfer functions in the design. The point
is made that GP can still find a good solution, irrespective of poor design choices
of the user. Another reason is that a large function set should increase the chance
of the discovery of novel designs, even at the expense of optimization efficiency.
The repertoire of functions is: add, subtract, gain, invert (i.e. change sign), lead

(τs + 1), lag ( 1

τs+1
), 2nd order low pass ( ω

2

s
2+2ξωs+ω

2 ), input difference integrator,

differentiator (made proper with a pole) and automatically defined function. The
following terminals make signals available to the controller: reference signal, con-
troller output, plant output and constant value.

Fitness function

All the GP runs presented in [18] use a fitness function which assigns a single nu-
merical value to a candidate design. A variety of measures and constraints are
summed to obtain the fitness value. The basic fitness function which is used
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throughout his book, comprises 10 elements which define the controller require-
ments in terms of:

• Tracking performance. The ITAE (Integral of time-weighted absolute error)
and overshoot are added to the fitness.

• Performance robustness. The tracking performance is evaluated against vari-
ations of the plant’s internal gain and time constant. The variations are ap-
plied to prevent pole cancellation in the controlled system, which has a detri-
mental effect on the robustness.

• Stability. A small pulse is applied to the closed-loop system, when the plant
output exceeds a fixed limit, a proportional penalty value is added to the fit-
ness.

• Noise amplification. When the magnitude of the closed-loop frequency re-
sponse exceeds the magnitude of a second order low-pass filter below the
cut-off frequency by more than 3dB, a penalty is added to the fitness. The
frequency response is measured by an AC-sweep.

No penalty is added to the fitness when the controller output exceeds a predefined
limit. The plant input is simply bounded by limiter block, the effects of actuator
saturation are captured by the other elements of the fitness function.
In [18] a controller is evaluated by executing the program tree, which results in a
block diagram. The controller is connected to the plant and the closed-loop system
is simulated with SPICE (Simulation Program with Integrated Circuit Emphasis).

3.3 Used approach and contribution

The approach used in this thesis is founded on elements provided by the work
presented in [5] and [18], as discussed in the previous section. These elements
involve:

• An executable representation of a controller design, based on the traditional
program tree.

• Creation of new generations according to the generational approach.

• Application of internal feedback mechanisms such as ADFs and Takeoffs to
represent higher-order controller designs based on elementary signal opera-
tions.

• Simultaneous optimization of controller structure and parameter tuning. Con-
strained GP is used to create dedicated subtrees which represent the param-
eter values.

• Three stage evaluation: the program tree is converted into a block diagram,
the controller is inserted and connected to the system model and the fitness
function is executed.

• Definition of two types of fitness functions: a time and frequency domain
based fitness function to evaluate linear controllers and a fitness function
based solely on time domain requirements to evaluate nonlinear controllers.
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• The block diagrams and fitness function are implemented in theMatlab/Simulink
environment and GP itself is implemented as a C++ application, based on
a open-source evolutionary computation framework. The Matlab engine is
used as interface between the C++-application and Matlab/Simulink.

The approach is explained further by the following considerations.

The traditional tree-based approach is maintained for several reasons. First and
foremost, tree-based GP does not impose any restrictions on (non)linear controller
design, because any controller design can be made with elementary signal process-
ing functions and internal feedback loops. Furthermore, the tree-based represen-
tation is supported widely by open-source GP frameworks. A different representa-
tion (e.g. linear structures, graphs) would require a new GP framework, built from
scratch.
Internal feedback allows the creation of higher-order input-output behaviour by
combining elementary signal operations and feedback loops. An advantage of this
approach with respect to transfer functions is that any internal state of the con-
troller can be influenced by nonlinear functions. Therefore, internal feedback in-
creases the design freedom of GP.
Constrained GP provides the definition of the APS, enabling GP to establish the
parameter values simultaneously with the structural optimization. The selection
of the crossover or mutation point determines whether the genetic operation in-
fluences the parameter tuning or the controller structure. As stated in the recom-
mendations of [5], any gain in parameter tuning efficiency is highly desirable. It is
interesting to know whether an integral approach to parameter tuning can achieve
this goal. The two approaches in parameter optimization do not exclude each other.
In case of very poor performance of Koza’s approach, it is still possible to add GA
as a genetic operator.
As mentioned in the previous section, implementing GP as a stand-alone C++-
application (with Matlab/Simulink as evaluation tool) has two benefits: the devel-
opment time is shortened and the execution speed is increased. Since only stand-
alone machines are available during this master project, the complexity of the fit-
ness function as well as the population size is bounded. Similar settings as used
by Koza are not realistic, because a single GP run would take months even years to
complete.

The research on GP based controller design is performed in three steps:

1. Time and frequency domain based linear controller design. During this
stage, the working of the newly designed tool (GP4CONTROL ) can be ver-
ified and secondly, a comparison can be made with the tool designed in [5] in
terms of optimization performance.

2. Time domain based linear controller design. A new fitness function is de-
signed, which translates the requirements set in the fitness function of the
previous step to the time-domain. Because GP still designs linear controllers,
the standard frequency domain based tools can be applied afterwards to verify
the results.

3. Nonlinear controller design. The time domain based fitness function is used
to search for nonlinear controller designs.

27



Application to controller synthesis

Contribution

A lot of features presented in Section 3.2.2 are adopted here, to enable the design of
(non)linear controllers based on elementary signal operations. The question arises
whether it is better to adopt the software presented in [18] entirely. However, there
is one important disadvantage. The controllers which are designed with the pro-
posed method, are converted into data structures which are presented to a SPICE
(Simulation Program with Integrated Circuit Emphasis) simulator. As the name
already says, this environment is used to simulate integrated circuits. However, in
this thesis the focus is on the design of motion controllers, in this research field the
Matlab/Simulink is a well known tool for simulation and analysis. Thus, with re-
spect to the work presented in [18], the contribution of this thesis lies in the design
of a new GP tool which uses the Matlab/Simulink environment for simulation,
evaluation and analysis purposes.

Secondly, when reviewing the second approach to automatic controller synthesis
(Section 3.2.1), it can be seen that the Matlab/Simulink environment is already
used to design controllers. Again, the same question arises: Why is the software
presented here not adopted? In this case, the limiting factor is the choice for prede-
fined transfer functions in the function set. It is stated that no loops can be devised
with a program tree approach, and therefore, transfer functions are necessary. This
approach has however a large impact on the design possibilities of GP, as the inter-
nal states of the transfer functions cannot be influenced by the (nonlinear) function
nodes and the genetic operations. In the previous section, indeed some methods
are presented to create loops inside the controller design. Thus, with this infor-
mation, the contribution with respect to [5] can be stated as follows: the GP tool
designed in this thesis will enable the evolution of controller structures based on
elementary signal operations and feedback loops. The emphasis of the elementary
approach is laid on the design of nonlinear controllers. As, in the linear case, the
approach with transfer functions already provides arbitrary placement of poles and
zeros.
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4
GP4Control: The

implementation of GP

Before starting a detailed discussion of the results, this chapter introduces the tool
itself: Genetic Programming for Control, or for short GP4CONTROL .

4.1 The foundation

A lot of GP implementations are available on the internet as open source software
packages. Often these libraries provide an entire set of Evolutionary Algorithms.
The main drawback of virtually every implementation is that the aim is on soft-
ware design instead of controller design. An interface to a numerical simulation
environment is missing (an exception is the GPLAB package [23]). The genetic
programming section of Wikipedia [1] provides an overview of available packages.

The approach defined in this thesis can only be implemented when the package of
choice includes features such as multiple program trees/branches per individual,
automatically defined functions and constrained GP. It should be programmed in
C/C++ to be compatible with the Matlab Engine interface. At the time of the de-
velopment of GP4CONTROL , only one framework met these requirements: Open
BEAGLE [11].

Open Beagle is developed at the Laval University in Quebec, Canada. It is com-
pliant with the C++ ANSI/ISO 3 standard and uses the Standard Template Library
(STL) [25]. Open Beagle is designed to provide a user friendly, robust and efficient
EC environment.

Actually, a consequence of choosing the Open Beagle framework is that a new
GP application has to be developed. However, in [5] a GP application named Ge-
netic Programming for Structural Optimization (GP4SO) was already created. This
might seem as ‘reinventing the wheel’, but the needed development time to create
a new GP-tool or to adapt GP4SO is roughly the same. The cause is that GP4SO
is based on the EO-library [15], which lacks native support for advanced features
such as constrained GP and ADFs. Adding these features to the framework would
require a lot of programming, which cancels out the time needed to develop a new
application based on the Open Beagle environment. Also, parts of the code of
GP4SO can be reused in the new application.
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4.2 Architecture of GP4CONTROL

Open BEAGLE offers a base for implementing the genetic programming algo-
rithm. Themain structure consists of a population, an evolver and an evolution sys-
tem. GP4CONTROL adopts this structure for the automatic design of controllers,
the architecture is depicted in Fig. 4.1. Each part of the architecture can be replaced
or specialized independently, i.e. every element is implemented as a class, part of
a object-oriented program structure.

GP4Control

Evolution
system *

Components:

• Context †

• Logger *

• MatlabCom †

• SimulinkModel †

• Register †

• PrimitiveSet †

Evolver * Operators:

• Initiaization *

• Evaluation †

• Genetic *, †

• Statistical *

• Milestones †

• Termination *
Vivarium *

Deme *

Individual *

Matlab /
Simulink

Genotype *
(i.e. tree)

Figure 4.1: The architecture of GP4CONTROL , a mix of elements inherited from the Open
Beagle framework (*) and elements added or redefined by GP4CONTROL (†).

The population is structured into four layers, at the top level the vivarium repre-
sents the entire population. The vivarium is an aggregate of one or more demes,
where each deme is a population that evolves independently. In this thesis, the
deme is equal to the vivarium.

An evolution system is a set of modules managing all functions and data struc-
tures needed by GP4CONTROL during evolution. The context contains the stack,
a data structure needed when executing a tree. The logger writes details on op-
erations to a XML-file. The class MatlabCom implements a communication layer
between GP4CONTROL andMatlab, using the Matlab Engine application program-
ming interface (API). SimulinkModel adds extra functionality with respect to au-
tomatic model generation. The register holds all parameters used to set up a GP
run (e.g. population size and probabilities for genetic operations). The system is
completed by a primitive set, which is a list of all functions and terminals available
to GP4CONTROL .

The evolver breeds a population of individuals by means of the application of op-
erators. A variety of operations is implemented: initialization operations to create
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4.3 The evolution algorithm

trees and individuals, genetic operators to modify the structure of individuals. The
evaluation operator provides an individual with a fitness score by applying a fitness
function and the overall performance of GP4CONTROL can be monitored using
the statistical operators. Finally, the milestone operator takes a snapshot of all the
data contained within GP4CONTROL and the termination operator stops evalua-
tion according to one or more criteria. A list of available operators is provided in
appendix A.3.

4.3 The evolution algorithm

The evolver is actually a structured package of operators. The ordering and type of
operators determine the working of the GP algorithm. As already mentioned, this
thesis implements generational GP. The basic flowchart of Fig. 2.5 is extended to
represent the changes needed for controller design, the result is depicted in Fig.
4.2. The genetic operators are chosen with roulette wheel selection. Each genetic
operator gets a part of the wheel (proportional to the probability), the wheel spins
and if the genetic operator has the lucky number, it is selected. As the wheel is
only spun once to select a genetic operation for an individual, only one operation
is applied to create the offspring and the probabilities of the operators depend on
each other.
The choice for generational GP is motivated by the fact that a clear distinction be-
tween the previous and next generation can be made, a convenient property when
monitoring statistics such as primitive usage, fitness average and fitness devia-
tion. Also, the generational approach allows elitism. This method copies the best
individuals in terms of fitness to the next generation (in this thesis, only one indi-
vidual is copied). Elitism is added because it guarantees the survival of the best-of-
generation design. This is especially useful when the initial population is seeded
by a design which is expected to beat all random created designs.
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create initial population

evaluation

i = individual count
g = generation
M = population size

select n elites

select genetic operation
(using roulette wheel selection)

i = n

Termination criteria
reached?

no

yes

crossover reproductionmutation (standard, shrink, swap, swap subtree
and parameter pertubation)

select two parents
(tournament sel.)

mate

select 1st child

select one parent
(tournament sel.)

mutate

select one parent
(tournament sel.)

i = i + 1

i == M

stop

start

add offspring to
new generation

g = 0

g = g + 1

no

yes

convert program tree to block diagram

insert into system model

execute fitness function

Figure 4.2: A flowchart of the generational GP algorithm, as used by GP4CONTROL
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4.4 Features of GP4CONTROL

Graphical user interface A GUI is provided to setup, (re)start and stop a GP run.
Several features are included, such as automatic generation of a fitness func-
tion skeleton, creation of a default configuration file and setup of fitness func-
tion specific parameters. The settings entered in the GUI are saved to a single
data structure, which is interfaced by the Matlab script fitnessfunset.

Configuration files The configuration file (with xml-format) can be used to set all
the parameters listed in the register, to setup the main algorithm of GP and
to define the function/terminal set.

Milestones At a rate specified by the user, a milestone operator writes the com-
plete population together with the algorithm configuration and parameters
to a single xml-file, called a milestone. The advantage is that the run can
be aborted at any moment, without any loss of data and results achieved so
far. The milestone (with optional changes) can be used to restart the GP run.
A typical example is the modification of the termination criterion (e.g. the
maximum number of generations) before the GP run is continued.

Population seed It is possible to provide GP with initial designs (or embryonic
structures). During the initialization of a population the seeded embryonic
structures are copied and when the size of the seed is less than the popula-
tion size, the remainder is created randomly with the initialization operators.
A xml-file is used to represent the predefined tree designs.

Postprocessing The GUI provides an interface to a set of functions, used to post-
process the (intermediate) results. It is possible to show the Simulink model
of the controller and plots can be made of the dynamic behaviour. The fitness
function determines which postprocessing functions are available during the
run. Plots can be made of time domain and frequency domain response.

4.5 Discussion

The approach with elementary blocks and the creation of (feedback) loops allows
GP4CONTROL to design controllers with a high degree of flexibility and creativity,
i.e. the search space for GP is much larger. Central in this discussion is the level
of inserted design knowledge versus the flexibility of the algorithm. Because the
computational power is limited, not every point in the search space can be explored.
Nevertheless some degree of creativity is required to let GP4CONTROL create novel
(non)linear designs.
One method to lighten the design task is to apply a seed, this is equivalent to giving
GP a ‘hint’. When designed correctly, the seed will survive and GP is free to create
alternatives in terms of structure and parameter tuning.

Especially when designing linear controllers, it is clear that adding filter designs to
the function set can simplify the search. The reduced creativity is not expected to
have a detrimental effect on the optimization performance, because the predefined
filters alone can provide arbitrary pole/zero placement. This assumption only holds
when the parameters of the filters are chosen well. A large part of the parametric
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search space of a filter with multiple parameters (e.g. a notch) leads to unstable
models. The design load can be ameliorated by the application of a parameter
mapping, defined separately for each parameter of a filter. Furthermore, the setup
with predefined transfer functions allows a good comparison with the approach
used in [5].

GP4CONTROL implements two parameter mappings: a linear and a nonlinear, log-
arithmic mapping. Koza already defined a nonlinear parameter mapping (NLM),
but his mapping allows only the mapping of positive real numbers. Here, Koza’s
mapping is extended to process both positive and negative input. Also, a simple lin-
ear mapping is defined. The design knowledge of the user is reflected in range of
the mapped value, every parameter of each function can be configured separately.
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5
Time and frequency

domain based linear

controller design

The previous chapter introduced a new generic tool for automated controller de-
sign, named GP4CONTROL . It is designed to be as generic as possible, based on
the idea that any controller design can be broken down into a block diagram which
contains only elementary signal operations and feedforward/feedback loops. In
other words, GP4CONTROL should be able to design controllers from scratch. The
main purpose of this chapter is to verify the working of GP4CONTROL . The runs
are performed with two leading questions: Can GP develop linear controllers from
scratch or are transfer functions needed in the function set, and how does the opti-
mization performance compare to the results achieved in [5]?

To begin with, a basic fitness function is used to let GP design a controller for a
single mass system. Next, the GP algorithm is applied to more challenging design
problems, which can be compared to the runs performed in [5]. These comparative
runs are performed with a mass-damper system and a dual rotary mass system.
In order to maintain the design goals, the latter two problems both use the same
fitness function as in [5].

5.1 Single mass

As a first investigation, GP is configured to design a linear controller CGP for a
model of a singlemass system. This setup is chosen to verify whether GP4CONTROL

can design a controller with phase lead to stabilize the closed loop. The system can
be described as follows, an actuator is connected directly to the load with one de-
gree of freedom. The controller uses the error signal to create the actuator input
signal. A constraint is imposed by the plant capacity, in this case the magnitude
of the actuator force is limited to ±10V . The plant and the control scheme are
depicted schematically in Fig. 5.1.

35



Time and frequency domain based linear controller design
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Figure 5.1: Setup of the plant and the control scheme

5.1.1 Fitness function

The objective is to design a stabilizing controller which tracks a step reference well,
with emphasis on settling behaviour. With this simple setup, it is obvious that the
controller needs to create sufficient phase lead around the bandwidth.
Without making any assumptions with respect to controller structure and param-
eter tuning, the fitness function should penalize any unwanted behaviour, such as
poles in the right half plane, slow transient response and actuator saturation. Fur-
thermore, these characteristics have different priorities. It is clear that closed-loop
stability has priority over minimal settling time. The priority is reflected by the size
of the penalty. Thus, unstable behaviour needs to be penalized heavier than the
settling time.
The reference signal for the controller is defined within the fitness function. In this
case, the control system should track a step reference starting at t = 0s with a step
height of 1m. The reference signal is generated with a sample frequency of 1kHz
and the simulation time T is set to 5s, enough to capture the transient response.

The fitness function consists of four elements:

1. Integral of time weighted absolute error (ITAE): f = f +
∫

T

t=0
|e(t)|tdt

2. Controller stability constraint:
if any Re(p) > 0 or any Re(z) > 0 then f = f + 1010

3. Actuator constraint: if |u| > 10N then f = f + 105

4. Error handling: if simulation error then f = 1010

The first element is added to enforce good tracking performance. The ITAE in-
tegrates the error signal, i.e. the difference between the desired position and the
current position of the plant. Time weighting is added to emphasize the settling
behaviour.
A second element is added to the fitness function, when the controller has any poles
or zeros in the right half plane, the fitness value is ceiled to the maximum value of
1010. However, this fitness element is not sufficient to ensure closed loop stability.
The Nyquist stability criterion can still be violated, resulting in unstable closed loop
behaviour. This problem is addressed by the first fitness element, unstable system
response causes the ITAE to blow up. It is clear that unstable behaviour of the
control system is penalized heavily, which is in accordance with the high priority.
Poles and zeros of the controller are determined by the Matlab command linmod,
as the candidate controllers are still linear. Note that it is also possible to perform
an analytical stability analysis for the closed loop system also, by checking the pole
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5.1 Single mass

locations of the closed loop transfer function. This approach is possible due to the
lack of any time delay, which is quite unrealistic for sampled control systems in
practice. The time delay will be added to the plants in the next sections.
The actuator constraint is implemented with a third element. The plant capacity
is limited, thus it is important to reject designs with unrealistic high gains which
cause the actuator to saturate. A penalty of 105 is added to the fitness. The lower
priority is reflected by a penalty value half that of the stability constraint.
The last element penalizes simulation errors. The term simulation error captures
any problem which might occur during a simulation. When, for example, the con-
troller destabilizes the system, the solver might issue an error before the simula-
tion is completed, then the fitness function designates this error as an simulation
error. Another example is poor simulation speed due to step size reduction of the
variable-step solver, this can happen when the plant input signal contains a lot of
discontinuities. When the simulation time exceeds a user-specified limit, the simu-
lation is aborted and again, the fitness function detects this as an simulation error1.
When a simulation error occurs, themaximal penalty of 1010 is added to the fitness.
The highest penalty value causes the current design to become worst-of-generation,
which minimizes the chance that these bad designs are selected again. After a few
generations, this design will become extinct.

5.1.2 Configuration

The control scheme already showed that only the error signal is available to the
controller. In other words, the terminal set contains only the position error termi-
nal. In other words, GP does not have to reinvent negative plant output feedback
for this problem. Actually, another element is always present in the terminal set:
a parameter terminal. This terminal provides a constant numerical value to the
arithmetic performing subtree to establish the parameter values. In the remainder
of this thesis, this element not mentioned again as it is a default terminal for each
run.
The function set is defined in three ways, on top of a common set of mathemati-
cal functions (such as add, sub, integrate and differentiate), three separate sets are
defined. The first set contains first order transfer functions which are similar to
the function used in [5]. The second set provides internal feedback with automati-
cally defined functions and the third set implements internal feedback with takeoff
functions. With each setup, a run is performed to compare the optimization per-
formance. Thus, three runs are performed in total. The functions sets, terminal
sets and control parameters for each run are listed in appendix B.

5.1.3 Results

With each of the three functions sets, GP has returned a controller which creates
phase lead around the bandwidth. The approach with transfer functions resulted
in a fifth order controller with two lowpass filters, one leadlag filter and two dif-
ferentiators. When the transfer functions are replaced by automatically defined
functions, GP returned a third order controller design where an ADF at the top of
the hierarchy calls a second ADF. Inside the second ADF a feedback loop is created.

1The alstop function which has been developed in [5] is adopted here to limit the simulation
length.
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With takeoffs, a second order controller is returned with one integrator, one differ-
entiator, one feedback loop and four feedforward loops. The block diagrams of the
results are depicted in appendix C.1.1. Note, that the during the post-processing of
results in this thesis (e.g. plotting the frequency response), a minimal realization
of the controller is used.
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Figure 5.2: Time responses of the three different representation types, Predefined transfer func-
tions(solid), ADF’s (dash-dot) and Takeoffs (dashed)

Fig. 5.2 shows the transient response of all three controller designs. In all cases,
the step reference is tracked well, while the maximal controller output is just within
the bound of 10V. The frequency response is shown in Fig. 5.3.
The frequency responses of the designs with transfer functions and ADFs are al-
most equal and show a good frequency response, with phase lead around the band-
width and noise reduction at high frequencies. The design based on takeoffs per-
forms slightly better, because the slope of the controller is zero at high frequen-
cies, less phase is lost around the bandwidth. The result is less overshoot and a
(slightly) better sensitivity at the cost of rise time. Because the actuator limit is
already reached, the frequency response does not approach the point −1 in the
nyquist plot.

Some statistics of the created designs are listed in Table 5.1. Note that the ADF
based design is quite complicated with four branches and 153 nodes when com-
pared to the relative simple design of the takeoff approach with a mere 40 nodes.
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(a) Controller
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(b) Open loop
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(c) Sensitivity
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(d) Nyquist diagram

Figure 5.3: Frequency responses of the three different representation types, Predefined transfer
functions(solid), ADF’s (dash-dot) and Takeoffs (dashed)

Predefined transfer
functions

Elementary nodes
and ADF’s

Elementary nodes
and Takeoffs

Fitness 0.125 0.139 0.141
Nr. of branches 1 4 1
Total number of nodes 105 153 40
Maximum tree depth 10 11 9
Settling time [s] 1.22 1.42 1.09
Rise time [s] 0.55 0.59 0.68
Overshoot [%] 2.02 2.35 0.68
Max. controller output [N] 10.0 10.0 9.95
Duration of GP run [days] 1.3 1.1 1.4

Table 5.1: Results of GP4CONTROL for the single mass problem.
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5.2 Mass damper

The single mass model of the previous section is now connected to the fixed world
with a damper, see Fig. 5.4a. This model represents a pick-and-place unit with
air bearing. The maximal output of the actuator is 63N. The system setup and the
specifications (including the setpoint) are adopted from [5].
The design freedom for GP is increased because besides the position error, the ref-
erence speed and acceleration signals are now included also in the control scheme,
as shown in Fig. 5.4b. Any combination between a feedback/feedforward design is
possible.
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Figure 5.4: Setup of the plant and the control scheme.

The transfer function of the plant model is given by Eq. 5.1. The term e−0.0006s

models the delay introduced by sampling and quantization errors, it limits the fea-
sible bandwidth. The bode plot of the system is shown in Fig. 5.6a.

H(s) =
2.6

2.6s2 + 19s
e−0.0006s (5.1)

5.2.1 Fitness function

Compared to the previous fitness function of Section 5.1, this function is also de-
signed to penalize controllers with poor tracking performance, only now the em-
phasis is on stability robustness and disturbance reduction. The setpoint of the
control system is a third order trajectory which is relatively slow compared to the
plant capacity. The maximal jerk, acceleration and velocity are respectively: 1000
ms−3, 6.3 ms−2 and 0.8 ms−1. Eq. 5.2 shows that only 19% of the plant capacity is
used.

F = mẍ + dẋ = 1 · 6.3 +
19

2.6
· 0.8 = 12.1N (5.2)

The remainder of the actuator force should be used to optimize the bandwidth of
the closed loop system. A higher bandwidth results in a larger frequency band in
which disturbances are attenuated. The downside of a high bandwidth design, is a
poor stability robustness. Therefore should the sensitivity function be constrained.

The endpoint of the trajectory is a 0.3m, so a simulation time T of two seconds
should be enough to capture the settling behaviour at the trajectory end point. The
settling time Ts is defined to be zero when the response is immediately within
an error band of 0.002% when the setpoint becomes constant. The sampling fre-
quency is 2kHz. Note that these settings only apply to the fitness function during
evolution.
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5.2 Mass damper

The fitness function is implemented with 7 elements:

1. Settling time penalty: f = f + Ts/T

2. Scaled settling time penalty: if Ts > 0.9T then f = f + emax/A

3. Stability: if any(Re(p) > 0, Re(z) > 0) then f = 1010

4. Sensitivity constraint: if |Smax| > 6 dB then f = f + 105

5. Actuator limit: if |u| > 63[N ] then f = f + 105

6. Bandwidth optimization: f = f + 1

1+bw

7. Bad-simulation penalty: if simulation error then f = f + 1010

The first and second element are used to optimize the settling time. Unstable
designs are penalized in the same fashion as described in Section 5.1. Here, the
first, second and third element add a penalty for unstable designs.
Furthermore, the fourth element adds the robustness criterion, by constraining the
maximum sensitivity to 6 dB.When the limit is exceeded a constraint penalty of 105

is added to the fitness.
The actuator limit is enforced by an actuator constraint. Here, the fifth element
adds a constraint penalty when the limit is exceeded.
A small change is made to the sixth element. Originally the bandwidth term was
f = f + e−bw. The purpose of the bandwidth element is to stimulate the opti-
mization of the bandwidth when the other criteria are met. But the first runs with
GP4CONTROL , revealed a problem. When the bandwidth is for example 100 Hz,
the fitness penalty becomes very small: e−100 = 2.96 · 10−43. Because the fitness
value is implemented as a float data type, underflow can occur. The float cannot
represent such a small number, and therefore the value is rounded towards zero.
The result is that beyond approximately 100 Hz no further bandwidth optimiza-
tion is performed. The problem is solved by a new expression for the bandwidth
penalty: f = f + 1

1+bw
.

Finally, the last element captures all simulation errors by adding the maximal
penalty.

5.2.2 Evolutionary settings

Preliminary runs showed that the mass-damper set up proved to be a tricky prob-
lem for GP4CONTROL . The closed loop system with a mass damper plant has,
under unit feedback, some inherent stability robustness, Fig. 5.6a shows that the
plant has a bandwidth of 0.02Hz with a phase margin of 90 degrees. Therefore,
the transient response of the system can easily be improved with a proportional
controller which increases the loop gain. The runs showed that GP does exactly
that. The gain will be increased until the sensitivity constraint or the actuator con-
straint is violated. Because the evolution of proportional controllers is easier and
faster than the development of more sophisticated controller with dynamics, the
proportional controllers tend to get the upperhand in the population, which leads
to a loss of genetic diversity. In fact, the design with a proportional controller is a
local optimum of this optimization problem.
These preliminary runs were performed with a very small function set, based on
the idea that any controller design can be made with elementary nodes (such as
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add, subtract, gain, integrate) and the application of internal feedback, as shown
in Fig. 3.3. In theory this assumption holds, but in practice these designs are
rather difficult and need a lot of time to evolve. While the runs with the single
mass setup delivered some results because any static controller would lead to a bad
fitness score, runs with the mass damper setup resulted in the creation of only
proportional controllers.

A local optimum can be avoided by using a (much) larger population size, but a
more straightforward approach is to add nodes with dynamics. Note that it is also
possible to provide a seed file with a variety of initial designs. The bottom line is
that GP4CONTROL needs some assistance in the creation of dynamical controllers.
Therefore, before the runs were started which are presented in this thesis, the dif-
ferentiation node was added to the basic function set.

The function sets used in this section are equivalent to the ones used in Section
5.1. As stated before, the terminal set is expanded to four elements: position error,
reference speed and reference acceleration. The first three terminals correspond to
the controller inputs as depicted in the control scheme of Fig. 5.4. See appendix B
for a listing of all relevant parameters and settings.

5.2.3 Results

GP runs are performed with each function set (based on transfer functions, ADFs
and takeoffs). See Table 5.2 for some characteristics of the created designs.

Predefined
transfer
functions

Elementary
nodes and
ADF’s

Elementary
nodes and
Takeoffs

GP4SO

Fitness 0.00655 0.00733 0.01025 0.00639

Nr. of branches 1 2 1 1

Total number of nodes 69 130 100 28

Maximum tree depth 11 11 12 10

Settling time [s] 0.0 0.0 0.0 0.0

Overshoot [%] 0.0 0.0 0.0 0.0

Bandwidth [Hz] 150 134 96 155

Max. sensitivity [dB] 5.9 5.9 4.0 5.4

Max. controller output [N] 12 12 12 12

Duration of GP run [days] 2.6 4.3 3.2 4.9

Table 5.2: Results of GP4CONTROL for the mass damper problem.

Each setup resulted in a controller which meets the settling time requirement as
specified by the fitness function. Furthermore, the bandwidth has been increased
while the sensitivity is within the bound of 6dB. Especially the runs with internal
feedback stress the importance of the differentiation node in the function set. It can
be seen that the local optimum as described in the previous section is avoided and a
controller is created with better performance than possible with a proportional con-
troller. However, the block diagrams (see appendix C.1.2) created by GP4CONTROL

show no internal feedback loops.

The best result of GP4CONTROL is achieved with the transfer function approach
and uses the position error as well as the reference speed. However, this result is
slighlty outperformed by GP4SO in terms of bandwidth, the difference is 5Hz. It
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5.2 Mass damper

is clear that the actuator constraint is not a limiting factor, because only 12N of the
63N is applied.
As this run is intended as a comparison of the optimization performance, the time
and frequency response of the best design (achieved by the predefined transfer
function approach) is plotted against the best result achieved in [5], see Fig. 5.5 and
Fig. 5.6. The main difference between both approaches is the parameter optimiza-
tion method, GP4CONTROL is able to optimize both the structure and parameters,
while GP4SO uses GA as a genetic operator. It is too early to draw any definite con-
clusions, but from experience with the performed runs so far, we can say that the
optimization speed of GP4CONTROL is equivalent to GP4SO.
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Figure 5.5: Time response of the controllers created by GP4SO(dashed) and GP4CONTROL

(solid).

Figure 5.5 shows that the error of the GP4CONTROL design is somewhat larger.
The cause is that only damping feedforward is applied.
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(a) Plant
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(b) Controller
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(c) Open loop
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(d) Nyquist diagram

Figure 5.6: Frequency response of the controllers created by GP4SO(dashed) and
GP4CONTROL (solid).
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5.3 Dual rotary mass

The dual rotary mass system2 is a fourth order system where an actuator is con-
nected to a rotary mass, which is in turn connected to a second rotary mass with a
thin, flexible rod. The second mass is called the load. The position of both masses
is measured by angular encoders, the first one is located at the motor side and
the second one at the load side. The system is depicted schematically in Fig. 5.7.
The dynamic behaviour of the system is modeled with two transfer functions, each
transfer function relates the input voltage of the motor to the angular position of
each mass, see Eq. 5.3 and 5.4. The plant capacity is 4V and the effects of sampling,
calculation delays etc. are modeled with a time delay of 4ms. The system setup and
the specifications (including the setpoint) are adopted again from [5].
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Figure 5.7: Setup of the plant and control scheme.

Hmotor(s) = =
ϕ1(s)

U(s)
=

5000s2 + 1.47 · 104s + 3.002 · 108

s4 + 3.943s3 + 1.08 · 105s2
e−0.004s (5.3)

Hload(s) = =
ϕ2(s)

U(s)
=

3.002 · 108

s4 + 3.943s3 + 1.08 · 105s2
e−0.004s (5.4)

5.3.1 Fitness function

Besides the reference signal, the fitness function is the same as in Section 5.2.1.
Here, the 3rd order setpoint has a angular displacement of 2π rad. The maximal
jerk, acceleration and velocity are respectively: 1 · 105 rads−3, 1 · 103 rads−2 and 50
rads−1.

5.3.2 Evolutionary settings

The objective of these runs is to check whether GP4CONTROL can optimize a
controller with predefined transfer functions, which contain multiple parameters,
without using a separate numerical optimization tool. Besides the first order trans-
fer functions, now also second order filters are added to the function set. The func-
tions which enable internal feedback are not included. The terminal set consists of
three elements: position error, reference speed and reference acceleration.
Some attempts were made to develop controllers from scratch with internal feed-
back, but the results were very poor. A much larger population is needed to obtain
sophisticated solutions with internal loops. The downside is that these runs would
take a very long time (think of weeks or months). In fact, this approach can be

2At the Control Systems Technology group of the University of Technology Eindhoven this system is
also known as the ‘PATO-setup’.
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Time and frequency domain based linear controller design

considered as an attempt to reinvent the well known first and second order filters
for linear controller design (e.g. leadlag, lowpass and notch). It is not expected that
the elementary approach would lead to novel designs in the linear case. Further-
more, the working of the internal feedback methods (ADFs and takeoffs) is already
demonstrated in Section 5.1. Thus, here the decision is made to focus on transfer
functions only.

5.3.3 Results - Sensor at the motor

This section presents the designed controllers for the dual rotary mass setup with
the sensor at the motor. GP returned a model which uses a gain, a second order
filter with two poles and one zero, a notch and a differentiation block to process
the error signal (the block diagram is depicted in appendix C.1.3. Although the
feedforward signals were available to the controllers, GP has chosen not to use
these terminals. The cause is that GP mixes feedback and feedforward signals.
The time response of the closed-loop system, together with the response of the
controller designed by GP4SO, is plotted in Fig. 5.8.It shows that the new design
has almost eliminated the overshoot.
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Figure 5.8: Time responses of GP4CONTROL (solid) and GP4SO(dashed)

Table 5.3 shows the main characteristics of both controllers. The frequency re-
sponse is depicted in Fig. 5.9.
A nice result is that GP decided to use a slant notch to cancel the resonance of
the plant. Note that GP was not told to apply a notch to obtain this performance.
It is just the fitness function, which directs the search such that the closed-loop
system settles fast. To achieve this, a notch is used. Also, the bandwidth of the
GP4CONTROL design is a bit higher than the design of GP4SO.
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Figure 5.9: Frequency responses of GP4CONTROL (solid) and GP4SO(dashed).

GP4CONTROL GP4SO

Fitness 0.164 0.203

Settling time [s] 0.0052 0.058

Overshoot [%] 0.05 8.14

Bandwidth [Hz] 13.4 11.2

Max. sensitivity [dB] 5.9 5.7

Max. controller output [V] 0.47 0.52

Duration of GP run [days] 3.3 2.0

Table 5.3: Results with the dual rotary mass problem, measured at the motor.
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5.3.4 Results - Sensor at the load

Also with the setup with the sensor at the load, which is more difficult to control
due to the increased phase lag, GP returned a controller based on only the position
error. The controller consists of eight signal processing nodes, including three
notches, a differentiation node and an integration node. The main characteristics
are listed in Table 5.4.
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Figure 5.10: Time responses of GP4CONTROL (solid) and GP4SO(dashed))

Fig. 5.11 shows the frequency response. The bode plot of the controller shows
clearly how the result of GP4SO is reproduced to great extent. Only at high fre-
quencies it can be seen that the newly created controller has less noise amplifica-
tion. This is also visible in the plot of the error signal, which is less noisy. However,
the settling time and the overshoot of the GP4SO are smaller than the result of
GP4CONTROL . This demonstrates that the fitness function puts more emphasis
on bandwidth optimization than on improving the time response.

GP4CONTROL GP4SO

Fitness 0.152 0.159

Settling time [s] 0.0139 0.0054

Overshoot [%] 0.26 0.027

Bandwidth [Hz] 17.9 14.8

Max. sensitivity [dB] 5.8 5.3

Max. controller output [V] 0.41 0.38

Duration of GP run [days] 5.0 3.1

Table 5.4: Results with the dual rotary mass problem, measured at the load.
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(c) Open loop
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Figure 5.11: Frequency responses of GP4CONTROL (solid) and GP4SO(dashed).
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5.4 Discussion

A closer look at the properties of the created designs for the single mass problem,
showed that both internal feedback methods are able to design a controller with
loops. Of course this is an outstanding result, because this shows that GP4CONTROL

is able to design transfer functions based on elementary signal operations. But
there is a downside, when a controller needs to be designed for more challenging
problems these methods fail to create designs with a good structure. This is not a
pure technical problem, in the sense that such a design cannot be devised with the
available blocks and internal feedback. Tests have been performed where a filter
design is created by hand and that these designs are provided to GP via a seed file.
In this case, GP is able to further optimize the controller design. The main cause
is the limited population size, to create sophisticated, higher-order designs a very
large population is needed and a substantial amount of computational resources.

It is too early to draw any definite conclusions on the optimization performance of
the ADF method versus the Takeoff method. Our experience (and some results)
showed that the ADF approach tends to create more complicated designs while the
fitness is at best slightly better. The creation of reusable subsystems with the ADF
approach is an advantage, but the fact that the architecture (the number of branches
per individual and the number of arguments per branch) needs to be defined is a
weakness of the ADF approach. The Takeoff approach is more straightforward, be-
cause all designs can be made with a single tree.

The runs with the dual rotary mass systems showed that GP4CONTROL is capable
to create a controller with well tuned transfer functions. The designs are compa-
rable with the designs created in [5]. Also, the runs showed that the feedforward
signals are ignored very often. This is somewhat disappointing, because it is actu-
ally rather simple to tune each signal with a gain and add it to the controller output.
The main cause is that GP simply mixes the input signals in the controller design,
because GP has no knowledge concerning which nodes can be applied to a signal.
For example, transfer functions are applied to feedforward signals. Constrained GP
provides a nice solution to this problem, by defining more data types (e.g. feedback
signal and feedforward signal).

A concern is the creation of algebraic loops, these loops occur when the output of
a block is directly connected to the input of that block and the output of the block
itself depends directly on the input. An example is that the output of an addition
node is fed back to the input. Sometimes Matlab can solve the loop numerically,
but this has a detrimental effect on the simulation speed. When the algebraic loop
cannot be solved, Matlab issues a simulation error. As stated before, any simulation
error is catched by the fitness function and the maximal penalty is added to the
fitness. During the first runs this approach was adopted, but soon it became clear
that the GP runs were very slow. Therefore a lot of care is taken to prevent the
creation of algebraic loops in the first place. Within GP4CONTROL the designs are
validated by checking a direct feedthrough property of each node. When a structure
is created where the input of a chain of nodes depends on the output of that chain,
and each member of the chain has direct feedthrough (e.g. no states), this design
is rejected by GP4CONTROL .
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Time domain based linear

controller design

The chapter presents the results of an intermediate step between the design of lin-
ear controllers and the design of nonlinear controllers. Here, a new fitness function
is proposed which translates the frequency domain measures of the fitness func-
tion described in the previous chapter (Section 5.2.1) to the time domain. The GP
algorithm is configured such that still only linear controllers can be evolved. The
purpose of this setup is that the working of the newly created fitness function can
be evaluated by looking at the frequency response of the evolved controllers. The
next chapter will use this fitness function to design nonlinear controllers.

Section 6.1 presents the time domain fitness function. Runs are performed with
two systems which are used before in this thesis, the mass damper system and the
dual rotary mass system with the sensor at the motor. The results are discussed in
Section 6.2.

6.1 Redesign of the fitness function

The objective is to design a fitness function which guides the search in a simi-
lar way as the frequency domain based fitness function. So far, some nice results
have been obtained when the bandwidth and maximal sensitivity were used as a
measure for stability robustness and disturbance reduction. Therefore, the main
question is: Can we translate these two measures to the time domain?

Stability robustness

To begin with, a measure is proposed to enforce stability robustness. Before, this
measure was implemented as a constraint on the sensitivity function, which can
also be interpreted as the reciprocal of the distance to the point −1 in a Nyquist
plot. The distance to the point −1 is also called the modulus margin or the vector
margin [4], [9]. In other words, the frequency response is not allowed to pass the
point −1 too close, as shown in Fig. 6.1.
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Figure 6.1: The vector margin.

Stability robustness is defined as a property that the closed-loop system remains
stable under changes of the plant and the compensator [4]. In the light of this
definition, the following time domain approach is proposed: Add variations to the
plant and check whether the plant output remains bounded. The size of the vari-
ation should be chosen such that an equivalent stability robustness is achieved
compared to the sensitivity measure. A bounded plant output is seen as a stable
system, a typical bound is defined by 100% overshoot.

To achieve sufficient stability robustness, the vector margin is approximated by a
combination of two other margins: the gain margin and the delay margin. Fig. 6.2
shows that applying these margins separately does not guarantee adequate stability
robustness [4].
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Im

Re

φm

1

km

Figure 6.2: An example with a good gain and phase margin, but a small perturbation of both
gain and phase will destabilize the system.

The gain margin is the smallest positive number km by which the Nyquist plot
must be multiplied to pass the critical point −1. The delay margin τm is the max-
imal delay that may be introduced in the loop that destabilizes the system. Note
that the delay margin and the phase margin φm are linked by the frequency ω∗ at
which the phase margin is determined, see Eq. 6.1.

τm =
φm

ω∗
(6.1)
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6.1 Redesign of the fitness function

The final issue is the determination of the frequency w∗. In the sense of frequency
domain, this frequency is simply defined as the bandwidth. Roughly speaking, the
bandwidth is related to the rise time when the nominal closed-loop system tracks
a step signal. In other words, a system with a high bandwidth has a good track-
ing performance and therefore a short rise time. With this relation, the following
formula is proposed to estimate the delay:

τm = φm · Tr (6.2)

The idea behind Eq. 6.2 is that with time-domain specifications only, a measure for
stability robustness is obtained. Of course, this is still a rather crude approximation.
Because the gain and delay perturbation are applied simultaneously, some balanc-
ing is required. This is done by trial and error. An advantage is that only one
simulation of the perturbed system is necessary to check wether the plant output
remains bounded, this speeds up the evaluation of the controller.

Summary

The final design of the fitness function can be categorized into three stages: (I)
Determine the step rise time of the closed-loop system to calculate the size of the
delay perturbation. (II) Determine the tracking performance for the nominal plant.
(III) Check whether the perturbed plant output remains bounded.
The fitness function involves the following steps:

• Stage I: Simulation of the nominal closed-loop system with a step reference.

1. If simulation error then abort evaluation, f = f + 1010

2. Rise time penalty: f = f + Tr

3. Calculate delay: τm = φm · Tr

• Stage II: Simulation of the nominal closed-loop system with third order ref-
erence.

4. If simulation error then abort evaluation, f = f + 1010

5. Settling time penalty: f = f + Ts/T

6. Scaled settling time penalty: if Ts > 0.9T then f = f + emax/A

7. Actuator limit: if |u| > 63[N ] then f = f + 105

• Stage III: Simulation of perturbed closed-loop system with third order refer-
ence.

8. If simulation error then abort evaluation, f = f + 1010

9. Stability penalty: if Os(t) > 100% with 0.8T < t < T
then f = f + 1010;

The second element is added to replace the bandwidth optimization measure. At
each stage the simulation errors are detected, this ensures that erroneous con-
trollers are rejected as soon as possible. The stability requirement of element nine
allows the initial overshoot to be very large (>> 100%) and when the overshoot
decreases fast it is possible to meet the stability requirement.
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6.2 Mass Damper

As a first test case, a linear controller is evolved for the mass damper system. The
nominal plant is given by Eq. 5.1. Only the function set with transfer functions is
used here. The other settings such as the terminal set, populations size etc. are
kept the same as in Section 5.2 (also see appendix B).
To maintain sufficient stability robustness, the gain margin is set at 1.4 and the
phase margin is π/6 rad.

6.2.1 Results

GP has devised a first order controller with a feedback and a feedforward part be-
cause the position error signal and the reference speed signal are used as terminals.
The controller comprises 10 signal processing functions and except for a single dif-
ferentiation node, all other nodes are simple mathematical functions such as add,
subtract and gain. GP has created a structure such that the frequency of the zero,
introduced by the differentiation node, is increased to obtain a leadlag controller.
The controller block diagram is depicted in appendix C.2.1.
The feedforward part does not contribute to the performance of the design. When
the feedforward part is removed, no deterioration of the tracking performance is
observed.
Fig. 6.4a shows the step response of the nominal plant. Actually, the result is ques-
tionable because the step response seems very fast. A closer inspection revealed a
flaw in the design of the system model, the plant input signal is left unconstrained
during the simulation and the fitness function does not contain an actuator limit
for this simulation. In other words, an unlimited amount of force is available to
change the state of the plant. The missing saturation block is depicted in Fig. 6.3.

Figure 6.3: The used system model where the controller is not inserted yet. The arrow indicates
the saturation block, now the block is depicted at the correct location, but during the run it
was missing.

The effect is that the rise time is far less than it should be when considering the
bandwidth of the current control system. The amount of delay should be chosen
such that the resulting phase lag at the bandwidth corresponds with the desired
phase margin. This means that the delay must be larger when the bandwidth is
small at the initial stage of evolution and the delay must be less for closed-loop
systems with a higher bandwidth.1 Because the rise time is thought to be much

1Because the the bandwidth specification is only relevant for linear systems, this discussion is not
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higher than it actually is (due to the flaw in the setup of the system model), the
phase lag of the perturbed system is a lot smaller, see Eq. 6.2. The step response
of the nominal plant is plotted in Fig. 6.4b.
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Figure 6.4: Time response of the closed-loop system. Fig(a) shows the step response
with a nominal plant, the flawed step response(solid) is plotted against the corrected re-
sponse(dashed). Fig(b) shows the trajectory response with a nominal plant and Fig(c) shows
the trajectory response with a perturbed plant.

Although the variations were applied to the plant, Fig. 6.4c shows that the closed-
loop system remains bounded, that is, it is bounded for the length of the simulation
as used by the fitness function (which is two seconds). When the simulation is ex-
tended, it can be seen that after 5, 5s the response already has an overshoot of 100%
and now we see that the perturbed system is actually unstable. GP does not notice
this because the plant output does not blow up directly. In terms of pole locations,
the perturbed system has an unstable pole close to the imaginary axis. The result is
that the perturbed system passes the stability robustness test of the fitness function.

Fig. 6.5 shows a Nyquist plot of the nominal system and the perturbed system. The
frequency response of the perturbed system just intersects the point −1. Further-
more, it can be seen that, despite the flaw when determining the rise time, the con-
troller is a bit conservative in terms of sensitivity. The line of the nominal system is
not tangent to the circle which indicates a vector margin of 0.5, or a sensitivity of 6
dB. This conservatism is caused by the gain margin only, because the delay margin

valid for nonlinear systems.

55



Time domain based linear controller design

is not enforced as strongly as intended due to the flaw in the rise time. Note that is
only possible to use the frequency response tools (such as a Nyquist plot), because
GP was configured such that only linear controllers could be devised.
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Figure 6.5: Nyquist plot of the unperturbed system (solid) and the perturbed system(dashed).

The frequency response of the controller and the open-loop system are shown in
Fig. 6.6.
The main characteristics of the designed controller are listed in Table 6.1, the re-
sults of the previous chapter are added for comparative purposes. One remarkable
aspect of the time domain based fitness function is the execution speed. This speed
increase is caused by the fact that no fourier transforms have to be calculated any-
more.

Frequency and time
domain fitness

Time domain fitness

Settling time [s] 0.0 0.0015

Overshoot [s] 0.0 0.0

Bandwidth [Hz] 150 90.9

Max. sensitivity [dB] 5.9 5.2

Max. controller output [N] 12 28.1

Duration of GP run [days] 2.6 0.7

Table 6.1: Main characteristics of the evolved controllers.
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(b) Open loop

Figure 6.6: Frequency response of controller which is designed with time domain fitness
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7
Nonlinear controller

design

This chapter presents the results of nonlinear controller design based on GP. With
respect to the previous chapter, only a single change is necessary to allow the design
of nonlinear controllers: the function set needs to be expanded with nonlinear sig-
nal operations. GP is challenged to improve the structure of a nonlinear setup: the
Lewis servo. The design which is proposed by GP will be compared to equivalent
linear systems of which the parameters are optimized separately with the genetic
algorithm.

7.1 Modifying the Lewis Servo

7.1.1 Introduction

In 1953 Lewis proposed a nonlinear servo system with error dependent damping to
improve the transient response offered by conventional linear control systems [21].
This nonlinear system is aimed at improving the rise time while the overshoot is
kept to a minimum. From now on, this system is called the Lewis-servo.
The design of the Lewis-servo is motivated by the idea that the damping should
be small when the error is large, therefore less damping force needs to be over-
come to increase the velocity. When the mass approaches the desired end position
(i.e. when the error becomes small) the damping should be increased to prevent
overshoot.
The plant is the single mass system of Section 5.1, it modeled by Eq. 7.1.

H(s) =
1

s2
(7.1)

An example of a first order controller, which creates a Lewis-servo design when
combined with the single mass in a closed-loop system, is given by Eq. 7.2 and 7.3:

ẋ = −σx + 10u, (7.2)

y = −σx + 10u

σ(u) = p1 − p2u (7.3)
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The factor σ is a linear function of the position error, which is the input of the
closed-loop system. The equivalent linear closed-loop system (with constant damp-
ing ξ) is given by Eq. 7.4:

H(s) =
10

s2 + 2ξ
√

10s + 10
(7.4)

Here, GP is employed to search for an alternative controller design in order to fur-
ther improve the rise time of the closed-loop system, while keeping the overshoot
as small as possible. The plant input is constrained to ±10V.
The used approach is as follows. The first step is to adapt the fitness function of
Section 6.1 to the design of a controller with minimal rise time while the overshoot
is eliminated. Next, this fitness function is used in a GA optimization of param-
eters p1 and p2 of the suggested controller of Eq. 7.2. In order to attain a lower
fitness value, GP is now forced to change the controller structure. The next step is
to translate the GA optimal controller design into a block diagram with elementary
nodes which can be represented by a program tree with internal feedback. This de-
sign is used to initialize a seed for GP. The final step is to configure GP4CONTROL

and start the evolution with the seed file.

7.1.2 Fitness function

The fitness function for the Lewis-servo problem is based on the function proposed
in Section 6.1. However, the design can be simplified here because the closed-loop
system is subjected to a step reference instead of a third order trajectory. Now, only
two simulations are needed to asses the stability robustness and tracking perfor-
mance. The fitness function involves:

• Stage I: Simulation of the nominal closed-loop system with a step reference.

1. If simulation error then abort evaluation, f = f + 1010

2. Actuator limit: if |u| > 10[V ] then f = f + 105

3. Calculate delay: τm = φm · Tr

4. Integral of absolute error: f = f +
∫

T

0
|e(t)|dt

5. Overshoot penalty: f = f + Os/10

• Stage II: Simulation of perturbed perturbed closed-loop system with a step
reference.

6. If simulation error then abort evaluation, f = f + 1010

7. Stability penalty: if Os(t) > 100% with 0.8T < t < T
then f = f + 1010;

8. Actuator limit: if |u| > 10[V ] then f = f + 105

Themain changes occur in the first stage, the integral of the error and an overshoot
penalty are used to penalize any unwanted behaviour. The actuator saturation dur-
ing the first simulation is prevented by an second actuator constraint. Furthermore,
the gain perturbation is set at 1.4 and the rise time is multiplied by π/6. These
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perturbation settings define a second point in the phase plane of the (nonlinear)
closed-loop system of which the stability is tested. However, during evolution, sta-
bility can not be guaranteed for different settings (e.g. reference signals or other
perturbations).

7.1.3 Optimization of parameters with GA

The obtain the parameters of the proposed controller, a GA-run is started1. The
minimal fitness value for this controller structure is 0.45 and the parameter values
p1 and p2 are established at 7.27 and 5.53. The time response is plotted in Fig. 7.1.
The optimized design still adheres to the actuator limit, and also, the closed-loop
system has no overshoot.
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Figure 7.1: Time response of Lewis-servo which is optimized by GA.

7.1.4 Block diagram with elementary nodes

Here, an initial controller structure is designed by hand which can be given to GP.
This design is built with elementary signal operations and feedback/feedforward
loops to let GP influence the internal states of the design. When for instance trans-
fer function nodes are included in the controller design, the states of these nodes
cannot be influenced by the genetic operations.
Fig. 7.2 shows the proposed controller structure which is equivalent to Eq. 7.2.

1With the Genetic Algorithm and Direct Search toolbox of Matlab.
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Figure 7.2: Block diagram of the design which is given to GP

7.1.5 Setup of the GP run

The function set is expanded with four nodes: absolute value, sign, multiply and
divide. Internal feedback loops are provided with the takeoff approach. The ter-
minal set comprises a constant value terminal and the position error signal. See
appendix B for a complete listing of the evolutionary settings.
In the previous step, the Lewis-design has been converted to a block diagram. Be-
fore this design can be used as a evolution seed, the block diagram must be trans-
lated to a program tree. This program tree is duplicated 500 times to make up
half the population. The remaining half is initialized randomly by the initialization
operators, ensuring that the entire population has enough genetic diversity.

7.1.6 Results

After 200 generations GP returned a surprising result, the structure of the evolved
controller has changed and the new design has a fitness value of 0.37, a decrease
of 18%. The block diagram of the initial and final system are depicted in Fig. 7.3.
The design of Fig. 7.3a is actually a reproduction of the hand-made block diagram
of Fig. 7.2. GP returned a modified design, with the nice property that only the
part which determines the damping level is altered. However, the block diagram
highlighted in Fig. 7.3b does not depend on the error signal anymore. In other
words, the damping level is now set by a function which depends on time. The
block diagram which defines this function can be described as follows. A constant
value (Const25) provides a signal to a loop, containing one integrator (Int22) and
two differentiators (Diff57 and Diff59). Fig. 7.4 depicts the output of this part of
the block diagram as a function of time.
The downside of this design is that the control system has become time varying
instead of a time invariant system. When, for example, the step reference begins
after one second, the response deteriorates dramatically. The damping level has
already increased to 15, which makes the response very sluggish.
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7.1 Modifying the Lewis Servo

(a) The initial controller structure.

(b) The final controller structure.

Figure 7.3: Created controller designs, the changes are highlighted in the rounded rectangles.

The time-dependent damping level, as suggested by GP, can also be plotted against
the error, as shown in Fig. 7.5. The goal is to design a new error dependent damp-
ing function which is a better fit than the linear damping function of Eq. 7.3. By
a closer fit, we mean that the plot must be closer to the plot of the time-dependent
damping level as proposed by GP, which is considered to have the ‘optimal’ fitness
value. The following error-dependent damping function is devised manually:

σ(e) = c1 − c2x +
c3

x2 + c4

(7.5)

x =
e

|r| + c2

Besides the scaling of the error value, the first two terms correspond with the initial
damping function. The third term increases the damping level for small errors
with respect to the linear damping function. The scaling is added to allow a good
tracking performance when the step height is smaller than one. When the step
height is greater than one, some overshoot will occur.
This design is again converted to a block diagram, added to the system model and
optimized with GA. The used fitness function still equivalent to the one used on
Section . The following result was found: c1 = 6.78, c2 = 6.08, c3 = 0.0046, c4 =
0.001. The response of the controller with the GA optimized, nonlinear damping
function is plotted in Fig. 7.6, the other damping schemes are also included in the
plot so that the time responses can be compared. It is clear that the Lewis-design
outperforms the equivalent linear controller (Eq. 7.4) for the same system.
Table 7.1 shows the time domain specification for each design. The settling time is
based on an error band of 2%.
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Figure 7.4: The damping level σ as a function of time
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Figure 7.5: The damping level σ as a function of the error, four different schemes are con-
sidered: a constant damping level as used in linear controllers (dotted), a linear function
depending on the error(dashed), a nonlinear function depending on the error(dash-dot) and
a damping level based on a time series proposed by GP (solid).

A B C D

Rise time [s] 0.47 0.53 0.66 0.89

Overshoot [s] 0.008 0.0 0.0 0.23

Settling time [s] 0.78 0.88 1.23 1.45

Max. controller output [N] 9.9 9.9 9.9 9.9

Table 7.1: Time domain specification for the four damping schemes, (A) damping level based
on a time series proposed by GP, (B) a nonlinear function depending on the error, (C) a
linear function depending on the error and (D) a constant damping level as used in linear
controllers.
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Figure 7.6: Time response of the four different damping schemes: a constant damping level
(ξ = 1) as used in linear controllers (dotted), a linear function depending on the er-
ror(dashed), a nonlinear function depending on the error(dash-dot) and a damping level
based on a time series proposed by GP (solid).
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8
Conclusions and

recommendations

8.1 Conclusions

In this thesis, a new GP tool, named GP4CONTROL , has been developed and
applied to the design of linear and nonlinear controllers. Previously developed
software lacked a suitable simulation environment or a controller representation
flexible enough to evolve novel nonlinear designs. Here a method is proposed
based on internal feedback and elementary signal operations, assistance is provided
by the Matlab/Simulink environment for simulation and evaluation.

Linear controller synthesis

In order to evaluate the optimization performance of GP4CONTROL , a series of
runs is performed. With a single mass system and the mass damper system, three
different approaches to create controller designs were tested: automatically defined
functions, takeoffs and transfer functions. It is observed that, for these simple
systems, all three methods are able to design a stabilizing controller with good
tracking response. However, for higher order plant models, the approaches with
internal feedback fail to devise a controller with sufficient complexity to attain a
performance level of that with transfer functions. The cause is an enlarged search
space combined with a limited population size.
With the transfer function approach, some nice results have been obtained for sec-
ond order and fourth order systems. It can be concluded the the GP based para-
metric optimization method has equal performance in terms of fitness compared
to the hybrid approach with GA. No significant improvement in optimization speed
has been observed.

Nonlinear controller synthesis

The fitness function which was originally based on time and frequency domain
measures, is translated to the time domain and the method is evaluated with the
mass damper setup and a function set comprising linear nodes only. Two per-
turbations are applied to the plant to achieve stability robustness. It is observed
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that the stability robustness is particularly sensitive to changes in the gain margin
parameter. It should be noted that the delay of the nominal plant influenced the
results.
In the case of nonlinear controller design, a promising result is achieved when GP
is applied to themodification of a pre-existing design. An advantage of GP4CONTROL

is that the initial population can be initialized with a seed file. This property is used
during the design of a modified Lewis-servo.
A nice result of the run with the Lewis-servo is that GP proposed a different damp-
ing function by itself. A weakness of the design is the time dependency, but it is
shown that the time dependency can be eliminated with a new nonlinear, error
dependent damping function which is fitted to the time-dependent damping level.
The nonlinear Lewis controller outperforms the equivalent linear system in terms
of rise time and overshoot.

8.2 Recommendations

Nonlinear controller design

• The modified Lewis servo proposed in this thesis, lacks an analytical stability
proof. So far, stability is only demonstrated by simulation.

• Besides the Lewis-servo setup, more nonlinear control schemes can be used
as a basis for evolution, e.g. gain scheduling or the SPAN-filter [8].

• The proposed time domain fitness function, is a first attempt to design sta-
ble and robust controllers with good tracking performance. To prevent the
creation of time-varying controllers, the fitness function needs further refine-
ment. An approach is to perform more simulations with different setpoints.

• For nonlinear systems, the proposed time-domain based fitness function can
design controllers with good time response. However, the stability (robust-
ness) evaluation is still rather limited. When the number of simulations is
greatly improved, the stability can be tested for a variety of step reference sig-
nals, gain perturbations and delay perturbations. This would give GP more
insight in the stability (robustness) of the design.
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Software development

• The evaluation of controllers consumes more than 90% of the computation
time. It is obvious that the evolution speed can be increased considerably
when parallel computing is applied. The Open Beagle framework is already
prepared for the simultaneous evolution on multiple machines. A master
system directs the evolution, while a set of slave systems together evaluate
controller designs.

• It is observed that GP applies transfer functions to feedforward signals. This
behaviour often results in poor designs. With constrained GP, it is possible
to further specify which functions may be applied where. For example, the
current setup with two data types signal and parameter, can be extended to
feedforward signal, feedback signal and parameter.

• So far, the parameter optimization is coupled with the structural optimiza-
tion. The underlying reason is that only one set of genetic operators is used
for both data types (signal and parameter). To be able to hold the structure
and tune the parameters separately, the genetic operators of GP4CONTROL

can be modified such that they only operate on a certain data type.
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A
GP4Control - The details

A.1 Available Functions

The available functions within GP4CONTROL can be categorized into four groups:

• Mathematical primitives (Table A.1);

• Continuous-time primitives (Table A.2 and A.3);

• Discontinuities (Table A.4);

• Functional primitives (Table A.5).

The term primitives captures function nodes as well as terminals nodes.
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Name Function Inputs Output
Name Type Mapping Name Type

Add y(t) = u1(t) + u2(t) u1 signal – y signal
u2 signal –

Add Parameter y = p1 + p2 p1 parameter – y parameter
(pAdd) p2 parameter –

Abs y(t) = |u(t)| u signal – y signal

Divide (Div)a y(t) = u1(t)/u2(t) u1 signal – y signal
u2 signal –

Gain y(t) = p1u(t) p1 parameter logarithmic ±[10−3, 103] y signal
u signal –

Multiply (Mult) y(t) = u1(t) · u2(t) u1 signal – y signal
u2 signal –

Sign y(t) =







−1 if u(t) < 0
0 if u(t) = 0
1 if u(t) > 0

u signal – y signal

Subtract (Sub) y(t) = u1(t) − u2(t) u1 signal – y signal
u2 signal –

Subtract Parameter y = p1 − p2 p1 parameter – y parameter
(pSub) p2 parameter –

Table A.1: Mathematical primitives available within GP4CONTROL .

aTo prevent division by zero, this division node returns 0 when u2(t) = 0 (the node is implemented with a S-function).
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Name Function Inputs Output
Name Type Mapping Name Type

Integrate (Int) y(t) =
∫

u(t)dt u signal – y signal

Integrate (VarInt) y(s) = 1

τs
u(s) τ (time constant [s]) parameter logarithmic ±[10−3, 103] y signal

u signal

Differentiate (Diff) a y(s) = s

(1/2πp)s+1
u(s) p (pole [Hz]) parameter linear [0, 1000] y signal

u signal –

Lag y(s) = 1

(1/2πp)s+1
u(s) p (pole [Hz]) parameter linear [0, 1000] y signal

u signal –

Lead-lag y(s) = k (1/2πz)s+1

(1/2πp)s+1
u(s) p (pole [Hz]) parameter linear [0, 1000] y signal

z (zero [Hz]) parameter linear [0, 1000]
k (gain) parameter logarithmic ±[10−3, 103]

u signal –

Lowpass y(s) = k 1

(1/2πp)s+1
u(s) p (pole [Hz]) parameter linear [0, 1000] y signal

k (gain) parameter logarithmic ±[10−3, 103]
u signal –

Lowpass (2nd order) y(s) = k 1

(1/2πp)2s
2+2ξ(1/2πp)s+1

u(s) p (double pole [Hz]) parameter linear [0, 1000] y signal

(LowPass2) ξ (damping) parameter linear [0, 1]
k (gain) parameter logarithmic ±[10−3, 103]

u signal –

Table A.2: Continuous time primitives available within GP4CONTROL .

aInstead of using the du/dt block, the differentiation node is implemented as a proper transfer function. The pole is added to prevent unrealistic high gains at high frequencies,
resulting in numerical problems.
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Name Function Inputs Output
Name Type Mapping Name Type

Lowpass , y(s) = k (1/2πz)s+1

(1/2πp)2s
2+2ξ(1/2πp)s+1

u(s) p (double pole [Hz]) parameter linear [0, 1000] y signal

(2nd order, z (zero [Hz]) parameter linear [0, 1000]
with a zero) ξ (damping) parameter linear [0, 1]
(Lead1Lag2) k (gain) parameter logarithmic ±[10−3, 103]

u signal –

Notch y(s) = k (1/2πz)
2
s
2
+2ξ1(1/2πz)s+1

(1/2πp)2s
2+2ξ2(1/2πp)s+1

u(s) p (double pole [Hz]) parameter linear [0, 1000] y signal

z (double zero [Hz]) parameter linear [0, 1000]
ξ1 (damping) parameter linear [0, 1]
ξ2 (damping) parameter linear [0, 1]

k (gain) parameter logarithmic ±[10−3, 103]
u signal –

Table A.3: Continuous time primitives available within GP4CONTROL (continued).
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Name Function Inputs Output
Name Type Mapping Name Type

Switch y(t) =

{

u1(t) if u2(t) ≥ p
u3(t) if u2(t) < p

p (threshold) parameter linear [−1, 1] y signal

u1 signal –
u2 signal –
u3 signal –

UnarySwitch y(t) =

{

u(t) if u(t) ≥ 0
0 if u(t) < 0

u signal – y signal

Table A.4: Discontinuous primitives available within GP4CONTROL .
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Name Function Inputs Output
Name Type Mapping Name Type

ADF N/A p (feedback gain) parameter logarithmic ±[10−3, 103] y signal
ux

a signal –

ARG N/A –

TakeOff N/A –

Loop Left Level1 y(t) = u(t) b u signal – y parameter
(LoopL1)

Loop Left Level2 y(t) = u(t) u signal – y parameter
(LoopL2)

Loop Left Level3 y(t) = u(t) u signal – y parameter
(LoopL3)

Loop Left Level4 y(t) = u(t) u signal – y parameter
(LoopL4)

Table A.5: Mathematical primitives available within GP4CONTROL .

aThe number of signal inputs depends on the number of branches per individual.
bThe input signal is made available by the TakeOff node.
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A.2 Available Terminals

The available terminals within GP4CONTROL are listed in Table A.6. The ephemeral
constant parameter provide the input to the arithmetic-performing-subtree (APS)
to establish the parameter values of a controller design.

Name Output
Name/Function Type

Constant c(t) signal
(Const)

Reference r(t) signal
(Ref)

Reference speed ṙ(t) signal
(dRef)

Reference acceleration r̈(t) signal
(ddRef)

Plant output y(t) signal
(PlantOut)

Position error e(t) = r(t) − y(t) signal
(PosError)

Controller output u(t) signal
(PosError)

Ephmeral Constant Parameter p parameter
(EphParam)

Table A.6: Mathematical primitives available within GP4CONTROL .
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A.3 Available Operators

This section describes the main operators of GP4CONTROL . Table A.7 lists the
available operators.

Type Name
Initialization Grow

Full
Half-and-half

Evaluation Fitness minimization
Selection Random selection

Roulette selection
Tournament selection

Crossover Standard crossover
Mutation Standard mutation

Shrink mutation
Swap mutation
Swap subtree mutation
Parameter perturbation

Termination Maximum generation
Minimal fitness value

Miscellaneous Statistics calculations
Milestone Read
Milestone Write
Configuration dumper
Matlab
Simulink model

Table A.7: Available operators in GP4CONTROL
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B
Setup of the runs

B.1 Functions and terminals

The setup of the function set and terminal set of each problem presented in this
thesis are listed in Table B.1 and B.2.

B.2 Genetic operations

The default probabilities of the genetic operations are listed in Table B.3.

B.3 Configuration

The evolutionary parameters are listed in Table B.4. The individual size specifica-
tion refers to the minimum and maximum number of branches per individual. In
the configuration files of GP4CONTROL , the branches are also called trees.
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Setup of the runs

Run Section Terminal set Function set

Single mass - Transfer
functions

5.1 Error, Parameter Add, Sub, pAdd,
pSub, Gain, Int,
Diff, Lowpass,

Leadlag

Single mass - ADFs 5.1 Error, Parameter Add, Sub, pAdd,
pSub, Gain, Int,
Diff, ADF, Arg

Single mass - Takeoffs 5.1 Error, Parameter Add, Sub, pAdd,
pSub, Gain, Int,
Diff, LoopL1,

LoopL2, LoopL3,
LoopL4, TakeOff

Mass damper - Transfer
functions

5.2 Error, Parameter,
Reference speed,

Reference
acceleration

Add, Sub, pAdd,
pSub, Gain, Int,
Diff, Lowpass,

Leadlag

Mass damper - ADFs 5.2 Error, Parameter,
Reference speed,

Reference
acceleration

Add, Sub, pAdd,
pSub, Gain, Int,
Diff, ADF, Arg

Mass damper - Takeoffs 5.2 Error, Parameter,
Reference speed,

Reference
acceleration

Add, Sub, pAdd,
pSub, Gain, Int,
Diff, LoopL1,

LoopL2, LoopL3,
LoopL4, TakeOff

Dual rotary mass (at
motor) - Transfer func-
tions

5.3 Error, Parameter,
Reference speed,

Reference
acceleration

Add, Sub, pAdd,
pSub, Gain, Int,
Diff, Lowpass,

Leadlag, Lowpass2,
LeadLag2, Notch

Dual rotary mass (at
load) - Transfer func-
tions

5.3 Error, Parameter,
Reference speed,

Reference
acceleration

Add, Sub, pAdd,
pSub, Gain, Int,
Diff, Lowpass,

Leadlag, Lowpass2,
LeadLag2, Notch

Table B.1: Function and terminals sets for the run performed in this thesis.
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B.3 Configuration

Run Section Terminal set Function set

Mass damper - Transfer
functions

6.2 Error, Parameter,
Reference speed,

Reference
acceleration

Add, Sub, pAdd,
pSub, Gain, Int,
Diff, Lowpass,

Leadlag

Single mass - Takeoffs 7.1 Error, Const,
Parameter

Add, Sub, pAdd,
pSub, Gain, Int,
Diff, Mult, Div,

Sign, Abs, LoopL1,
LoopL2, LoopL3,
LoopL4, TakeOff

Table B.2: Function and terminals sets for the run performed in this thesis (continued).

Genetic operation probability

Crossover 0.45
Mutation

Standard 0.1
Insert 0.1
Shrink 0.05
Swap 0.05
Swap subtree 0.05
Parameter perturbation 0.2

Reproduction 0.0

Elitism [nr. individuals] 1

Table B.3: Default probabilities of genetic operations.
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Run Section Population Tournament
size

Max.
tree
depth

Individual
size

(min,max)

Single mass - Trans-
fer functions

5.1 1, 000 3 12 1, 1

Single mass - ADFs 5.1 1, 000 3 12 2, 4

Single mass - Take-
offs

5.1 1, 000 3 12 1, 1

Mass damper -
Transfer functions

5.2 1, 000 2 17 1, 1

Mass damper -
ADFs

5.2 2, 000 3 12 2, 4

Mass damper - Take-
offs

5.2 2, 000 3 12 1, 1

Dual rotary mass (at
motor) - Transfer
functions

5.3 4, 000 5 9 1, 1

Dual rotary mass
(at load) - Transfer
functions

5.3 10.000 2 12 1, 1

Mass damper -
Transfer functions

6.2 1, 000 3 12 1, 1

Single Mass - Take-
offs

7.1 1, 000 3 18 1, 1

Table B.4: Control parameters of the runs performed in this thesis.
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C
Block diagrams

This appendix depicts all created block diagrams of the runs which are discussed
in this thesis. A common feature of all created block diagrams is the so-called label
node, this is a dummy node which makes the signal provided by the terminal avail-
able to all points in the main diagram or any subsystems where the same terminal
node is used. In the simulink environment these nodes are called Goto and From
blocks.

C.1 Time and frequency domain based linear controller

design

C.1.1 Single mass

For the single mass problem (Section 5.1), three approaches were used to establish a
controller design: transfer functions, automatically defined functions and takeoffs.
The created block diagrams (i.e. Simulink models) are shown in Fig. C.1, C.2 and
C.3.

Figure C.1: Controller design with transfer functions (The ‘_PosError’ node is used as label
node).

When automatically defined functions are used, each function defining branch is
translated into a subsystem. In other words, the ADFs create a model with mul-
tiple layers. As explained earlier in Section 2.3.2, internal feedback occurs when
an ADF appears in the function defining branch to which that ADF nodes refers.
In GP4CONTROL an extra feature is added to assist the ADF internal feedback
mechanism. An argument is added to each ADF node, this argument contains a
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Block diagrams

(a) (b)

(c)

Figure C.2: Controller design with automatically defined functions. Fig.(a) shows the con-
troller design at top level, Fig.(b) depicts the contents of the subsystem defined by ADF0 and
Fig.(c) depicts the contents of subsystem ADF8.

parameter to establish the feedback gain. The feedback gain (‘FbGain’) can also be
seen in Fig. C.2.

Figure C.3: Controller design with takeoffs.
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C.1 Time and frequency domain based linear controller design

C.1.2 Mass damper

The block diagrams for the mass damper problem (Section 5.2) are depicted in Fig.
C.4, C.5 and C.6.

Figure C.4: Controller design with transfer functions.

(a)

(b)

Figure C.5: Controller design with ADFs. Fig(a) shows the top level design, Fig.(b) shows the
contents of the subsystem defined by ADF5.
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Block diagrams

Figure C.6: Controller design with takeoffs.
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C.1 Time and frequency domain based linear controller design

C.1.3 Dual rotary mass

The block diagrams for the dual rotary mass damper problem (Section 5.3) are
depicted in Fig.C.10 and C.8.

Figure C.7: Result for the dual rotary mass problem with sensor at the motor.

Figure C.8: Result for the dual rotary mass problem with sensor at the load.
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Block diagrams

C.2 Time domain based linear controller design

C.2.1 Mass Damper

Figure C.9: Result for the mass damper problem.

C.2.2 Dual rotary mass

Figure C.10: Result for the dual rotary mass problem with sensor at the motor.
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