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Summary

Summary

This thesis is concerned with the modelling of non-linear systems, identification of control
strategies and designing fuzzy controllers for uncertain systems using fuzzy logic techniques
assisted by other conventional methods. The application of the proposed approaches are tested
and evaluated on an underwater vehicle, where limited knowledge of the vehicle's dynamic
characteristics is available.

In particular the fuzzy and neuro-fuzzy techniques for modelling non-linear systems are
reviewed. The combination of function approximation using neuro-fuzzy techniques and new
approach to knowledge acquisition using a fuzzy supervised scheduling system is presented.

The identification and modelling of control strategies is also studied. Using fuzzy clustering
techniques a systematic approach to identify and qualify the data in n-dimensional space that
represents these strategies is presented and evaluated.

The design of robust and tuneable controllers for non-linear systems is also proposed and
developed using a combination of the Taguchi design of experiments method and the fuzzy
combined scheduling system approach.

The main contributions in this thesis are; the development of a hybrid fuzzy and neuro-fuzzy
approach to model non-linear systems with the application to model the yaw dynamics of an
underwater vehicle; an algorithmic methodology for identification and modelling of a complex
system's control actions with application to construct control strategies for “avoid objects” task;
an innovative contribution to the problem of determining the optimal parameters of fuzzy and
fuzzy-like PD controllers in terms of robustness and tuning characteristics and the successful
implementation of the fuzzy-like PD controller for course-changing and course-keeping in an
underwater vehicle.
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Chapter 1 Introduction to thesis

Introduction to thesis

1.1 Introduction

In the first half of the third century B.C the first feedback control system was invented by the
Greck engineer Ktesibios which was the float regulator mechanisms of the water clock
(Drachmann, 1948) shown as in Figure 1.1. Since that time the development of the automatic
control has been growing rapidly, playing a vital role in the advance of engineering and science.
However, most of the control theories have been developed focussing on how to model and
control linear or partly non-linear systems. A good methodology for solving control problems of
non-linear systems is still an open problem. Nowadays, a large part of the research of the
modern control technology is focused on techniques that are called Artificial Intelligent (Al)

which includes mainly Neural Networks, Fuzzy Logic, Genetic Algorithms and their hybrid.
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with fuzzy set theory. The application of this work was an underwater vehicle. The modelling
approaches that are proposed in this thesis use real experimental data resulting from the
vehicle’s underwater missions. Moreover, the proposed control techniques utilises real and

simulated data and are tested in both a simulated and real environment.

The rest of this chapter is structured as follows: in Section § 1.2 a brief historical review of
fuzzy system theory is presented. In Section § 1.3 the problems in fuzzy logic modelling and
control are presented as well as how they have been approached in this Thesis. Finally Section §

1.4 gives an overview of the thesis presenting briefly the rest of the chapters.

1.2 Historical review of fuzzy systems

Aristotle and the philosophers who preceded him established the precision of mathematics. In
their work to devise a concise theory of logic they proposed the "Laws of Thought" (Korner,
1967). One of these, the "Law of the Excluded Middle," states that every proposition must
either be True or False. However, when Parminedes proposed the first version of this law
(around 400 B.C.) there were strong and immediate objections: for example, Heraclitus

proposed that things could be simultaneously True and not True.

It was Plato, in the fourth century B.C., that laid the foundation for what would become fuzzy
logic, indicating that there was a third region (beyond True and False) where these opposites
"tumbled about". Much later in the early 1900's Lukasiewicz proposed a systematic alternative
to the bi-valued logic of Aristotle describing it as a three-valued logic, along with the

mathematics to accompany it (Lejewski, 1967).

After more than half a century, in 1965 Prof. Lotfi A. Zadeh published his seminal work "Fuzzy
Sets" (Zadeh, 1965); (Zadeh, 1968), which described the mathematics of fuzzy set theory and
by extension fuzzy logic. He argued that more often than not, the classes of objects encountered

in the real physical world do not have precisely defined criteria for membership. This proposed
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theory allows the membership function (or the values False and True) to operate over the range
of real numbers [0.0, 1.0]. New operations for the calculus of logic were proposed and showed

to be in principle at least a generalisation of classic logic.

Mamdani in 1974 (Mamdani, 1974) applied these theories in control systems with a number of
successful applications (Mamdani and Assilian, 1975). Since then much research has been done
in modelling and control of non-linear systems where their description is beyond this small

historical review.

1.3 Problems in Fuzzy Logic Modelling and Control and how they have been

approached in this Thesis

Fuzzy logic was developed for knowledge representation and symbolic/numeric interface, and
its status is rather ambiguous in this respect. Fuzzy set theory has brought together researchers
in Al (specially those that are dealing with NN), control engineers and experts who possessed
little background in common and the temptation existed for each community to emphasise a

narrow view of fuzzy logic that fits in with their own tradition.

This section discusses what are the main problems and drawbacks as well as where the new
research tend to focus for solving modelling, identifying and controlling of non-linear systems

using fuzzy logic techniques. The proposed approaches for these problems are also introduced.

1.3.1 Modelling

While modelling non-linear systems using fuzzy logic, it is mostly viewed as a problem of
function approximation and not as a problem of knowledge acquisition. An approximate
representation of functions should be general enough to capture a large class of functions,

simple enough (especially the primitive objects, here the fuzzy rules) to achieve efficient
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computations and economical storage, and should be amenable to capabilities of learning from
data. It is well known that a pure fuzzy system that is based only on expert’s setting cannot
always be successful in function approximation problems and thus it is very difficult for it to
compete with the standard approximation methods such as Neural Nets, for example multi-layer

perceptrons and radial basis functions.

However, to overcome the disability of fuzzy systems as function approximators, many
approaches have considered the fuzzy rule base systems more as a standard, non-fuzzy universal
approximator of functions (Buckley and Hayashi, 1993); (Castro, 1995); (Kosko, 1992a);
(Wang, 1992) and less as a means of extracting control laws from heuristic knowledge. In some
cases this approximator can be achieved by combining neural networks and fuzzy systems
theory. As an example to approximate functions Jang, (1993) constructed adaptive networks

that are functionally equivalent to fuzzy inference systems.
The above trend raises several observations in the majority of fuzzy logic approaches:

e If fuzzy logic competes with alternative methods in approximation theory, it faces a big
challenge because approximation theory is a well-established field in which many successful

results exist.

e In most cases, the number of fuzzy sets and rules becomes very large in universal
approximation techniques using fuzzy systems. This number usually increases according to

the complexity of the system under study.

¢ The modelling using fuzzy rule-base systems with neural nets or variants thereof (Kosko,
1992b); (Berenji and Khedar, 1992); (Jang, 1993), has created a lot of confusion for the
researchers and engineers with respect to the actual contribution of fuzzy logic. To some

extent it is not very clear that fuzzy logic based approximation methods for modelling and

control need fuzzy set theory any longer.
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¢ The knowledge representation of the fuzzy rules is meaningless using these (neuro-fuzzy)
types of approximation techniques even if the initial settings of the rules may have some
meaning. Therefore even if it is claimed that these types of approaches are “grey boxes”, in

most cases they are not.

In the early seventies Prof. Zadeh introduced fuzzy set theory as a tool to give ability to the
experts to explore and use their knowledge (Zadeh, 1973). It is very surprising, however, that
the incompatibility between high precision and linguistic meaningfulness drove the researchers

far away from the initial purpose.

In this research, for the purpose of modelling non-linear systems, it is proposed to combine
knowledge acquisition with function approximation approaches. The latter is used only to
define the non-linear or linear parts of the system locally, whereas the former is used to define
the linguistic interpretation in the rule base defined by the expert’s knowledge together with
some guidelines coming from fuzzy set theory. The proposed method is implemented to model
an underwater vehicle, where experimental results that describe the vehicle’s behaviour in a real

environment are employed.

1.3.2 Identifying and modelling of control strategies

Identifying and Modelling Control Strategies is another important topic in fuzzy set theory and
its applications. This is very usefu! in a real system where the operator is the main factor in the
control loop. Control strategies can be considered as a fuzzy model system based on the
operator's control experience and knowledge of a particular system. The problem in this
research field is that the expert’s control skills are difficult to be verbalised since the operators’
control strategy is based on various control principles simultaneously and because the operator

may not be able to explain why a particular control action is chosen. Different operators often
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contradict each other during the design of the rule base for knowledge acquisition (Babuska,

1998a).

The research therefore is intended to find ways to extract information from experimental or
simulation data resulting from the expert’s control actions and then to define the rules that
describe the control strategy. One of the most successful ways to achieve this approach is to use

fuzzy clustering method technique.

Fuzzy set theory in cluster analysis were firstly proposed in the work of Bellman ef al, (1966),
and Ruspini, (1969). These papers opened the door for research in fuzzy clustering. Despite that

initially this technique was mainly used in image processing and pattern recognition fields

(Bezdek et al, 1999); (Chi and Pham, 1996), nowadays fuzzy clustering is widely studied and

applied in a variety of substantive areas such as modelling and identification in control systems.

As mentioned earlier, the collection of fuzzy rules that describe the control strategy results from
an input-output mapping of the operators’ control behaviour data. Using the cluster analysis, the
estimation of the parameters that define the antecedent and consequent part of the fuzzy rule
templates as well as the number of If-Then rules that constructs the knowledge base are
achieved. The main idea is that by defining the prototypes of the clusters the centres of hyper-
planes as well as the number of fuzzy sets are defined. Moreover, the projections of these hyper-

planes, into n-dimensional input-output data space axes, determines the parameters of the

extracted membership functions together with the partition of the input/output space.

Even after many successful applications of fuzzy clustering techniques in the image processing

and modelling identification problems (Bezdek and Dumm, 1975); (Gustafson and Kessel a/ ,
1979); (Yager and Filev, 1994a); (Bezdek et al, 1999); (Babuska, 1998a), problems with this

techniques have been also identified. In this research after extensive review of fuzzy clustering

algorithms it has been concluded that “the tools are there” but the appropriate way to use them

is needed in terms of exploiting the advantages of each of them. Thus, in this thesis an
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algorithmic methodology to construct fuzzy control strategies based on the choice of different
fuzzy clustering approaches to define initially the number and actual position of the prototypes
and the variance of the clusters is proposed. Then the fuzzy sets are obtained by using
projecting methods and by using merging techniques their number are reduced. As an optional
step, some modification to the fuzzy system can be obtained to make some small improvements
to the performance of the model identification. This can be achieved by applying techniques

such as the gradient method.

An application for generating fuzzy rules for *“avoid objects” control strategy using 3D
input/output data space is used to investigate the capabilities of the proposed approach. The

availability of the data stems from simulation results.

1.3.3 Control techniques using fuzzy logic

Whenever modelling is possible, classical control theory offers usually a safer approach,
although a lot of work is sometimes necessary to bridge the gap for practical problems.
However, fuzzy logic is very reasonable approach when modelling is difficult or costly, but
knowledge is available in order to derive fuzzy rules. Thus, control engineering practice has
benefited from the readability of fuzzy-rule base systems and fuzzy logic controllers have been
one of the most successfully used controllers in a large number of complex and non-linear
systems. Despite all the successful applications that has been reported using fuzzy logic
controllers a systematic methodology of how to design their characteristic properties is still an
open problem. This is because the method is highly dependent on expert's knowledge and
sufficient knowledge of the operator(s), which may be problematic, since the human control
skills can be difficult to verbalise or explain reasonably. Moreover, when the system is non-

linear the parameters of the fuzzy logic control need to be robust and “tuneable”.
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In most approaches, trying to overcome the above difficulties has been to complement the
benefits of fuzzy controllers and classical control theory. One of the most popular approaches is
to combine fuzzy and conventional PID controllers. The fuzzy like PID (as well as like-PD,
like-PT) controllers developed in this thesis stems from this idea. The parameters of the
membership functions and the scaling factors for this type of controller are mostly selected on
the basis of their influence on the fuzzy logic control surface, and the rules are formulated
considering the control trajectory. So, the problem actually shifts towards how to optimise and
tune these parameters and/or factors. Although several approaches have been proposed in this
field (Jantzen, 1998); (Yager and Filev, 1994b); (De Silva, 1995); (Zheng, 1992); (Mudi and
Pal, 1999), the most successful results are based on the combination of good experimental
understanding of the controlled system and the use of the analogies between the FLC and PID
controllers. Dealing with real systems however, the limitation of the experimental trials may
become an important drawback in this type of analysis, as the extracted information may be
very poor. Moreover, the qualitative and quantitative analysis of the interaction between the
tuning parameters and factors is usually not considered during the design of these types of FLCs
due to their complexity. Finally, the robustness of the system under study is not considered, in

most of the proposed approaches, even if it is a key aspect in fuzzy logic type controllers.

In this thesis an innovative approach to determine the optimal parameters of control systems in
terms of robustness and tuning characteristics is proposed. The number of experiments is
minimised using Taguchi Design of Experiment method. The method also analyses the results
of each performance criterion, investigates the significance of the parameters/factors of a
system together with their optimal levels with regards to their robustness and combining all the
performance criteria that are defined by the designer. The qualitative and quantitative analysis
of the interaction between the tuning parameters such as the scaling factors and peaks of
membership functions is also investigated. Finally, the parameters and/or factors are tuned using

a proposed method called a “fuzzy combined scheduling system”.
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The proposed approach has been applied in the development of Fuzzy-like PD controllers to
control the yaw and depth of an underwater vehicle. The design of these controllers was based
on a minimum number of experimental trials. The information that was extracted from these
trials was enough to optimise and tune the scaling factors of the controller resulting in very

good performance.

1.3.4 A final Remark

Finally it must be noticed, that while in the beginning of fuzzy control, fuzzy rule-base systems
were understood as relevant to artificial intelligence, it had been rejected as a non-orthodox
approach that was not purely symbolic processing. To date, a big part of the fuzzy logic
supporters tend to reject symbolic artificial intelligence as not capable of dealing with real
complex systems analysis tasks. Recently soft computing has been proposed as an artificial
intelligent approach to learning and machine intelligent. Mixing fuzzy rules/sets, neural
networks and genetic algorithms may create some dangerous aspect in artificial intelligence
research. First, the new steam of numerical modelling and controlling, while rejecting the
methodology of symbolic Al and keeping the Al vocabulary result in a terminological
confusion. Second, numerical methods and symbolic approaches are once again presented as
competing while they are really complementary. It seems impossible to get rid of the language
level when communicating with humans whilst overemphasising numerical modelling and

control may result in cutting fuzzy logic from its roots.

This research attempts to keep fuzzy logic in its initial definition by proposing techniques to
define the parameters of fuzzy sets and to assist the knowledge base definition and thus
improving the performance of the fuzzy modelling and control. The main purpose of this
research was to make bridges between fuzzy logic theory and other artificial intelligence
techniques as well as other conventional techniques such as Taguchi design of experiments. It is

believed, therefore, that fuzzy logic is an intelligent technique, that can perform independently
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as well as together with other techniques, however, it is not an “artificial” one, since the

knowledge comes from the human experts.

1.4 Overview of the thesis

The rest of the thesis is constructed as follows:

e Chapter two describes fuzzy and neuro-fuzzy modelling techniques as well as the structure
of the Takagi-Sugeno fuzzy models, a fuzzy supervisory schedule system and neuro-fuzzy
modelling methods to approximate local models. A proposed hybrid fuzzy and neuro-fuzzy
method for defining global models is described and applied to model the yaw rotation of an

underwater vehicle.

e Chapter three explains how fuzzy clustering methods can be used as a technique for
identifying and modelling control strategies. The most wildly used fuzzy cluster methods are
overviewed defining their advantage and disadvantages. A method to determine the number
of clusters as well as to project the cluster centres and variances is presented. An approach to

generate fuzzy rules from n-dimensional input/output clustering data is proposed and

developed.

e Chapter four describes the implementation of the proposed approach of chapter three to
generate fuzzy rules for “avoid objects” control strategy of an underwater vehicle using 3-D

input/output data space.

e Chapter five proposes an innovative approach for the design and tuning of robust control
systems using Taguchi method and fuzzy logic. The steps of the proposed methodology are
presented and discussed analytically. The proposed approach is developed and applied to the
optimisation of the scaling factors and peaks of membership functions for tuning in fuzzy-

like PD controllers as case studies.
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Fuzzy & Neuro-Fuzzy
Modelling

2.1 Introduction

Developing mathematical or other type of dynamic models of real systems is a central topic in
control system theory and important steps in the design of control, supervision and fault-
detection systems. Some of the modelling approaches for non-linear systems that been

researched the last three decades are based on techniques called artificial intelligence such as

neural network, fuzzy logic, neuro-fuzzy and genetic algorithms.

Fuzzy modelling is the method of describing the characteristics of a system using fuzzy rules.

Compared to other “intelligent” modelling techniques, such as neural networks (Haykin, 1994)
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or radial basis function networks (Chen et al, 1991), fuzzy systems provide a more transparent
representation of the non-linear systems under study, and can also be given a linguistic
interpretation in the form of rules. Moreover, fuzzy sets serve as a smooth interface between
qualitative variables involved in the rules and numerical domains of the inputs and outputs of
the model. The rule-base nature of fuzzy models allows the use of information expressed in the
form of natural language statements, and makes the models transparent to interpretation and
analysis. At the same time, at the computational level, fuzzy models can be regarded as flexible
mathematical structures, similar to neural networks or radial basis function networks, that can
approximate a large class of non-linear system to a desired degree of accuracy (Wang, 1992),

(Kosko, 1992), (Zeng and Singh, 1994). This duality allows qualitative knowledge to be
combined with quantitative data. Finally, it can be said that the use of linguistic qualitative
terms in the rules can be regarded as a kind of information quantisation. Thus, depending on the
number of qualitative values considered, models at different levels of abstraction and accuracy
can be developed for a given system. Each of the models may serve a different purpose such as

prediction, controller design, monitoring.

Modelling using fuzzy logic is a topic that has been studied extensively in recent years(Takagi
and Sugeno, 1985) (Jang and Sun, 1995) mostly as a problem of function approximation instead
of a problem of knowledge acquisition. A good fuzzy model, when is only based on expert's
knowledge, is a trade off between accuracy and linguistic meaning. It is a well-known fact that
if the accuracy is increased, the linguistic interpretation is reduced. If therefore the interest is to
have a very accurate model some other techniques (like Neural Nets, multi-layer perceptrons
and radial basis functions), are better because these techniques do not have the inconvenience
that fuzzy systems have, which usually comes from its high dimensionality. However, fuzzy
systems provide a more transparent representation of the non-linear systems under study, and
can also be given a linguistic interpretation in the form of rules. In this way, systems data can be

translated into a model and analysed in a manner of linguistic meanings.
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In this work fuzzy modelling is approached by combining the function approximation together
with knowledge acquisition approaches. The latter can be achieved by using a proposed Fuzzy
logic Supervised Scheduling System (FSSS) where the former is solved by using Neuro-Fuzzy
approach. A main feature of the proposed hybrid fuzzy and neuro-fuzzy model approach is that
it approximates a non-linear system by a set of local models within defined fuzzy regions that

describe the system globally (Palman ez al, 1997).

The proposed method is implemented in a model of an underwater vehicle that is inherently
non-linear and only some experimental results describing its behaviour in a real environment
are available. As the neuro-fuzzy part of the model needs good data, in terms of representation
of the dynamics of the system, and the fuzzy part needs good linguistic reasoning interpretation,

the experiments were planned regarding these requirements.

This Chapter is structured as follows: in Section § 2.2 different modelling techniques are
introduced. In Section § 2.3 the three main types of fuzzy modelling are presented. As the
Takagi-Sugeno fuzzy model is used in this work, the criteria of how to select its parameters are
discussed in Section § 2.4. Section § 2.5 describes a proposed fuzzy supervisory scheduling
system method. Moreover, in Section § 2.6 it is discussed how a neuro-fuzzy modelling method
defines local models. A proposed hybrid fuzzy and neuro-fuzzy model method that defines a
global model is described in Section § 2.7. The proposed method is applied to model the yaw
rotation of an underwater vehicle in Section § 2.8. The hydrodynamic forces and moments
acting on the vehicle are presented in Section § 2.8.1. The experimental design and the trials for
the yaw rotation in a real environment are discussed in Section § 2.8.2. From these results the
local models are defined as described in Section § 2.8.3. Then, fuzzy models are constructed to
define the relationship between fuzzy inputs and the local models as discussed in Section §
2.8.4. The global fuzzy model is designed as explained in Section §2.8.5 and some simulation

results are presented in Section § 2.8.6. The work presented in this chapter is discussed in

Section § 2.9 and summarised in Section § 2.10.
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2.2 Different modelling tech niques based on fuzzy systems theory, neural

networks and neuro-fuzzy approaches

Traditionally, modelling is seen as a conjunction of a thorough understanding of the system’s
nature and behaviour, and a suitable mathematical treatment that leads to a usable model. This
approach is usually termed “white box” (physical, mechanistic, first-principle) modelling. In
practice, however, when complex and poorly understood systems are considered, the
requirement for a good understanding of the physical background of the system proves to be a
severe limiting factor. The difficulties that can arise in conventional “white-box” modelling
approaches appear from poor understanding of the underlying phenomena, inaccurate values of
various process parameters, or from the complexity of the resulting model. A complete
understanding of the underling mechanisms is virtually impossible for a majority of real
systems. However, gathering an acceptable degree of knowledge needed for physical modelling
may be very difficult, time-consuming and an expensive task. Even if the structure of the model
is determined, a major problem of obtaining accurate values for the parameters remains. It is the
task of system identification to estimate the parameters from data measured. Identification
methods have been developed to a mature level, mostly, for linear systems. Most real systems

are, however, non-linear and can be approximated by local models.

The accuracy of mathematical models is based on how good are the approximation of the
mathematical functions that are used to describe the system’s characteristics under study. If the
model is not accurate enough, the subsequent steps of analysis, prediction and controller
synthesis, cannot be successful. However, there is an obvious trade-off between the necessary
accuracy of the model and its complexity. Models should provide information at the most
relevant level of precision (abstraction), suppressing unnecessary details when appropriate. If

the model is too simple, it cannot properly represent the characteristics of the system and does
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not serve its propose. However, the model should not be too complex if it is to be practically

useful.

An other approach to identify a model of non-linear systems is to use some sufficiently general
“black-box” structures, such as, Artificial Neural Networks (ANN) (Patterson, 1996), used as a
general function approximator. The modelling problem is then that of obtaining an appropriate
structure of the approximator, in order to correctly capture the dynamics and the non-linearity of
the system. In “black-box” modelling, the structure of the model is hardly related to the
structure of the real system. The identification problem consists of estimating the parameters in
the model. If representative system data is available, “black-box” models usually can be
developed quite easily, without requiring system-specific knowledge. A severe drawback of this
approach is that the structure and parameters of these types of models usually do not have any
physical significance. Additionally such models cannot be used for analysing the system’s
behaviour otherwise than by numerical simulation. Finally, it is neither possible to use prior

knowledge to initialise the network, nor can its final state be interpreted in terms of rules.

The drawback of the conventional “white-box™ and “black-box” techniques in modelling non-
linear system is their trade-off between accuracy and knowledge acquisition as well as that they
are based mostly on quantitative mathematical techniques. The weakness of the traditional
quantitative techniques to adequately describe complex systems was summarised in the well-
known principle of incompatibility, formulated by L. Zadeh, (1973). This principle states that
“as the complexity of a system increases, our ability to make precise and yet significant
statements about its behaviour diminishes, until a threshold is reached beyond which precision

and significance (or relevance) become almost mutually exclusive characteristics”.

Fuzzy model identification is a technique that has been developed based on fuzzy set theory
(Sugeno and Kang, 1988), (Yager and Filev, 1994b), (Harris et al, 1994), (Babuska, 1998a).

Fuzzy models can be seen as logical models, which use “If-Then” rules and logical operators to
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establish qualitative relationships among the variables in the model. In many applications it is
often desirable to combine qualitative information and numerical data with qualitative and
heuristic knowledge. To achieve this, user-friendly methods are needed for efficient translation
of the knowledge into a computer-manageable form, for interfacing qualitative information with
numerical data and for appropriate validation of the models. The rule-base nature of fuzzy
models allows the use of information expressed in the form of natural language statements, and
makes the models transparent to interpretation and analysis. Modelling based on the use of
fuzzy sets in combination with local regression techniques has a great potential to achieve these

goals.

The specification of good linguistic rules depends on the knowledge of the expert, but the
translation of these rules into fuzzy set theory depends on the choice of certain parameters, such
as shape and degrees of membership functions, for which particular rules do not exist. Fuzzy
models are unable to learn by their own experiences and unable to adapt to new conditions in

cases of non-linear systems (of high order with uncertainties in parameter and structure).

The advantages of the fuzzy approach are mainly the disadvantages of the ANN approach, and
vice versa. So the idea is naturally to combine neural networks and fuzzy systems to overcome
their disadvantages, but to retain their advantages. The integration of these two fields has given
birth to neuro-fuzzy systems. To develop a fuzzy neural structure, two ideas can be followed:
the first is to “neuralise” existing fuzzy systems and the second one, is to “fuzzify” existing
neural networks, that is to introduce either neural concepts into fuzzy systems or fuzzy concepts

into neural networks.

Neuro-fuzzy systems or neuro-fuzzy models can be divided into co-operative and hybrid
models. Co-operative approaches use neural networks to determine certain parameters (e.g. the
fuzzy sets, or the fuzzy rules) of fuzzy controller which are then implemented without use of

neural nets. Hybrid approaches create a new architecture using concepts from both paradigms
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and thus can be interpreted as a neural net and as a fuzzy controller. Besides this, there are

concurrent neural/fuzzy models that use neural networks and fuzzy systems separately.

2.3 Fuzzy Modelling

Fuzzy If-Then rules are used not only to incorporate human knowledge in fuzzy expert systems
and controllers, but also can be applied to modelling of non-linear dynamic systems. Thus, a
fuzzy model describes the relationships between the system’s input/output variables by means

of if-then rules, such as:

If the engine power is HIGH then the speed is FAST

These rules establish local relations between the system’s variables by relating qualitative
values of one variable (power is high) to qualitative values of another variable (speed of the
vehicle will increase fast). The qualitative values typically have a clear linguistic interpretation
and are called linguistic terms. The meaning of the linguistic terms with regard to the
input/output variables which may be numerical (engine power, speed) is defined by appropriate
fuzzy sets. In this sense, fuzzy sets (or more precisely their membership functions) provide an
interface between the input and output numerical variables and the linguistic qualitative values

in the rules.

Depending on the particular structure of the consequent part of the “/f-then” rule, three types of

models are distinguished:

e Linguistic fuzzy model (Zadeh, 1973); (Mamdani, 1977), where a fuzzy rule can be written

as "if x is A then y is B", with the premise and consequence expressed in the form of fuzzy

sets.
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e Fuzzy Relational model (Pedrycz, 1984); (Yi and Chung, 1993), which can be regarded as a
generalisation of the linguistic model, allowing one particular antecedent proposition to be

associated with several different consequent propositions via fuzzy relation.

e Takagi-Sugeno's (1-S) fuzzy model (Takagi and Sugeno, 1985), where a fuzzy rule can be
written as “if x is A then y = f(x) ". In this case, the premise is a classical fuzzy set
expression which indicates a fuzzy subspace and the consequence is a functional relation,

usually a linear function or a singleton which indicates the input-output relationship in this

fuzzy subspace.

In this research, the last structure is considered. There are two reasons for this choice: firstly,
this type of fuzzy model is more powerful for representing the input/output behaviour of non-
linear systems when dynamics depend on the operating conditions (Babuska and Verbruggen,
1997); secondly, because the consequence part of a T-S fuzzy model rule is a linear equation
rather than a fuzzy set. The fuzzy model can be viewed as a collection of linear sub-models and
the existing linear control theory can be applied to analyse the stability and for designing a
model-based set of linear controllers (Tanaka and Sugeno, 1990), (Sugeno and Kang, 1988).

The construction, however, of a rule-based fuzzy model requires:

1. identification of the antecedent and consequent structure of the membership functions for

different operating regions and

2. estimation of the consequent regression parameters.

The second task is solved using functional or singleton consequences, defined as local linear
regression models. However, the construction of the membership functions in the first task is a

non-linear optimisation problem.
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2.4 Structure of T-S fuzzy Model

The T-S fuzzy model is a special case of fuzzy systems and has been one of the most widely
used structures in model identification techniques of non-linear systems. However, to construct
this type of model is not an easy task due to the large number of degrees of freedom which
include shape and number of membership functions and aggregation methods. This large
number of degrees of freedom gives high flexibility to the fuzzy system but also demands more
systematic criteria to choose these parameters. The following subsections outline the structure

of the T-S model as well as the criteria to select some of its parameters.

2.4.1 The Fuzzy State Space

The Fuzzy State Space technique can express complex non-linear dynamic systems by linguistic

if-then rules.

A typical Takagi-Sugeno fuzzy model has the form:

R if s=AS' then x, = f,(x,u)

where s is the operating point vector s= {s,,s,,...,s, }, f isa nx! non-linear vector function,

x is the nx1 state vector, and u is the nx1 input vector. The vector consists, in general, of

state, input and output variables (n, is its dimension). These variables comprise the premises of

implications. AS' is the i-th fuzzy state vector as in Equation 2.1
AS' = (AS,,AS,....AS, )T @1

where AS, is the fuzzy values of s with appropriate membership function or the membership

function of the fuzzy sets in the premises, known as premise parameters.
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For each fuzzy state vector AS' there is a set of crisp state vectors {s*}, each one satisfying the

given fuzzy state vector to a certain degree. Thus for each fuzzy state vector AS', it is possible
to construct a fuzzy set defined on the domain of these crisp state vectors. This fuzzy set is such
that the degree of membership of crisp state vector is equal to the degree of satisfaction of AS’
by the particular crisp state vector. This fuzzy set is called a fuzzy region and the number of

fuzzy regions is equal to the number of fuzzy state vectors.

The centre of fuzzy region, AS' =(AS|,AS,,...,AS!)", is defined as this crisp state vector

C . ’ . .
s' ={s),52,.-5, } €S, where s, are crisp values, such that

His, (x)= L s, (%)= L py, (x,)=1 (22)
where ¢ is the degree of satisfaction of AS! .

The then-part of this fuzzy rule defines a linear autonomous open loop model representing the

system dynamics within the fuzzy region AS' specified in the if-part of the same fuzzy rule.

This model is of the form x, = f;(x,u) where f; is a linear or non-linear function normally

obtained via an identification procedure. The parameters of x, are called consequence

parameters.

2.4.2 Outline of the basic Structure of the Fuzzy Inference System and fuzzy rule's

parameters

Fuzzy Inference Systems (FIS) for modelling and identification can be regarded as flexible
mathematical structures that can approximate a large class of linear and non-linear systems,
called “universal approximators”. However the FIS may approximate the system dynamics in

different ways but not always give the most appropriate ones. The meaning of “appropriate” in
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this case is referring to the linguistic meaning. The alternatives involved in the structure

selection of the FIS are very wide: shapes of membership functions, and and or operations,

implications, defuzzification method are some of them. Some choices therefore have to be made

otherwise the problem becomes too complex. Some general rules of how these parameters can

be defined is presented as follows:

Premise Variables

The premise variables are chosen out of possible input variables under consideration. Given
a set of possible candidates, it is possible to find a set of input variables, which affect the
output of the system. In most applications, this operation is not difficult since the input

variables, which affect the outputs are known to the designers.

Premise Parameters Identification

The choice of the variables in the premises implies that its space is divided. A general
theoretical approach to identify the number of these divisions or fuzzy subspaces described
by membership functions does not seem to be available. A general rule can be that the
number of membership functions in every universe of discourse for the antecedent should
be 7 + 2. This number is related to the maximum number of linguistic quantifiers that a
human being can handle. However, if the number of experiments that are held to collect
data for identification purpose is limited, the number of the fuzzy sets should be chosen

considering this number.

The shape of the membership functions for the fuzzification process is triangular (Pedrycz,

1994) with overlap 50%. Thus every point in the universe of discourse belongs to at least

two fuzzy sets.
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Consequence Parameters Identification

e The consequences are singletons or linear/non-linear combinations of the inputs that

represents local models as discussed in Section § 2.5.
Operational parameters of rules

e The operations “product” and the “bounded sum” are selected as and and or operations

(Mendel, 1995).

Using the above suggestions a basic structure for modelling of non-linear systems is developed.

2.5 Fuzzy logic as a method to design a Fuzzy Supervised Scheduling System

(FSSS)

The reason for adopting the fuzzy model described above is that most systems are non-linear
and therefore cannot be described by a single linear model. Instead of constructing complicated
non-linear models based on physical laws, an alternative approach can be used constructing
local models. In this case, each local model approximates the original non-linear system around
different operating points and the FSSS determines which of the local models suits the

particular operating conditions. In this case the FSSS uses a discriminant function, f,, of

Equation 2.3.
w= f,(s) 2.3)

This function defines a weight vector w ={w,w,,..,w,}, with w, € {0,1], for each particular
value of the operating point vector. This definition can be applied using min or max operation.

For example, for the particular crisp value s” =fs;,s,,..,s, } of the operating point vector, that is

defined from and operation in the fuzzy rules, the weight vector is as in Equation 2.4.
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w=min(s;s (81), ys, (53 heess s, (55) (2.4)
where g is the degree of membership of the crisp value s, of s, .

The overall output X of the composite model is calculated as the weighted mean of the outputs
x; of the local models, given as in Equation 2.5, that actually represents the non-linear

expression for the global system.

X=il (2.5)

where k is the number of local models.

2.6 Neuro-Fuzzy Modelling Methods to approximate local models

The combination of FIS and ANN is expected to sum the positive features of these two systems.
From ANN, the powerful learning capabilities enable these systems to learn from a set of
system measurements, whereas the fuzzy presentation enables the extraction of learnt
information in a form easily understandable even to a less experienced user. As the former
property reduces the time required to create the model, the latter increases the usefulness of the
model since there now exists at least some kind of explanation for the model outcome. Several
fuzzy-neural approaches have been introduced and can be found in the literature (Jang et al,

1997), (Nauck and Kruse, 1996).

In this thesis a neuro-fuzzy architecture proposed by Jang, (1993) called the Adaptive Network-
based Fuzzy Inference System (ANFIS) is applied. The architecture of this technique consists of
adaptive networks that are functionally equivalent to fuzzy inference systems. The approach is

widely used as it provides quite an efficient way to approximate non-linear systems with high
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accuracy. However, despite the fact that the method gives some transparency in the systems
properties by investigating the parameters of the fuzzy sets, this does not always include the
system’s integrity. Moreover, even the initial setting of the fuzzy inference part of the ANFIS
architecture is defined by a designer the ANFIS algorithm may change the architecture
dramatically and thus the knowledge that is initially set by the expert may end up with minor or
almost no significance. That is because the method inherently looks at the case as a function

approximation. The explanation of how the architecture works is presented in Jang, (1993)

2.7 Design of a proposed Hy brid Fuzzy and Neuro-Fuzzy Model (HFNFM)

architecture for defining the global model

The model identification method proposed in this thesis is a Hybrid between Fuzzy and Neuro-
Fuzzy Model (HFNFM) architecture since it combines Fuzzy and Neuro-Fuzzy Model

techniques as presented in this section.

The neuro-fuzzy (ANFIS) architecture is used to optimise the parameters of both antecedent and
consequence parts of the fuzzy rules that define the local models of a non-linear system. This is
a case where the definition of the local fuzzy models is referred to as a function approximation

problem.

For the global model, the fuzzy model structure settings are defined by linguistic concepts from
the experimental design that is used to extract information about the dynamics of the system
under study. In this case the fuzzy model is considered as a problem of knowledge acquisition.
This model operates as the FSSS of the local models as explained in Section §2.5. Figure 2.1
shows schematically the combination of the two types of models from which the HFNFM

architecture arises.
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In this research the yaw is used for investigating the modelling that is implemented using the
proposed HFNFM method. The limitation of the study allows only the yaw to be modelled and

is based on experimental data that were available only for GARBI’s rotation about the z-axis.

2.8.2 Experimental design and the trials for the rotation in z-axis (yaw) in a real

environment

As discussed in the previous subsection the rotation yaw is affected by the power of the
horizontal propellers T, and T,. The input variables are the set point of the yaw and the applied
power (or difference of power) in propellers T; and T, to reach this point. The smallest voltage
that can be applied to the propellers is 3V, whereas the maximum one is 10V. The output,

therefore, is the actual yaw according to a sampling time ¢.

In October 1999 experimental trials in a real environment (Lake Banyolas, Spain) were held to
test the yaw behaviour of the robot. Due to the limitation of the number of experiments (as they
are time and money consuming), it was decided that three types of power and yaw angle should
be applied with their values distributed equally in the universe of discourse that is defined by

their minimum and maximum points. Hence, for the voltage the values that are applied are 3V,

6.66V and 10V. Moreover, for the yaw the set points of the angles are 30°, 60° and 90° for left
and right turning. These are Zig-Zag type experiments and thus more types of turning can be

investigated as will be explained in Section § 2.8.3.

The values of the above trials may be represented as fuzzy values with the peaks of the fuzzy
sets equal to these actual values. Thus, for the three values of power and yaw angle the fuzzy
sets can be labelled as Low Power, Medium Power, High Power and Low Angle, Medium
Angle, High Angle respectively. The nine combinations of the power and the yaw angles are as
illustrated in Table 2.2 and the results of these experiments are shown in Figure 2.4 to Figure

2.8. Note that these responses do not follow the linear change of the input set points (voltage
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2.8.3 Definition of the local models from the experimental data

In Table 2.2, nine experiments have been defined to measure the response of the vehicle’s yaw
rotation for the nine combinations of applied power and set angle 8. The modelling of these
yaw responses is a non-linear optimisation problem. This modelling problem is simplified by
breaking the model up into a series of local models. Thus, the responses of the yaw motion

defined in Figure 2.4 through Figure 2.8 are classified as one of three different types as follows:

o firstly, when the vehicle changes course from straight ahead to left and for Low, Medium

and High Angle @ i.e., 30°, 60° and 90°, (it is also assumed that the case is almost the

same for straight ahead to right),

e secondly, when the vehicle changes course from left to right and for Low, Medium and

High Angle & i.e., 60°, 120° and 180°.

e thirdly, when the vehicle changes course from right to left and for Low, Medium and High

Angle 8 i.e., 60°, 120° and 180°.

Note that as discussed in Section § 2.8.2 in all cases the different levels of voltage that are

applied to the vehicle’s propellers is 3V, 6.66V and 10V.

As discussed in Section § 2.6 these cases can be described by a non-linear identification
method. Here the ANFIS architecture is used to model these local non-linear subsystems. Figure
A.l to Figure A.36 in Appendix A shows the training data used for ANFIS and the generated
fuzzy local models that are defined as a funtion of time 7 and angle &. Thus the rules that

construct these models take the form:

Rule i: Iftime t,is PROPOSITION then angle 6, = f(1;) +¢,

where i is the number of the rule and ¢; is a constant number.
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For the local model that represents the yaw of the vehicle when it turns from straight ahead to
left or right and when it turns from left to right or right to left, the number of the membership
functions that are used are two and three respectively. Different types of membership functions
have been applied. However, using Gaussian membership functions, the approximation of these
models has the most accuracy with less iterations of the back-propagation algorithm. Note that
as the local models under approximation were not very complex, the maximum number of

iterations in the ANFIS algorithm was not more than 100.

2.8.4 Constructing the Fuzzy Models to define the relationship between fuzzy inputs

and the defined local models

As discussed in Section § 2.8.3 three types of yaw modelling have been defined and optimised
according to time, power and angle @ variables using the ANFIS optimisation algorithm. These
can be considered as the local neuro fuzzy models of the yaw response. Therefore, Table 2.2
can be redefined for each of the three different types of the yaw as shown in Table 2.3 to Table

2.5.

2-22



Chapter 2

Fuzzy & Neuro-Fuzzy Modelling

\ Power Low Medium High
Left/Right Angle Power Power Power
0
Low Neuro-Fuzzy |Neuro-Fuzzy| Neuro-Fuzzy
Angle 0 Local Model | Local Mode! | Local Model
(30) HLR 1,1 HLR 1,2 HLR 1,3
Medium Neuro-Fuzzy |Neuro-Fuzzy| Neuro-Fuzzy
Angle © Local Model | Local Model | Local Model
(60) HLR 2,1 HLR 22 HLR 2,3
High Neuro-Fuzzy [Neuro-Fuzzy| Neuro-Fuzzy
Angle 6 Local Model | Local Model | Local Model
(90) HLR 3,1 HLR 3,2 HLR 3,3
Table 2.3 The local neuro fuzzy models where the course changed from straight ahead to
Lefi/Right
\ Power Low Medium High
Right Angle 8 Power Power Power
Low Neuro-Fuzzy | Neuro-Fuzzy | Neuro-Fuzzy
Angle 0 Local Model | Local Model | Local Model
(60) LR 1,1 LR1.2 LR 13
Medium Neuro-Fuzzy | Neuro-Fuzzy | Neuro-Fuzzy
Angle 0 Local Model | Local Model | Local Model
(120) LR 2,1 LR2,2 LR 2,3
High Neuro-Fuzzy | Neuro-Fuzzy | Neuro-Fuzzy
Angle 0 Local Model | Local Model | Local Model
(180) LR 3,1 LR3,2 LR33

Table 2.4 The local neuro fuzzy models where the vehicle changed course from left to right

\ Power Low Medium High Power
Left Angle 6 Power Power
Low Neuro-Fuzzy | Neuro-Fuzzy | Neuro-Fuzzy
Angle 0 Local Model | Local Mode! | Local Model
(60) RL 11 RL 1,2 RL 13
Medium Neuro-Fuzzy | Neuro-Fuzzy | Neuro-Fuzzy
Angle 6 Local Model | Local Model | Local Model
(120) RL21 RL 2,2 RL 2,3
High Neuro-Fuzzy | Neuro-Fuzzy | Neuro-Fuzzy
Angle 0 Local Model | Local Mode! | Local Model
(180) RL 3,1 RL 3,2 RL 3,3

Table 2.5 The local neuro fuzzy models where the vehicle changed course from right to left
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2.8.5 Design the global fuzzy model

Table 2.3 to Table 2.5 define all the fuzzy rules that can be used to identify the global model of
the vehicle in terms of yaw response. Applying the FSSS as described in Section § 2.5, all the
local models for each defined fuzzy region are supervised and thus the global fuzzy model is

determined. The fuzzy sets of these models are as illustrated in Figure 2.9 and Figure 2.10.
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Figure 2.9 Fuzzy sets for the Power and Angle 8 when the vehicle changes its course from
straight ahead to Left/Right direction
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Figure 2.10 Fuzzy sets for the Power and Angle 60 when the vehicle changes its course from
Left to Right and Right to Left direction

2-24



Chapter 2 Fuzzy & Neuro-Fuzzy Modelling

The triangular shape of the membership functions is chosen for the fuzzification process as

discussed in Section § 2.4.2.

The rule base of the global fuzzy model is constructed from rules with the form:

Low Low

Rule i: IfPower P, is { Medium and Set Angle 0, is { Medium then Overall Angle is ®
High High

where i is the number of the rule.

As the “and” operation is used in the fuzzy rules the weights w (or degrees of the membership

functions) are defined by using mir operation (Zadeh, 1965).

The overall output of the composite model of the FSSS is calculated as the weighted mean of
the outputs &, of the local neuro fuzzy models (defined in Appendix A), given as in Equation

2.6, which actually represents the non-linear expression for the global model.

iw o,

o= (2.6)

PR

i=l

'R

where £ is the number of local models.
Remark

e A decision about which of the groups of the local fuzzy model should be fired has to be
done. This can be simply achieved by checking the previous and the new setting commands
and/or positions in terms of & . Note also that in the case of turning the vehicle in the same
rotation i.e., from left to left or from right to right, the same group of rules are fired

initialising only the time variable.
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2.8.6 Simulation results

The Hybrid Fuzzy and Neuro-Fuzzy model were developed, using MATLAB/SIMULINK
computer program, to observe its capabilities. In Appendix B the basic SIMULINK block
diagrams are presented. Two are the set points that are applied for the simulation studies. These
are the desired yaw angle and the power of the propellers. Figure 2.11 illustrates some of the

simulation results that come from the settings shown in Table 2.6.

No of |First Turn| Applied |Second Turn| Applied | Third Turn| Applied
Exp. Left Power Left Power Left Power
(i) 30 5 90 5 60 5
{ii) 30 5 90 7.5 60 7.5
(iii) 60 4 90 4 60 4
(iv) 80 5 120 4 40 4
v) 30 8 90 10 60 5
(vi) 45 7 30 5 45 6
{vii) 15 6 45 8 30 75
(viii) 20 10 70 10 50 5

Table 2.6 Navigation properties of simulation trials
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2.9 Discussion

As discussed in Section § 2.2, there are different ways to identify and model non-linear systems
including fuzzy logic, neural networks and neuro fuzzy techniques. It is well known however
that using fuzzy logic technique for modelling is an approach that mostly depends on good
knowledge of the system. Neural network approaches are a very successful, well-known and
widely used technique in modelling and identification problems of non-linear systems.
Nevertheless, their “black box” structure is their main drawback. Moreover, neuro-fuzzy
technique try to combine the above two techniques and to make the model more transparent (or
grey). However, the problem in this case is approached as a function approximation instead of

knowledge acquisition.

The aim, therefore, was to approach the problem of modelling non-linear systems combining
the knowledge acquisition of fuzzy modelling technique with the function approximation of the
neuro-fuzzy one. The fuzzy part defines the global model using the proposed FSSS approach to
determine which of the defined models that describe the system locally suits the particular
operating conditions. By using neuro-fuzzy technique these local models can be approximated.
This is the main idea of the proposed HFNFM method that is outlined in Section § 2.7 and
implemented for modelling an underwater vehicle in terms of its yaw behaviour as described in

Section § 2.8.

The inputs that excite and thus operate the yaw of the vehicle have to be defined. These are the
powers that are applied into two horizontal propellers of the vehicle. This definition comes from

the design and dynamics properties of the system as discussed in Section § 2.8.1.

To define the vehicle’s behaviour in terms of yaw, experiments have been held in a real
environment according to the combination of the above two inputs as shown in Table 2.2
(Section § 2.8.2). The results are shown in Figure 2.4 to Figure 2.8 and can be used individually

to define the yaw behaviour of the vehicle. However the approximation of these types of
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manoeuvring is a very complicated task and thus approximation techniques with high degree of
non-linearity have to be applied. Thus, it was decided that an approximation of each of the angle
turning &, defined in the trials, should be investigated individually considered as a local model.
The ANFIS architecture was used to develop Neuro-Fuzzy models that describe these angles
locally as discussed in Sections § 2.6 and 2.8.3. Note that as mentioned in Section § 2.8.3 these

local models are defined as a function of time ¢ and the angle €. Thus these are variables that

construct the two dimensional space in the resulting figures i.e., Figure 2.4 to Figure 2.8. In

Appendix A Figure A.1 to Figure A.36 shows that its local yaw rotation is used as the training
data for the ANFIS technique. The local neuro-fuzzy models are also illustrated. Also in these
figures, it can be seen that the accuracy of the approximation is very high, as the outputs of the
local models follow the training data. Note that, this accuracy is achieved using a small number

of iterations (less than 100) of the ANFIS algorithmic operation.

The next step of the modelling analysis was to define the relationship between the fuzzy inputs
i.e. power and angles, and the extracted local models as discussed in Section § 2.8.4. The local
models were grouped according to vehicles course changing i.e., from straight ahead to left or
right, from left to right, from right to left (see Table 2.3 to Table 2.5). With this grouping
definition only one set of local models is fired in each of the course changing manoeuvre. Thus,

the computation time during the modelling identification is minimised.

When all the local models are available the construction of the global fuzzy model can be
defined as in Section § 2.8.5. In this case the FSSS defines the degree of belonging of the local
models and thus determining which of these models suits the particular operating conditions.
The fuzzy sets (see Figure 2.9 and Figure 2.10) that construct this global model are used to shift
smoothly the modelling trajectory from one local model to the other. It is important to note also
that if the number of the experimental trials increases the number of local models and fuzzy sets
increase. Thus, the (global) model can be more accurate as the local space of the models is

smaller and thus the trajectories between them smoother.
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The hybrid model method was implemented in MATLAB/SIMULINK. The program is
available to the Computer Vision and Robotics Group' for further testing and improvement

using new experimental trials and data. Some simulation results are presented in Figure 2.11.

Note finally, that the identification of GARBI’s model could be achieved based on conventional
procedures by analysing the model structure of the vehicle, the type of available sensors and the
actuator dynamics (Indiveri, 1998). Nevertheless, these types of approaches for model
identification problem were beyond the scope of this research. In this research, the combination
of fuzzy and neuro-fuzzy approaches was under investigation specifically how they can deal

with model identification problems for non-linear systems.

2.10 Summary

In this chapter a brief introduction to fuzzy and neuro-fuzzy techniques is presented, discussing
some of their advantages and disadvantages. The linguistic, fuzzy relational and Takagi-Sugeno
fuzzy models are defined. The latter is emphasised since it is utilised in this work and thus the
structure properties of this type of model are discussed. A proposed fuzzy supervisory
scheduling system is also presented. How the neuro-fuzzy modelling method can approximate
local models is also outlined. A hybrid fuzzy and neuro-fuzzy method is also proposed to define
the global model of a non-linear system. The method is constructed using six main steps and is
implemented to model the yaw rotation of an underwater vehicle. The hydrodynamic forces and
moments of the vehicle are presented. Furthermore, the design of the experiments and the actual
results of the trials in a real environment that are used to extract information for the modelling
are presented. The local models are then defined using the ANFIS optimisation technique and

the global model is finally constructed. Simulation results of the model are presented to show

! Institute of Informatics and Applications Girona, SPAIN
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the capabilities of the proposed HFNFM method. The simulation program is also used for a
series of trials of avoidance object action. The data have been collected and used for modelling

control strategies in this term. In the next chapter an approach is proposed to solve this problem

based on fuzzy clustering methods.
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Fuzzy Clustering
Methods as Techniques
for Identifying and
Modelling of Control
Strategies

3.1 Introduction

Identification and modelling of a complex non-linear system's control action can be viewed as
determining a description between the input and the output of the controller under
consideration. The task becomes much harder when there is only little a priori knowledge on
the type of non-linearities present in the system. In this case, fuzzy reasoning provides an
effective formalism through which large classes of non-linear systems can be represented

without a precise mathematical description of the non-linear elements.
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As been discussed in chapter one, fuzzy control is an important topic in fuzzy set theory and
applications. A fuzzy (behaviour) controller can be considered as a fuzzy model system based
on the operator's control experience and knowledge for a particular system. The expert’s control
skills, however, are difficult to describe in words since the operators’ control strategy is based
on various control principles simultaneously, combining feedforward, feedback and predictive
strategies in a complex, time-varying fashion, and because the operator may not be able to
explain why a particular control action is chosen. Experience from knowledge acquisition also

shows that the rules provided by different operators are often contradictory.

One way to solve these types of problems is based on the assumption that expert information is
readily available. This information actually comes from experimental or simulation data
resulting from the expert’s control action according to the particular applied inputs. Thus,
estimation of the parameters that define the antecedent and consequent templates is achieved as
well as the number of If-Then rules that constructs the knowledge base. The premise and
consequence, indicates structure identification and parameter estimation. The collection of
rules for fuzzy sets comes from an input-output mapping of the operators’ control behaviour
data. These tasks cannot be performed separately. Usually, the case where the input variables
have been selected a priori can be considered so that what remains to be done is (Sugeno and

Yasukawa, 1993):

e to determine the number of fuzzy rules and the partition of the input/output space into fuzzy

sets (structure identification);

e to estimate the best values for the parameters of the membership functions (parameter

estimation).

The above can be achieved using fuzzy clustering methods, where the prototypes of the clusters

are usually the centres of hyper-planes. Their numbers define the number of the fuzzy sets and
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their projections, into n-dimensional input-output data space axes, determines the parameters of

the extracted membership functions together with the partition of the input/output space.

In this work an algorithmic methodology is proposed to construct fuzzy control strategies based
on the choice of different fuzzy clustering algorithms to define the number and actual position
of the prototypes and the variance of the clusters. Then the generation of the fuzzy sets is
obtained by using projecting methods that are varied according to the chosen type of fuzzy
system. Moreover, merging of membership functions methods are used to reduce the number of
fuzzy sets and guidelines of when to do so are also proposed. Finally, improvements and small

modification to the fuzzy system are introduced using techniques such as gradient method.

This chapter is organised as follows: Sections § 3.2 to 3.4 introduce the basic theory of cluster
analysis. Sections § 3.5 to § 3.6 discusses some of the most commonly used fuzzy cluster
algorithms that are applied in identification problems based on input/output mapping data
discussing their advantages and disadvantages. Section § 3.7 shows techniques to determine the
number of clusters. The problem of how and when the normalisation of data should be applied
is discussed in Section § 3.8. The projection of cluster centres and variances is introduced in
Section § 3.9. In Section § 3.10, methods that are used for merging the membership functions
are reviewed as well as some guidelines of when to use them are proposed. A proposed
methodology to construct fuzzy control strategies generating the fuzzy rules fromn-dimensional
input/output clustering data is presented in Section § 3.11. Section § 3.12 discusses the

proposed algorithm. A brief summary of this chapter is finally presented in Section § 3.13.

3.2 Cluster analysis

Cluster analysis is a technique that is used to seek out natural clusters corresponding to natural
classes in the data, dividing all objects (samples) into smaller subgroups, classifying them

according to the similarities among them. It therefore, reconstructs the probability of data
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density from the samples and thus extracts the information that the data are carrying by
extrapolating class membership to unlabeled samples or simply to better understand the system

and/or process from which the data arises.
Clustering analysis comprises of three main problems (Bezdek ef al, 1999):

1. Investigation of a tendency of clustering data or in other words the substructure(s) in the

data.

2. Choice of clustering method, which measures the mathematical similarity that captures

a data structure in the sense that a human might perceive it.
3. Definition of the cluster’s validity.

Clustering techniques belong to the class of unsupervised (learning) methods, since they do not
use prior class identifiers. Most clustering algorithms also do not rely on assumptions common
to conventional statistical methods, such as the underlying statistical distribution of data, and

therefore they are useful in situations where little prior knowledge exists.

3.3 Definitions and Notations in Cluster Analysis

Before identifying the cluster methods that can be used in identification problems and control
strategies, some definitions should be denoted.

3.3.1 The data used in clustering analysis

One of the important advantages of clustering techniques is that they can be applied to data that
is quantitative (numerical), qualitative (categoric), or a mixture of both. In this work, the
clustering of quantitative data is considered. The data are typically observations and/or records

of some physical process of a real system and/or control action. Each observation and/or record
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consists of » measured variables, grouped into an n-dimensional Euclidean space R” column
p

7 . .
vector z, =[z,;,2 52,1 , 2, € R". A set of N observations and/or records is denoted by

Z={z, |k=12,..,N}, and is represented as an nx N matrix:

2y Zp e Ziy
Zn  In 2N
Z= 3.1
L Za Zwa e Zay ]

In pattern recognition terminology, the columns of the matrix are called patterns or objects, the
rows are called the features or attributes, and Z is called the pattern or data matrix. The

meaning of the columns and rows of Z depends on the context of the classification problem.

3.3.2 Definition of clusters

Various definitions of a cluster can be formulated, depending of the objective of clustering.
Bezdek, (1981) defined a cluster as a group of homogeneous classes or objects that are more
similar to one another than to members of other clusters. The term “similarity measure” has an
important effect on the clustering results since it indicates which mathematical properties of the
data set, i.e. distance, connectivity, and intensity, should be used and in what way in order to
identify the clusters. Distance can be measured among the data vectors themselves, or as a
distance from a data vector to some prototypical object of the cluster. The prototypes (which are
usually the centres of the clusters) or centroids are usually not known beforehand, and are
sought by the clustering algorithms simultaneously with the partitioning of the data. The
prototypes may be vectors of the same dimension as the data objects, but they can also be

defined as “high level” geometrical objects, such as linear or non-linear subspaces or functions

(Babuska, 1998a).
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3.4 Fuzzy clustering

The objective of clustering methods is to perform a partition of the collection of elements in
Equation 3.1, into ¢ data sets with respect to a given criterion, where c is defined (given) as the
number of clusters. The criterion is usually to optimise an objective function that acts as a

performance index of clustering.

In classical non-fuzzy "hard" clustering analysis, the data are distributed into partitions such that
the degree of their association is strong within blocks of the partition and weak in different
blocks. In other words, each data sample is assigned to only one cluster and all clusters are
regarded as a disjoint gathering of the data set. In practice however, there are many cases in
which the clusters are not completely disjointed and data could be classified as belonging to one
cluster almost as well as to another. A crisp classification process cannot cater for such
situations, therefore, the separation of the clusters becomes a fuzzy notion, and the
representations of real data structures can then be more accurately handled by fuzzy clustering
methods. In these cases, it is necessary to describe the data structure in terms of fuzzy clusters.

Thus, the end result of the fuzzy clustering is the partition matrix U as in Equation 3.2.
U=[u, ]i=1...c, k=1..N (3-2)

where 4, is a numerical value in [0,1] i.e. u; €{0,1}, and expresses the degree to which the
element z, belongs to the i cluster. However, there are two additional constraints on the value

of 4, . First, a total membership of the element z, € Z in all classes is equal to 1.0 that is,
Duy=1  forall k=12,..N (3.3)
=1

Second, every constructed cluster is non-empty and different from the entire set; that is,
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N
O<Z,u,k <N forall i=12,...,c 3.4
p=)

A general form of the objective function is

c N ¢
V)=
k=

i=] 1 i=

glw(z, )ty ]-d(zy,v)) (3.5)
1

where w(z,) is the a priori weight for each z, and d(z,,v,) is the degree of dissimilarity

between the data z, and the supplemental element v,, which can be considered the central

vector of the ith cluster. The degree of dissimilarity is defined as a measure that satisfies two

axioms:
d(z,,v,)=20, d(z,,v;)=d(v;,z,) 3.6)
and thus it is a weaker concept than distance measures.

With the above settings, fuzzy clustering can be precisely formulated as an optimisation

problem:
Minimise  J(u,,v;), i=12,.,¢; k=12,.. N 37D

Figure 3.1 illustrates these types of clusters, with cluster centres V =[v,,v,] and partition

matrix U as in Equation 3.8.

U=['u” Hia o - ﬂm} (.8)
Hn Hyn - Han

In the literature numerous clustering approaches have been developed on iterative minimisation
of the criterion function (Equation 3.7). In this Chapter some of these approaches are introduced

in terms of their significance for the identification and modelling control strategies problem
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& 1-1
Z(ﬂik_ )" 'z,

) _ 4=l

4 N
1=-1ym
Z (#i
k=1

v : i=12,..c (3.10)

1
My =— , i=12..,c k=12,.,N (3.1

D (Dya /Dy )

J=1

where [ is the number of repeats and
2
Dy =l -vi[, =@ -v) Az, -v) (3.12)

is a square inner product distance norm.

The algorithm of the FCM approach is simply an iteration through the preceding three steps

which are summarised as follows:

Algorithm FCM:

Select the data set Z, allocate a number of clusters ¢ (2 <c< N ), the exponential weight

(l1<m <o), the termination tolerance £ >0 and the norm-inducting matrix A. Choose an

initial partition matrix U® .
Repeat for /=1,2,...

Step 1: Compute the fuzzy cluster prototypes -centres- (means) {vf’) |i=12,..,c} by
using U’ and Equation 3.10.

Step 2: Compute the distance using Equation 3.12.

Step 3: Update the partition matrix U™ by using {v? |i=12,..,c} and Equation 3.11.

until ”U’ UM <e
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The hard c-means (HCM) clustering algorithms can be considered as a special case of the fuzzy
c-means clustering algorithms. In Equation 3.9, if g, is | for only one class and zero for all
other classes, then the criterion function J(g,,v,) used in the FCM is the same as in the hard
c-means clustering algorithm. The use of membership values in the FCM method provides more
flexibility and formulates the clustering results in a more useful form in practical applications.
However, both algorithms are iterative, and therefore there are no guarantees that they will
converge to an optimum solution. The performance depends on the selection of the initial
positions of the cluster centres, thereby another fast algorithm can be use to determine the initial
clusters or to run HCM/FCM algorithms several times, each starting with a different set of
initial cluster centres. Moreover, an important parameter that has also to be selected in applying

these algorithms is the number of clusters. The number of clusters should ideally correspond to

the number of sub-structures naturally present in the data.

3.5.1 Inner-product Norms

The shape of the clusters is determined by the choice of the matrix A in the distance measured

(Equation 3.12). One choice of A is A =I. This induces the standard Euclidean norm:

Dy =z, -v,) (2, ~V,) (.13)

which actually stimulates hyperspherical clusters, i.e., clusters whose surfaces of constant

membership are hyperspheres.

A nxn diagonal matrix that accounts for different variances in the directions of the co-

ordinate axes of Z can also be as another choice of A:
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KU ) 0
0 (5, 0
A=| ' ' ' (3.14)
0 0 v (o) ]

This matrix induces a diagonal norm on R” .

Finally, A can be defined as the inverse of the #xn sample covariance matrix of Z: A=R",

where:

N
R=%Z(zk -Z)z, -2)" (3.15)

k=1

Here Z denotes the sample mean of the data. In this case, A induces the Mahalanobis norm on

R" (Bezdek, 1981).

Both the diagonal and Mahalanobis norms generate hyperellipsoidal clusters, the only
difference is that with the diagonal norm, the axes of the hyperellipsoids are parallel to the co-

ordinate axes while with the Mahalanobis norm the orientation of the hyperellipsoid is arbitrary.

The choice of which norm is the most appropriate depends on the data themselves. Euclidean
distance is the overwhelming favourite as it is considered to be closer to what human

observations are like. Mahalanobis distance is useful when there are large disparities in the

ranges of the measured features because it rotates the basis R” so that the data are scaled

equally and are pair-wise uncorrelated.

A common limitation of cluster algorithms based on a fixed distance norm is that such a norm

induces a fixed topological structure on R” and forces the objective function to prefer clusters

of that shape even if they are not present. However, a method using the norm-inducing matrix
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A can be adapted to the local topological structure of the data. This method can be used to

estimate the dependence of the data in each cluster as presented in the next Section.

3.6 Extensions of the Fuzzy c-m eans algorithm using Fuzzy Covariance Matrix

Several algorithms can be derived from the basic FCM scheme by adapting the inner-product
norm (Equation 3.12). The most used and successful clustering algorithms are the Gustafson
and Kessel (G-K) proposed by Gustafson and Kessel, (1979) and Fuzzy Maximum Likelihood
Estimates (FMLE) proposed by Bezdek and Dunn, (1975). Both algorithms recognise the fact
that different clusters in the same data set Z may have different geometrical shapes and in order
to detect them, the standard fuzzy c-mean algorithm is extended, by employing an adaptive
distance norm. The analytical description of these algorithms is outside the scope of this thesis,

however, some important aspects should be noted:

The fuzzy covariance matrix defined for the i,, cluster is for the GK method as in Equation 3.16

denoted as F,, whereas for the FMLE method as in Equation 3.17 denoted as X, .

N v
DY (2 -V )z - V)
F, = (3.16)

N
D )"
k=1

N
Z:uik(zk —-v; )z, -v)'
T =4 3.17)

i N
Z M
k=1

The difference between the fuzzy covariance matrixes F, and I, is that the latter does not

include the weighting exponent m. This is simply because the two weighted covariance
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matrices arise as generalisations of the classical covariance from two different concepts. Note

that the choice of weighting exponent m is as in the case of FCM algorithm i.e. 1<m <.

Each cluster has its own inner product distance norm. The first method is as in Equation 3.18

and for the second as in Equation 3.19.

D, =(z,—v,) |pdet®)""F |z, -v,) (.18)

expB(zk ~v) 2z, -v, )} (3.19)

In Equation 3.19 P, is the prior probability of selecting cluster i where the membership degrees
M, are interpreted as the posterior probability as described in Equation 3.20. In Equation 3.18

the cluster volumes p, are simply fixed at 1 for each cluster if no prior knowledge is available.
1 N
P= NZ Uy (3.20)
k=l

Note that Equation 3.19 involves an exponential term and thus D,iA'_ decreases faster for a

given change in distance measure than the inner product norm in Equation 3.18. Therefore the
clusters are not constrained in volume as may happen when using the GK algorithm. Thus, the
algorithm is able to detect clusters of varying shapes, sizes and distances. However, FMLE

needs good initialisations i.e., close to the optimal, as due to the exponential distance norm, it

tends to converge to a nearby local optimum.

3.6.1 Definition of the hyperellipsoids from the covariance matrix

Using Covariance Matrix algorithms, each cluster can be approximated as hyperellipsoid. The

eigenstructure of the cluster covariance matrix provides information about the shape and
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3.7 Determination of the number of clusters

The main disadvantage of the algorithms described in Sections § 3.5 and § 3.6 is that the
number c of clusters has to be known in advance. In many applications, this knowledge is not
available. However, the determination of the number of “natural” groups in the data is important
for the successful application of fuzzy clustering methods. A number of methods have been

proposed to determine the relevant number of clusters in the clustering problem.

External cluster validity measures is one of the techniques that are used to determine the
goodness and therefore the number of clusters (Xie and Beni, 1991). These methods assess the
validity of a given partition with a specific number of clusters considering criteria like the
compactness of the clusters and the distance between the clusters. A computational drawback of
cluster validity methods is the need for reparative clustering of the data using different number

of clusters each time.

Another approach, proposed by Krishnapuram and Freg, (1992), is called Compatible
Clustering Merging. The method determines the number of clusters based on starting with a
larger number of clusters than required, and then iterative merging of similar (compatible)
clusters until some threshold is reached and no more clusters can be merged (Kaymak and
Babuska, 1995). The key elements of this method are the criteria which measure the degree of
compatibility between clusters. This degree is actually determined on the basis of the
geometrical properties of the clusters, by analysing the eigenvalues and the unit eigenvectors of
the cluster covariance matrix. This method offers a more automated and computationally less
expensive way of determining the right partition by applying essentially a similarity measure
between clusters. However, the method realistically can be applied only in two or maybe three-

dimensional cluster space data, as it is hard to encounter geometrically similar clusters in a high

dimensional data space.
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A method called Mountain clustering is used in the work described here. The method defines
the number of clusters together with their relatively significance based on validity measures
(density) of clusters. The prototypes are defined from the peaks of the mountains resulting from

the mountain function. An analytical description of the method is discussed in the following

Section § 3.7.1.

3.7.1 Mountain clustering method

The mountain clustering method, proposed by Yager and Filev, (1994a); Yager and Filev,
(1994b), is a relatively simple and effective approach to approximate estimation of cluster
centres on the basis of density measure called the mountain function. The method is divided into

four steps:

e The first step involves forming a grid on the data space, where the intersections (nodes) of

the grid lines constitute the candidates for cluster centres, denoted as a set V.

e The second step uses the observed data to construct the mountain function. The height h of

the mountain function at anode v eV is as in Equation 3.22.

N ;""k “Zy ||2
hl(V)=Zl:eXp Y R

(3.22)

i=

where z,, is the ith data point in th dimensional data space and o is an application-

specific constant and determines the height as well as the smoothness of the resultant

mountain function.

The closer a data point is to the node the more it contributes to the score at the node. The

higher the mountain function value at a node, the higher is its potential to be a cluster

3-16



Chapter 3 Fuzzy clustering Methods as Techniques for Identifying and Modelling of Control Strategies

centre. Therefore, the value of the mountain function is related to the potential ability of a

grid point to be a cluster centre and it can be used as an indicator of the clusters.

e The third step is to use the mountain function to define the cluster centres. The first centre

¢, is the node, of the candidate centres ¥, and has the greatest value for the mountain
function i.e., ¢=max(m(v)). Obtaining the next cluster centre requires eliminating the

effect of the just-identified centre, which is typically surrounded by a number of nodes that
also have high-density scores. This can be done by revising the mountain function as in

Equation 3.23.

1 2
2 lve-el
s ’

hy(v) = (V) = h(c, Yexp| - T g>1 (3.23)

where g is the number of the cluster and £ is a positive constant similar to the parameter

o.

The subtracted exponential part of Equation 3.23 is a Gaussian function inversely

proportional to the distance between v and ¢, , as well as being proportional to the height

h(c,) at the centre. Note that after subtraction, the new mountain function /,(v) reduces to

zero at v=g,.

After subtraction, the ¢ cluster centre is again selected as the node in V' that has the largest

value for the new mountain function. This process of revising the mountain function and

finding the next cluster continues until a sufficient number of cluster centres is attained.

The main advantage of the mountain function method is that it does not require a predefined

number of clusters. It determines the number and the approximate position of the first ¢ cluster
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centres that satisfy the stopping rule (the height of the mountain), starting from the highest ones,
which is characterised with a maximal value of the mountain function at nodes ¥ . It can
therefore be used to obtain initial cluster centres that are required by more sophisticated and
accurate cluster algorithms such as FCM, G-K, FMLE introduced in Sections § 3.5 and § 3.6. It
can also be used as a measurement method to define the importance of the subspace clusters.
Moreover, the number of the most significant mountains can be used in decisions related to the
cluster centres and/or membership functions merging as is discussed in Section § 3.10 and

therefore to define the appropriate number of the generated rules.

Remarks

¢ A finer gridding increases the number of potential clustering centres, but it also increases
the computations required. The gridding is generally evenly spaced, but it is not a
requirement. If a priori knowledge of data distribution is available, an unevenly spaced

gridding can be used.

e It is evident from the construction of the mountain function that its values are

approximations of the density of the data points in the vicinity of each node.

e The method is actually based on what a human does in visual forming clusters of data set.

High density in the subspace of a control action means high importance.

e The parameters & and B are chosen by the operator on a trial-and-error basis. However,
when the method is applied to high dimensional data space this may become a difficult task
for the operator and as a result some approaches have been introduced to set these

parameters (Yager and Filev, 1994a); (Lori and Costa Branco, 1995).
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3.8 Data Normalisation

In the literature on pattern recognition, it is often suggested that the data should be appropriately
normalised before clustering (Jain and Dubes, 1988). Thus, considering Equation 3.1, the kth
pattern is denoted by the column vector and the jth feature value for the kth pattern is denoted
by z,. The simplest type of normalisation is the subtraction of the feature average z; as in
Equation 3.24. This normalisation makes the feature values invariant to rigid displacements of
the co-ordinates. The asterisk denotes the “raw” or unnormalised (unscaled) data. Another type

of normalisation which is the most used, translates and scales the axes so that all the features

have zero mean and unit variance as described in Equation 3.25.

Z, =2y ~Z, (3.24)

z, =-+—~ (3.25)

The jth feature average, z, and the jth feature variance, 0'12» , are defined as the sample mean

and the sample variance for the jth feature (Equation 3.26 and Equation 3.27).

z; = (1/n)Z]:zjk (3.26)

ol = (1/n)g(z;,( -z,) (327

Normalisation, however, is not always desirable, as it may influence the result of clustering
when the separation between clusters is altered. Distance norms are sensitive to variations in the
numerical ranges of the different features. For instance, the Euclidean distance assigns more
weighting to features with wide ranges than to those with narrow ranges. The result of

clustering can thus be negatively influenced by, for instance, choosing different measurement
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units. Nevertheless, clustering algorithms that are based on adaptive distance measure are less
sensitive to data scaling, since the adaptation of the distance measure automatically

compensates for the distance in scale.

3.9 Projection of cluster centres and variances

The clusters that are defined using the methods discussed in the previous sections may
incorporate linguistic meanings for the input/output relationships of a system. These clusters
can actually be described as membership functions that are often assigned by linguistic labels
and thus gives a transparency into a system’s analysis, i.e. easy to read and interpreted by
humans. In one-dimensional domains labels such as “low”, “medium”, “high” etc are frequently
used. However, it is often difficult to specify meaningful labels for membership functions with
higher n-dimensional domains. The projection, therefore, of these memberships onto the n
measurement variable axis can produce membership functions with corresponding linguistic
terms. There are different types of projection that mainly depends on which clustering method is

being used to identify the cluster centres and variances. The most used projecting methods

recommended in literature are described in the following:

1. If only the c cluster centres are considered, i.e. using FCM method (Section § 3.5), their
projections on each dimension n define the peak values pl {i=,..,c,j=1,.,n} of the

projected membership functions. Moreover, sorting these values on each dimension as in

Equation 3.28, the membership functions such as triangular are constructed with 1/2

overlap using Equation 3.29.

p! <pl vj (3.28)

o (v =ply v -p)
ﬂif(vf):max[o,mm[ - l;j],pj Z i H (3.29)
Pi —Piu i T P+l
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2. In cases where approximation of clusters are hyperellipsoids, as described in Section §

3.6.1, their projections onto each domain axis will produce symmetric membership
functions with the peak point p/ {i=1,....c, j=1,...,n} being the corresponding component
of each cluster centre. The left and right fraction of the membership functions defined from

the eigenstructure of the cluster covariance matrix for each hyperellipsoid is as in Equation

3.30 and Equation 3.31.

Orright = O = Ly |cos & [ +L, |cos ¢2| (3.30)

52high =Sy =1L

costZ - )

+L,

cos(% -4) (3.31)

Figure 3.3 illustrates schematically the projection of an ellipsoid on axes X, and X;.

Note that in both cases it is recommended to add two modal values into the extremes of each

universe of discourse to ensure full coverage of the input space. Thus,

J - : J

pq = min u, (3.32)
i~ j

Pl kgll,%vu" (3.33)

where u] is the kthcluster data in jth dimension space and the trapezoidal membership

function at the extremes of each universe of discourse is as in Equation 3.34 and Equation 3.35.

J_
ul(v)= max{o,min[ vj _plj ,lﬂ (3.34)
Py — Pi
. [ v -p!
/‘lc{+l (vj ) = max|:0, mln[ﬁ,l]} (33 5)
c+ c
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Figure 3.3 Schematic demonstration of projection of an ellipsoid on axes X, and X;
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3.10 Merging Membership Functions Method

By reducing the number of projected membership functions in the input/output domain, the
number of fuzzy rules the are produced is reduced. One way to do this is to merge the
neighbouring fuzzy sets with regards to the similarity between them. In this context, similarity
between fuzzy sets is defined as the degree to which the fuzzy set are equal in terms of
distinguishability or in terms of compatibility (Satnes ez al, 1998). Therefore, the similarity

measures for fuzzy sets are divided into two main groups (Zwick et al, 1987):

i) geometric similarity measures that are suited for measuring similarity (or dissimilarity)

among distinct fuzzy sets,

ii) set-theoretic similarity measures that are most suitable for capturing similarity among

overlapping fuzzy sets (a cross-point level) that describe almost the same region in the

input/output domain variable.
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The geometric similarity measures represent similarity as proximity of fuzzy set and not as a
measure of equality. The interpretation of similarity as “approximate equality” can be better
represented by the set-theoretic similarity measures based on operations such as union and
intersection. They also have the advantage above geometrical measures that scaling and

ordering of domain does not influence them.

Several merging methods have been proposed in the literature using set-theoretic similarity
measures preserving, however, the distinguishability and the justifiable number of elements on
each input domain to guarantee the semantic integrity. Chi et al, (1996) merged triangular
neighbouring membership functions that resulted in trapezoidal. Espinosa and Vandewalle,
(1999) use a merging algorithm called FuZion that considers the closeness between the peaks of

the membership functions.

In this work it is proposed that the merging between neighbour membership functions should be

achieved according to:
a) their closeness,
b) the number of clusters that results from the “highest” mountain functions and
c) the linguistic interpretation of the generated fuzzy sets.

Close membership functions can be considered as those that have high degree of overlapping
7. Thus, if > p then merge the modal values m__ and m, (see Appendix C). where p is
set by the designer and is 1> p > 0.5. Figure 3.4 illustrates a merging between membership
function with high overlapping. The number of final fuzzy sets (after merging) should not be

more than the number of the proposed cluster centres measured by using the height /2 of the

mountain function (Equation 3.22, Equation 3.23) as mentioned in Section § 3.7.1. Finally, a
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group of fuzzy sets may imply the same linguistic interpretation and their merging is made

according to this observation.

Figure 3.4 Membership functions before and after merging

3.11 Generate fuzzy rules from n-dimensional input/output clustering data

In this section a systematic methodology is proposed to identify a control strategy using data
(experimental or not) resulting from multidimensional input/output space. The method uses a
numerical data to approximate linguistic fuzzy rules to investigate the interpretation between

input/output relationships. The main steps of the proposed method are as follows:

1. Define the multidimensional input/output space with &—input and w — output variables.

Thus, for the inputs

U=| . (3.36)

where U e R®

For the outputs

3-24



Chapter 3 Fuzzy clustering Methods as Techniques for Identifying and Modelling of Control Strategies

hg!

Yy |

where Y e RY

2. Collect the number of points of the observations N for each input variable

U =W Uty ] kK =1{L,..,E}

and for each output variable

Vo= Yiseoywls A={L...iw}

337

(3.38)

(3.39)

For each output y, and all input variables, the patterns or data matrix Z is constructed as

in Equation 3.40.

L Vat

where Z, € R*"

Yaw |

(3.40)

This matrix is actually a spatial representation of the data samples of the £ +1 dimensional

space.

3. Clustering is the first step in the analysis of the data classification presented in Equation

3.40. There are no specific rules about which cluster analysis method(s) to be used.

Different algorithms produce different partitions of the data, and it is difficult to decide
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which is the most suitable. It mostly, depends on the “gquality” and the “quantity” of the

available data and what actually is the objective of the analysis. Table 3.1 presents the most

used clustering algorithms highlighting some of their most important characteristics.

Furthermore, a general guideline to which type of cluster algorithms and their analysis for

identification and modelling of control strategies is proposed:

a)

b)

Using Mountain Clustering Method (Section § 3.7.1) the number of clusters and their
approximate places of prototypes can. be defined. These are two very important
parameters that other more accurate and reliable cluster analysis algorithms need to start
with. With this method the weight of each cluster is also defined and used in the cases

of merging the cluster prototypes and/or membership functions as discussed in Section

§ 3.10.

FCM clustering algorithm is employed to define the prototypes of the clusters as
introduced in Section § 3.5. However, using Fuzzy Covariance Matrix such as
Gustafson-Kessel’s and/or FMLE, the centres V¢ are detected together with the
variance of clusters among different geometrical shapes as discussed in Section § 3.6.
These centres and variances reflect the actual data distribution in the input/output
space. The initialisation of the partition matrix and the number of clusters are defined

from the resulting Mountain Clustering Method. Thus,

1
vi v, .. .Y

Ve=| . . . . (3.41)

+1 £+1 ¢+l
& V3 P

where Ve e R
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4. Projecting the cluster centres and variances, into the input/output spaces, the membership
functions for each input are generated as discussed in Section § 3.9. The peak values p; are

equal to the cluster centres in the input spaces as in Equation 3.42.

pl =v/, i=l,.,c j=1.,E (3.42)
and in to the output space as in Equation 3.43

pl=v/, i=l...c j=&+1 (3.43)

For the projections in the output dimensional spaces two different cases should be

considered:

a) If the projections define membership functions, then their peaks are in Mamdani type
fuzzy systems as in Equation 3.42, Equation 3.43 and in the antecedent part of the T-S

fuzzy systems as in Equation 3.42.

b) If the projections define singleton values 57", as in Takagi-Sugeno (T-S) fuzzy

systems, then their values are as in Equation 3.43 and therefore 5770 = pitt.

5. Merging neighbouring membership functions method is used to reduce the number of

membership functions and therefore the number of rules as described in Section § 3.10.

6. The resulting membership functions and/or singletons in all dimensional spaces associated

by linguistic labels (i.e. SMALL, MEDIUM, BIG, etc).

7. The rule base is constructed using all the possible combinations between the input

membership functions for the antecedent part. This guarantees the completeness of the rules

and full coverage of the working space. Thus, the rules R, take the form:
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—&+1
)

R.: If u,is u and u,is y} and ... and uy is uf then 3, ={ "
S

where / is the observer point in the input/output variable £ and & +1 respectively and r is

the number of rules.

Note that zhave been defined in Equation 3.29, Equation 3.34 and Equation 3.35.

The evaluation of antecedents of each rule can be expressed in terms of the min, max and

product operation as in Equation 3.44, Equation 3.45 and Equation 3.46 correspondingly.

2y (uay) = min (] Qg )s pa7 oy Do 15 (1)} (3.44)
()= max {(4 (uy), 47 (uy Doooos if (ug)} (3.45)
() = (g (i) 2] iy ) 15 (1) (3.46)

8. If the fuzzy system that is been considered in the construction of the fuzzy rules is defined
by the Mamdani model, various defuzzification methods could be used depending mostly of
the priori knowledge of the system (Passino and Yurkovich, 1998). However, if the fuzzy
systems is defined by the T-S model, the singletons used in the consequence part of the

rules and the output of the fuzzy system is calculated as in Equation 3.47.

Zﬂl ()57
fu)=r—— (3.47)

Z wy(y;)
i=1

where 4,(u,) is defined in Equation 3.44 to Equation 3.46.
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9.

(An optional step). The generated membership functions and/or singletons, using clustering
methods, can be tuned to improve their performance by using the data Z, in Equation 3.40
as training data. The most widely used techniques in these types of problems are gradient
methods where the position of the modal values are trying to be optimised (Driankov et al,
1993), (Chi et al, 1996). Hence the gradient optimisation method tries to pick the

parameters ¢ to construct the fuzzy system f(u, | @) that gives the best approximation (i.e.

make f(u,|@) ascloseto Z, as possible).

Considering the error between the output of the fuzzy system f(u, | ¢) and m trained data y

the gradient method seeks to minimise e,, (Equation 3.48) by choosing the parameters ¢ .

1

ew=3lr " 19)-»" [ (3.48)

In a fuzzy system these parameters can be the singletons and/or the parameters of the
membership functions. The update law for both membership functions and singletons are
described analytically in Appendix D. Another approach would be to minimise the sum of
such error values for a subset of the data Z,; or all the data in Z,; however, with this
approach computational requirements increase and algorithm performance may not have

significant improvement (Passino and Yurkovich, 1998).
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Algorithm Prototypes Advantages Disadvantages Inventor(s)
Initialisation
Unknown Unrealistic and thus
Hard c-means | It can be inapplicable in real Dunn (1974)
random problems
Unknown Data can be member of | Detects clusters of fix Defined by
Fuzzy c-means | It can be more than one cluster shapes Dunn (1974)
random with different degree. Generated by
More flexible than “hard” Bezdek
and more useful in (1981)
practical applications
Mountain Not needed Detects cluster Not very accurate in Yager & Fiver
Method prototypes and their definition of the cluster | (1992)
approximate position prototypes
Detects clusters of Slow for a large data
Gustafson- Unknown varying shapes and sizes. | dimension nand large | Gustafson-
Kessel It can be However, the size of the | number of clusters, Kessel (1979)
random clusters is limited. Not applicable to linear
Not sensitive to scaling problems,
of the data. Find clusters for
approximately equal
volumes
Fuzzy Unknown Detect clusters of varying | Generates almost crisp | Bezdek &
Maximum Needs to be shapes, sizes and partitions, Dunn (1975)
Likelihood good densities (volumesp ) Sensitive to the initial
Estimates conditions

3.12 Discussion

Table 3.1 Clustering Methods

As in any optimisation method, the proposed algorithmic method depends of the availability of
“good” data. "Good" data implies data that has been extracted from full “control excitation” of
the observed system. Good data are also those that result from well distributed input data. Note
that the clustering methods optimise the cluster prototypes and variances cotrectly in a linguistic
sense only if the input data measurements are well distributed, otherwise the cluster algorithms
may be biased into the subspace (cluster) constructed from the input data that are most
frequently measured. It is a good idea therefore to collect as much data as possible from the
expert’s control action and then use them only after equal distribution. Data that are close to

each other can be merged or only one can be considered.
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The mountain method is used in this proposed method as it gives the ability to observe the
possible number of the prototypes using the graphical representation of the mountains.
Moreover, the approximate position of the cluster centres is obtained. The accuracy of this is
highly dependent on the density of the grid. It is however not critical as the Gustafson-Kessel
and FCM algorithms can define the prototypes with high accuracy. Gustafson-Kessel and FCM
algorithms are used, as they are well known and the most widely used clustering algorithm.
Some approaches that improve the above algorithms can be found in literature and may be used
instead for specific problems. However, the proposed method uses Gustafson-Kessel and FCM

and so does not lose its generality.

The merging method as proposed is actually a combination of the mathematical/geometrical
similarity of the fuzzy sets together with their linguistic interpretation. It is believed therefore
that what should be considered most (mathematical/geometrical similarity or linguistic
interpretation) is depended on what is available most. Note also that the merging method is one
of the best ways to minimise the number of fuzzy sets, which results in the reduction of the

number of the rules of the constructed fuzzy system, and thus its complexity.

The use of gradient descent methods guarantees convergence to a *“local minimum” making the
optimal solution close to the initial solution and hence there are no guarantees that will succeed
in achieving the best approximation. This is the reason to indicate this step as optional, because
the expected improvement in the solution will not be very significant for many applications,

especially if there is more interest in the linguistic description of the rules.

Note finally that using optimisation methods such as gradient methods to define the modal
values of the antecedents/ consequences means that the resulting model of the control system is

highly dependent on the available training data.
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3.13 Summary

In this chapter a small introduction to the basic theory of cluster analysis is presented.
Investigation of the most basic and widely used fuzzy cluster algorithms such as “hard”
clustering, fuzzy c-means, Gustafson-Kessel and fuzzy maximum likelihood estimates is
undertaken. Their advantages and disadvantages are discussed as well as their possible
applications in identification problems based on input/output mapping data. The effect of
normalisation to the clustering methods is also pointed out and therefore its use or not in
different types of cluster analysis algorithms is discussed. A well-known method called
“mountain” is briefly presented and proposed as the one to determine and define the number
and the approximate positions of the cluster prototypes. The generation of the fuzzy sets out of
the projection of the cluster centres and variance is also presented. Merging technique to
minimise the number of generated membership functions is proposed. A systematic
methodology to construct an identification method of fuzzy control strategies based on
availability of input/output mapping data is also proposed. Some points about the proposed
method are finally discussed. In the next chapter the proposed method is applied to identify an

underwater vehicle’s control strategy in terms of avoiding objects.
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Generation of fuzzy rules for
“Avoiding Objects” Control
Strategy using 3-D
input/output data space

4.1 Introduction

In Chapter 3 Section § 3.11 an algorithmic methodology is proposed to identify fuzzy control
strategies using any n-dimensional input-output space. In this Chapter the proposed methodical
steps, are applied to identify an underwater robots’ (GARBI) control strategy to avoid objects
(Figure 4.1). This application involves one of the most common cases in robot navigation

problems. The objective, therefore, is to identify the fuzzy rules that the operator uses to

construct the control surface.
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4.2.1 Definition of data samples and construction of the control surface

The strategy of the output control action is based on two inputs: distance d, and angle 6°

between the robot and the objects. Therefore, the multidimensional input/output space is
constructed by two-inputs and one-output variables. Thus from Equation 3.36, the input matrix

is defined as in Equation 4.1

H
U= .1

where U € R?

and for Equation 3.37 and 3.39 the output vector is defined as in Equation 4.2

Y =[Ctridction] =y 5.1, Y5 25w V00 | 4.2)
For the distance 4, and angle 8° input variables, the vectors for 400 observations are

constructed for Equation 3.38 as in Equation 4.3

d, = [do(“) N S . J, 6 =821:002.2)5+ 82,000 ) (4.3)

and therefore the data matrix Z of Equation 3.40 is constructed as in Equation 4.4.

%1y %2 77 0(1,400)
Z=05y 6ny - - - 82,400) (4.4)
Yoy Yoy - - - Y3400

Simulating the operator’s control actions using the yaw model of GARBI, developed in Chapter
2, generates the data. Therefore the data is distributed in 3-dimensional space as illustrated in

Figure 4.2. The co-ordinates are defined by the distance d,, the angle 6° and the control action.
The domain of the distance d, is within 10m, for the port side of the robot the angle 6° is

within [0°,~108°] and for the starboard side it is within [0°,108°] and the control action is a
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4.2.3 Applying Gustafson-Kess el method and conducting the rest of the steps of the

proposed algorithmic approach

The Gustafson-Kessel algorithm is applied to detect the cluster centres of the data as illustrated
in Figure 4.9. The data have been normalised using Equation 3.25. The number of prototypes is
defined as five as discussed in Section § 4.2.2. As explained in Section § 3.6.1 the covariance of
the pattern classes in the data can define ellipsoidal patches. The eigenvectors and eigenvalues
of the covariance matrix define the ellipsoids in the 3-dimensional input-output space as in
Equation 3.21. These ellipsoids are shown in Figure 4.10 to Figure 4.12 in all combinations of

2-dimensional planes i.e. d,-68°, d,-Ctrl action, 6°-Ctrl action respectively. The ellipsoidal

are projected into the input (distance d, and angle &°) and output (Ctrl action) axes to form the
fuzzy sets. These projections create symmetric membership functions as explained in Section §
3.9 and shown in Figure 4.13(i) and Figure 4.14(i) with the peak point of the cluster centres and
the left and right fractions defined as in Equation 3.30 and Equation 3.31. Note that to obtain
full coverage of the input-output space, two modal values are added to the extremes of each

universe of the discourse.

The membership functions in Figure 4.13(i) are merged considering the closeness between
them, regarding the number of the prototypes that are defined using the mountain clustering
method and observing their linguistic interpretation. Thus inFigure 4.13(a,ii) five fuzzy sets are
generated which linguistically implies five different distances such as Very Far (VF), Far (F),
Close (C), Near (N), Very Near (VN). In Figure 4.13(,i}) the generated fuzzy sets have four
different angles zones i.e. Front Left Zonel (FL Zonel), Front Left Zone2 (FL Zone2), Left (L),
Back Left (BL). Note that the two triangular membership functions that are applied for high
values of the angle universe of discourse do not have very high degree of overlapping

(approximately 70%). However, it was decided that they should be merged as in the Back Left
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zone the control action is not so significant for the controller to avoid objects as the vehicle

mainly moves in the forward direction.

For the output control actions, singletons generated from the peak values of the membership
functions were constructed after merging the initial fuzzy sets resulting from the projected
cluster prototypes and ellipsoids as illustrated in Figure 4.14. It was decided that singletons
would be used as it is recommended in fuzzy control systems producing faster processing time
(Espinosa and Vandewalle, 1997), (Jantzen, 1998). Moreover, it makes it easier to improve the
performance of the fuzzy system using optimisation methods such as Gradient method as

introduced in Section § 3.11.

Defining the linguistic meaning of the generated fuzzy sets, the rule table can be constructed as
in Table 4.1. The singleton value -100 represent the control actions that drives the vehicle
Very Fast Backwards (VFB) and Turning the vehicle Very Fast Right (TVFR). The next three
singletons value -52.19 , —23.61 and —-9.35 are used for Turning the vehicle Fast, Medium
and Slightly Right (TFR), (TMR), (TSR) respectively. The positive values of the singletons i.e.
50 and 9.27, define the action to Go Forward with Fast (GFF) and low (GF) speed

respectively.

The diagonal equality of singletons is a standard way in design rule base table in fuzzy control
systems. The table is constructed setting the linguistic labels in order. Thus, as can be observed
from Table 4.1 the input referring to the distance is positioning from VN to VF and the input

referring to angle is positioned in order from FL to BL.

To define the control action of the propellers, the Takagi-Sugeno (T-S) fuzzy system is used
where the defuzzification obtained using Equation 3.47. Therefore the resulting control surface
and control output data distribution (Figure 4.15) produced by the Fuzzy System uses the

membership functions and singletons generated by the G-K method as well as the rule table
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(Table 4.1). The input values of the distance d, and the angle 6° are the same as in Equation

4.1.

The average percentage error (APE) is employed as a performance index (Jang et al, 1997)

defined as in Equation 4.5.

Z I7(i)-0G)

x100% 4.5
i=} T( ) ( )

where P is the number of the input/output data, T'(i) is the desired output data and O(i) is the

predicted output data. The APE is therefore 0.0586% that means that the data of resulting fuzzy

control action Figure 4.15 is very close to the original ones as defined in Equation 4.1 and

illustrated in Figure 4.2.

To improve the performance of the constructed Fuzzy Control System the gradient method is
applied to re-optimise the singletons and the parameters of the membership functions as

explained in the 9 step of Section § 3.11 and Appendix D.

When the aim is to optimise only the singletons, the initial values of the singletons are those
defined in Table 4.1. The final optimal values after 120 iterations are as in Table 4.2. The
resulting control surface and control output data when the singletons are optimised are
illustrated in Figure 4.16. The APE in this case is 0.0519% which means that some small

improvement is obtained using gradient method.
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0 | Front Left | Front Left Left Back Left

d, Zone 1 Zone 2
Very VFB TVFR TFR TMR
Near -99.16 -93.66 -31.78 -23.61
Near TVFR TFR TMR TSR

-82.81 -55.23 -32.19 -15.22
Close | TFR TMR TSR GFF

-45.12 -35.06 -16.05 49.67
Far TMR TSR GFF GF

-32.65 -15.98 48.26 7.51
Very TSR GFF GF GF
Far -15.83 43.69 6.15 6.50

Table 4.2 Optimised Singletons using Gradient method

4.2.4 Applying Fuzzy C-Means method and conducting the rest of the steps of the

proposed algorithmic approach

Two different cases are investigated in this section regarding the definition of the cluster’s
number and their initial values using the mountain method. The first case uses five prototypes
and the second nine respectively. Note that in both cases the fuzzy sets are formed by projecting
the cluster centres into the input (distance d, and angle €°) and output (Ctrl action) spaces.
The resulting membership functions are triangular with the peak point as the cluster centre and
the left and right fraction defined from the neighbouring cluster centres as described in Section
§ 3.9. The merging method for the membership functions is applied as discussed in Section §
3.10 i.e. considering their proximity, the definition (using the mountain method) of the number
of prototypes and the linguistic interpretation. The use of singletons and the design of the rule
base construction are as discussed in Section § 4.2.3. The Takagi-Sugeno model as in Equation

3.47 is also applied to define the control action of the propellers. The input data i.e. distances
d, and angles 6° are used as in Equation 4.1 in the application of the fuzzy system that

generates the output of the control action and thus the control surface.

4-19



Chapter 4 Generation of fuzzy rules for “Avoiding Objects” Control Strategy using 3-D data space

The identification results are presented for the first case in Section §4.2.4.1 and for the second

case in Section § 4.2.4.2.

4.2.4.1 Five prototypes

In this case the five prototypes resulting from the mountain method (see Figure 4.7) are used as
the initial ones for the FCM algorithm. The resulting cluster centres from this algorithm are as
illustrated in Figure 4.17. Figure 4.18 (i), (ii) and (iii) illustrate the projected clusters
constructing the membership functions in distance d,, angle 6° and Ctrl action axis
accordingly. After applying the merging method, the final membership functions are four for
both inputs and five for the output (see Figure 4.18 (a), (b) and (c). Thus the linguistic
interpretation of the input membership functions for the distance d, are named as Far (F),
Close (C), Near (N) and Very Near (VN) and for the angle #° Front Left Zonel (FL Zonel),
Front Left Zone2 (FL Zone2), Left (L), Back Left (BL). For the output, the resulting singletons
come from the peaks of the output membership functions. Thus their linguistic meaning are set
as Very Fast Backward (VFB) (value -100 ), Turn the vehicle Very Fast Right, Fast and
Medium Right (TVFR), (TFR), (TMR) (values —64.671, —64.671, —22.52 respectively) and
Go Forward Fast (GFF) and low (GF) speed (values 50 and 5). The rules therefore are
constructed as in Table 4.3. Simulating the control action for the set inputs the control output
data and the control surface of the (T-S) Fuzzy System is defined as illustrated in Figure 4.19.
From Equation 4.5 the average percentage error (APE) is APE =0.0789% . This APE is very
small and implies that the data of the fuzzy control action (Figure 4.19) is very close to the

original ones (Equation 4.1).
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4.3 Discussion

As mentioned in the introduction of this chapter (Section § 4.1) the case study is to identify a
control strategy to avoid objects for GARBI underwater vehicle based on the operator’s control
actions data. In other words the objective of this case study is to identify fuzzy rules that the
operator could use to construct the control action as in Figure 4.2 using the proposed
methodology as discussed in Section § 4.2. Discussion of some of the applied steps of the

method as well as the results is presented in this Section.

The graphical representation of the mountains using the mountain function assists the designer
to make decisions about how many clusters should be considered for further analysis. Thus,
executing the algorithm, a large number of clusters were defined initially but only the first nine

were considered as the rest of them had very small and thus insignificant heights.

The proposed method splits after the 3™ (a) step, of the proposed methodology described in
Section § 3.11, in three different cases i.e. applying a) Gustafson-Kessel method (Section §
4.2.3), b) FCM considering five cluster prototypes (Section § 4.2.4.1) and c) nine cluster
prototypes (Section § 4.2.4.2). The resulting control surfaces in the first (see Figure 4.15),
second (see Figure 4.19) and third (see Figure 4.22) case are very satisfactory as they are very
close to the original ones in Figure 4.3 with APE=0.0586%, APE=0.0789% and
APE =0.0817% respectively. The most satisfactory result is that which results from using the
Gustafson-Kessel method, due to its ability to optimise clusters with non-fixed topological
structure on n-dimensional space. Note that the representation of non-linear data distributed as
in Figure 4.2 is closer to ellipsoid than spherical shapes. However, even when the FCM was
used as the cluster method, the result was still satisfactory in both cases of 4x4 (Table 4.3) or

5x 4 (Table 4.4) rule tables. Therefore, some flexibility exists in terms of the choice of the used

methods listed in the proposed methodology.
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By applying the gradient method in the output singletons, the performance is improved with
APE = 0.0519% . However, this improvement it is not considered very high regarding the time
consumed for running the algorithm as well as the risk of the singletons losing their linguistic
meaning. Moreover, the gradient method algorithm was applied also to the input sets and to
both input and output sets. In both cases the degree of modifications to some of the membership
functions is very high losing therefore their initial linguistic meanings. Furthermore, the

resulting control surface is not significantly improved.

From the above analysis of the results, therefore, it can be remarked that by using clustering
methods the generated membership functions are close to the “original” ones that the system
could originate from. Additional optimisation improvements such as gradient method should be
applied only in the consequent part of the rules and only if the APE improvement is

significantly big.

The data was normalised when the G-K algorithm was applied since it uses an adaptive distance
measure method and thus does not influence the result of clustering. However, when applying
the FCM algorithm the data was not normalised due to the drawback of using Euclidean

distance as discussed in Section § 3.8.

Finally note that the control surface defined in Figure 4.3 is an approximate one as the input
output data are not exactly distributed equally (see Figure 4.2). Positioning the input data into
equal points and the output data accordingly therefore construct the surface (Figure 4.3).
However, the only use of this surface is just to compare visually the generated surfaces (Figure

4.15, Figure 4.16, Figure 4.19, Figure 4.22) with the initial one (Figure 4.3).
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4.4 Summary

In this chapter the proposed systematic methodology to construct an identification method of
fuzzy control strategies based on availability of input/output mapping data is applied in the
“avoid object” problem for an underwater vehicle. The steps of the method are consequently a)
collection of the simulating data of the control action, b) definition of the number and the initial
approximate positions of the cluster prototypes using mountain method, ¢) used of Gustafson-
Kessel and FCM method to obtain the actual positions of the cluster prototypes as well as their
variance using a case of five and nine clusters, d) projection and merging of the generated fuzzy
sets, ) construction of the rule table and finally f) use of gradient method to improve the
performance of the resulting fuzzy control system (only in the case of the singletons resulting
from G-K method). The results are presented analytically and discussed analysing the success

and applicability of the proposed method in modelling of non-linear operating control strategies.
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The Design & Tuning of
Control Systems using Fuzzy
Logic & Taguchi Method

5.1 Introduction

This chapter presents an innovative approach to determine the optimal parameters of control
systems in terms of robustness and tuning characteristics. The approach is based on the Taguchi
Design of Experiment method that uses the minimum number of experiments, analyses the
results of each performance criterion, investigates the significance of the parameters/factors of a
system as well as factor interactions and their optimal levels with regards to their robustness. A
design method of how to construct the fuzzy rules to tune the factor levels is also proposed. A
method called a FCSS is then used to define the weights of the factor levels, which are related
to the performance characteristics of the system. As an example the proposed approach is

applied to the optimisation of parameter tuning used in fuzzy-like PD controllers. The
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qualitative and quantitative analysis of the interaction between the tuning parameters is usually
not considered during the design of FLCs due to their complexity. This chapter introduces
methods to overcome this difficulty. The results are satisfactory in terms of improvement in
IAE and ITAE performance indexes. The proposed synergetic approach can be used as a

general approach for any parameters of the FLCs, which may be of interest to be studied as

tuning factors.

Fuzzy logic controllers (FLCs) have been one of the most successfully used controllers in a
large number of complex and non-linear systems (Sugeno, 1985). The design of FLCs is based
on the idea of mimicking the control actions of the human operator, which are implemented as a
collection of If-Then control rules that are directly encoded into a control algorithm. In this case,
a priori knowledge from experts is used and the final controller performs nearly as well as the
operator. The performance of this type of controller is successful where the system is non-
linear, partly known and difficult to describe by a "white box" model. However, the method is
highly dependent on expert knowledge and sufficient knowledge of the operator(s), which may
be problematic, since the human control skills can be difficult to verbalise or explain
reasonably. Moreover, when the system is non-linear the parameters of the FLC need to be
robust and tuneable. Therefore, a systematic way to design and/or modify FLCs needs to be
applied. An approach is proposed in this thesis based on design of experiments and their
analysis, including studying the results of the set performance criteria. This analysis is used to
assist an analytical methodology to optimise the tuning parameters of a FLC with respect to

their significance, their interacting effects and their robustness characteristics.

Robustness is a key aspect in fuzzy logic type controllers. Realising that exact knowledge of
non-linear systems is almost never available, robust control methods take into account the
uncertainty and disturbances of the system, measured by the performance description and try to
make the controller less sensitive to parametric variations. In a FLC system, robustness reflects

the ability to resist disturbances or abrupt chances in a fuzzy input. A number of factors may
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affect this property, including the control resolution, the partition of the input space that is
related to the Scaling Factors (SFs), the number of control rules, and the membership functions
of the fuzzy sets. Since the control resolution and the number of control rules are often
determined by other design objectives, they can be difficult to use for improvement in
robustness. This leaves modification of the partition of the input space of the SFs and of the
fuzzy membership functions’ factor levels as the most readily accessible approaches(Yan et al,

1994).

Tuning a FLC system is a fundamental problem due to its design structure, which involves a
large number of degrees of freedom. Fuzzy and/or non-fuzzy logic techniques can be used for
the tuning of fuzzy controller's (He and Xu, 1993). Due to the difficulties in building a tuning
controller for non-linear and/or high-order systems, a robust tuning scheme for FLC's is needed,
which would be applicable irrespective of the nature of the processes and the structure of the
FLCs. Its overall design may include two levels of controller tuning. The first level of tuning is
the determination of the shape and the number of membership functions, T and S norms,
aggregation methods. The second level is the tuning of equivalent gain parameters. This
includes the input and output SF's and other gains used in building the structure. Therefore,
FLCs have no fixed design structures like conventional PI, PD, and PID controllers. However,
its large number of degrees of freedom gives high flexibility to choose the tuning factors for the

fuzzy system, and also demands systematic criteria to define the most suitable tuning

parameters.

The proposed approach presented in this thesis is based on the synergy between the Taguchi
Design of Experiments method together with the Fuzzy Combined Scheduling System approach.
The technique of laying out the design of experiments involving multiple factors/parameters
was first proposed by Ronald (Fisher, 1935). The method is popularly known as factorial design
of experiments. A full factorial design will identify all possible combinations for a given set of

factors. When a significant number of factors is used, a full factorial design results in a large
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number of experiments. This is a time consuming procedure and in order to reduce the number
of experiments to a practical level, only a small set from all the possibilities is selected. The
method of selecting a limited number of experiments, which produces the most information, is
known as a fractional factorial experiment. Although this method is well known, there are no
general guidelines for its application or the analysis of the results obtained by performing the
experiments. Taguchi envisaged a new method of conducting the design of experiments, which
are based on well-defined guidelines. This method uses a special set of arrays called orthogonal
array. These standard arrays stipulate the way of conducting the minimal number of
experiments, which will give information on the significance and interaction of inhomogeneous
factor levels (or tuning parameters of a FLC) that affect the performance characteristics of the
system. The importance of each factor can be evaluated and defined according to the measured
responses of the system's performance characteristics. The crux of the orthogonal array method
lies in choosing the level combinations of the input design parameters for each experiment. A
fuzzy combined scheduling system is then used to define the weights of the factor levels in

relation to the performance characteristics of the system.

An investigation of how to optimise and tune the factors/parameters of fuzzy-like PD
controllers is used as a case study in this work. A large number of fuzzy-like PD controllers
have been developed (Mann and Gosine, 1999). These controller designs are based on the
combination of Fuzzy Logic flexible systems and the well-known conventional PD structure
(Astrom and Hagglund, 1995). There are no general methods for optimising and tuning the
parameters of Fuzzy-like PD controllers, although several approaches have been proposed.
Jantzen, (1998) uses the idea of starting with a tuned conventional PD controller and replaces it
with an equivalent linear fuzzy controller. Some proposals are based mainly on the conventional
PD controllers tuning criteria (Yager and Filev, 1994b), (De Silva, 1995). (Zheng, 1992)
introduces a practical guide to tune SF's, peak values, width values and rules. Mudi and Pal,

(1999) uses only the output SF for tuning. There are some basic rules for tuning, derived by
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Procyk and Mamdani, (1979). The most successful results are based on the combination of good

experimental understanding of the controlled system and the use of the analogies between the

FLC and PID controllers.

The rest of the chapter is divided into four Sections. In Section § 5.2, the proposed design and
analysis of the FLC's parameters is presented. Analytically, in Sections § 5.2.1 and 5.2.2 the
performance criteria as well as the independent parameters/factors are defined respectively. In
Section § 5.2.3 the selection of the interactions of the factors that may influence the
performance characteristics of the systems under study is discussed. The possible tuning control
factor levels are defined in Section § 5.2.4. The number of experiments and the selection of the
appropriate orthogonal array are defined in Section § 5.2.5. Moreover, in Section § 5.2.6 how to
assign the factors to columns of the orthogonal arrays and the locating interaction columns is
discussed. In Sections § 5.2.7 and § 5.2.8 the conduction and analysis of the experimental
results is reviewed. In Section § 5.2.9 the optimal factor levels are verified. The way to
construct the fuzzy rules to tune the factor levels is proposed in Section § 5.2.10. The fuzzy
combined scheduling system approach is discussed in Section § 5.2.11. In Section § 5.3 some
simulation studies are used to define the application of the proposed method. The results are
discussed analytically in Section § 5.4. Finally the summary of the chapter is presented in

Section § 5.5.

5.2 Steps in the design and analysis of the FLC's parameters (Factors)

identification

A proposed systematic methodology for the identification of the tuning parameters (factors) of a
FLC system is presented in this section based on a systematic analysis of experimental results

together with the Fuzzy Combined Scheduling System approach. The proposed method involves

the following steps:
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1. Definition of the performance criteria

2. Definition of the independent parameters/factors

3. Selection of interactions that may influence the performance characteristics of the systems
4. Definition of the possible tuning control factor levels

5. Definition of number of experiments and selection of an orthogonal array

6. Assigning the factors to columns of the orthogonal arrays and locating interaction columns
7. Conducting the experiment - replications as described by the trials in the orthogonal arrays
8. Analysis of the resulting data to determine the optimal factor levels

9. Verification (confirmation) of the optimal factor levels

10. Constructing fuzzy rules to tune the factor levels

11.Applying the Fuzzy Combined Scheduling System approach to define the weights of the

Jactor levels

The above steps are discussed in detail in the following sections:

5.2.1 Definition of the performance criteria

In order to apply robust and/or tuning controller, its control strategy should be able to assess its
own performance. There are two ways to measure these performances based on either local or
global criteria. Local criterion measures the performance over a small set of plant states whereas
the global one measures the overall performance. The problem in using a global criterion is
firstly to choose an appropriate figure of merit (criterion) and secondly to relate a change in this
figure of merit to a set of control actions that caused it. To overcome this, local criteria are
chosen which make the problem of assigning credit to individual control actions easier and in
the hope that an improvement in the local performance will also improve some global criterion.

Thus the way that the performance is measured is critical in producing a successful

5-6



Chapter 5 Design & tuning of control systems using Fuzzy Logic & Taguchi method

implementation. The performance state vector pg = {Ps,. Ps,»-» Ps } may be defined by direct

measurements or by indirectly estimating its value via other related measurements(Mudi & Pal,

1999). Finally the designer may define the space or the boundaries of values that the optimal

performance criteria vector p,, = { Po,s Po, »Po, } 1s required to be within.

5.2.2 Definition of the indepen dent parameters/factors

Before conducting the experiments, knowledge of the system under investigation is of prime
importance for identifying the factors’ vector f ={f, f,,..f "} likely to influence the

outcome. These are the controllable factors that excite the performance criteria and can be set
by the expert. For example, the influence in terms of step response characteristics in FLCs
comes mostly from the SFs gains and/or the peak values of Membership Functions (MFs) which
are known as the tuning factors (Yager and Filev, 1994b). Moreover, uncontrollable (or noise)
factors may occur, which are sources of variations often associated with the operational
environment. Overall performance should, ideally, be insensitive to their variation. One of the
objectives of Taguchi’s approach is to identify these controllable factors that minimise the
variation in systems response while keeping the mean response on target (see Sections § 5.2.7

and § 5.2.8).

5.2.3 Selection of interactions that may influence the performance characteristics of

the systems

When the effect of one factor depends on the effect of another factor an interaction is said to
exist (Fowlkes, 1995). In other words, an interaction occurs when the collective effect of two
(or more) factors taken together is different from the sum of each of the factors taken
individually. When such an effect occurs, it becomes difficult to predict the effect of a factor

(and its level) selection. However, using orthogonal arrays, the interactions can be dealt with.
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Moreover, if no decision can be made about which interaction to study, then all of them (in
pairs of the factors) should ideally be investigated. However, including interactions in the

design requires more experiments and makes the analysis more complicated.

5.2.4 Definition of the possible tuning control factor levels

Once the choice of the factors that may be used to tune the controller is made, the number of
possible tuning levels for each of these factors has to be defined. The selection of this depends
on how a performance parameter is affected due to those different level settings. If the
performance parameter is a linear function of these Possible Tuning Factor Levels (PTFLs),
then the number of levels should be two. However, if it is not linearly related, a higher number

of the PTFLs is needed. The latter is the most common case in real systems due to inherent non-
linearity. These level values form the vector / > ={/ fﬂl,l fp'z,...,l fp',,}, which is defined by a
collection of local PTFLs in a manner where each of the collected levels approximates locally
the optimal levels around different performance states. The PTFLs are usually defined as min,
max and some intermediate values that excite the response of the system 7/, €[ f,i,> fnax -
When the number of these local levels increases, the neighbouring levels are closer and the
shifting trajectory between them is faster and smoother. The determinations of which PTFLs are
the optimal ones to be tuned come from the analysis of the experimental data for different
performance criteria using the Taguchi method as will be explained in Section §5.2.8. Note that

with this analysis, the factor levels may not be defined in terms of their actual optimal values

but their direction to the subspace that they belong.

The current factor level vector I, ={l; .0/ 5,070} is comprised of the present levels' values.

The fuzzy combined scheduling system method defines the weights of the levels related to the

performance criteria characteristics of the system. This will be explained extensively in Section

§5.2.11.
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5.2.5 Definition of number of experiments and selection of an orthogonal array

Orthogonal arrays are used in the Taguchi Method for designing efficient experiments and
analysing experimental data (Roy, 1990). A primary advantage of orthogonal arrays is that for
each level of any one factor, all levels of the other factors occur an equal number of times.
Another advantage of orthogonal arrays is their cost efficiency since the design of an orthogonal
array does not require that all combinations of all factors be tested. So, the experimental matrix

can be smaller without losing any vital information.

To design an experiment is to select the most suitable orthogonal array, assign the factors to the
appropriate columns, and finally, describe the combinations of the individual experiments. To
select the most appropriate orthogonal array the number of experiment has to be defined. This
number has to be less than or equal to the number of experiments, set by one of the standard
Taguchi orthogonal arrays (Roy, 1990). If no interaction between the factors need to be
analysed, then the minimum number of experiments is calculated based on the formula in

Equation 5.1.
J
Ny, =1+ ;-1 (5.1)
=l

where Np,,

is the number of experiments, j is the number of factors, and /; is the number of
levels for each factor f . I, -1 measures the degree of freedom (DOF), which is the number of

independent measurements available to estimate sources of information. The number of degrees

of freedom indicates the number of independent comparisons that exists within a set of data.

However, if interaction between two or more factors need to be analysed, then the number of
experiments may increase. If the number of columns are inappropriate, then a larger orthogonal
array with more experiments (rows) and columns has to be chosen. It is not necessary to fill all

the columns of the orthogonal array due to its balancing properties and orthogonality. Thus the
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product of the degrees of freedom gives the number of experiments for each of the interacting

factors. Therefore Equation 5.1 is expanded to include the interactions as in Equation 5.2.

1

n

J Sy
N =1+ 0, -D+Y [ ]¢, -1 (5.2)
=1 1

J=1

where [, is the number of interaction that needs to be analysed, fi, indicates how many factors

n

are analysed for each interaction. Note finally that the unit in both formulas (Equation 5.1 and
Equation 5.2) is the degree of freedom associated with the overall mean regardless of the

number of control factors to be studied.

When the number of experiment has been defined, the appropriate orthogonal array, described
by the symbol L, ., can be obtained from experimental design textbooks (Phadke, 1989),

(Fowlkes, 1995).

5.2.6 Assigning the factors to columns of the orthogonal arrays and locating

interaction columns

As illustrated in Figure 5.1, the orthogonal array has » rows and ¢ columns. Each row represents
a trial condition with factor levels indicated by the numbers in the row. The columns correspond
to the factors specified in the study. The maximum number of factors that can be studied in any
one experiment is equal to the number of columns in the orthogonal array used. The order in

which the factors are assigned to the column is very important (Taguchi, 1987).
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Figure 5.1 The layout of an orthogonal array

Table 5.1 summarises the most widely used orthogonal arrays and the maximum number of
factors that can be used in each array compared to the full factorial design. For instance, an Ly,
orthogonal array (27 experiments) has the capacity to accommodate 13 factors at 3 levels,

whereas in a full factorial study, over 1.5 million (3'%) experiments need to be undertaken.

Orthogonal | Maximum Number | Number of Trials
Array of Factors in Full Factorial
Experiment
Ls 3x2Level 8
Ls 7 x 2 Level 128
Lo 4 x 3 Level 81
Lq2 11 x 2 Level 2,048
Lt 15 x 2 Level 32,768
L 1x2Level & 4,374
7 x 3 Level
Loy 13 x 3 Level 1,594,323

Table 5.1 Some examples of orthogonal arrays compared to the full factorial experimental
design
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5.2.7 Conducting the experime nt - replications as described by the trials in the

orthogonal arrays

Once the orthogonal array has been selected, the experiments are conducted as identified by the
level combinations of the array. If noise is included then the optimum conditions, insensitive to
the influence of the noise can be found. This results in an expansion of the design since during
each trial, more than one observation may be estimated; these are then called replications or
replicates. Replication is a primary tool in analytical methods for studying stability and
robustness of factor effects and for increasing the degree of belief in the results. It also plays a
primary role in providing a measure of the magnitude of variation in the experiments due to
noise variables. Moreover, replication helps to minimise the impact of noise variables on factor
effects by enabling noise effects to be averaged out. Replication of trials is constrained by time

and cost. It is necessary that all the experiments of the chosen orthogonal array be conducted.

5.2.8 Analysis of the resulting data to determine the optimal factor levels

Analysing the data is a systematic straightforward procedure that allows determining the
optimum values of the control factor levels (including the interacting ones), and predicting the
performance under these levels. The optimal values are based on the performance
characteristics, which is the object of interest of the system response. A performance
characteristic can be classified according to its target value: nominal-the-best, smaller-the-

better, larger-the-better.
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5.2.8.1 Analysis of means

An average response (Analysis of means) for each factor level is used when the variance of the

results of the replication is small. This comes from the following formula:

Fi =2 (5.3)

where F; is the average effect of factor F at level /, R is the result of each trial i while factor F
is at level /, g is the number of trials and /,,,;; is the number of experiments for each factor level

L

However when variations exist, the level(s) of the control factors that may contribute to reduce
this variation can be identified, by Taguchi’s use of Signal to Noise (S/N) ratio which reflects
the amount of variation present. The S/N ratio is an objective function that takes both the effects
of the mean and the variation into account. The S/N ratio is treated as a response of the
experiment, which measures the level of each factor against the level of noise factors. The S/N
ratio is therefore, a very useful way to evaluate the robustness of the system under study. Better
performance, as measured by a high S/N ratio implies a smaller loss. There are several S/NV

ratios (r7) available depending on the type of performance characteristic chosen. The smaller-

the-better S/N ratio is defined by the following formula (Roy, 1990):

q
n= _101og,0BZRf} (5.4)

i=l

The average response and/or S/N ratio of the level of each factor can be plotted for a visual
interpretation and is explained in Section § 5.2.8.3. Analysing graphically the average response

and taking into account the type of performance characteristic for a particular system, the
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optimal values of the factor level can be investigated accordingly (Phadke, 1989). However,
lower deviation is always indicated by a higher S/N ratio value and is used to investigate the
optimal factor levels despite the performance characteristic that has been chosen as the

objective function for the particular system (Roy, 1990). This is because the goal of the

T

. . e o T _ .
experiment for a ‘smaller the better’ situation is to minimise {-— R?} , which is accomplished
93

by maximising 7 in Equation 5.4.

5.2.8.2 Analysis of Variance (ANOVA)

Taguchi replaces the full factorial experiment with a lean, less expensive, partial factorial
experiment. Taguchi's design for the partial factorial is based on specially developed orthogonal
arrays. Since the partial experiment is only a sample of the full experiment, the analysis of the
partial experiment must include an analysis of the confidence that can be placed in the results.
Fortunately, there is a technique called Analysis of Variance (ANOVA) (Fowlkes, 1995), which
is routinely used to provide a measure of significance of each factor and any interaction effect
together with their percentage contribution. The method does not directly analyse the data, but
rather determines the variability (variance) of data or variance ratio called the F-ratio. This ratio
is used to measure the significance of the factor under investigation with respect to the variance
of all the factors included in the error term. The F-value obtained in the analysis is compared
with a value from standard Fisher's tables (F-tables) for a given statistical level of significance.
The tables for various significance levels and different degrees of freedom are available in most
statistics textbooks (Chatfield, 1983), (Roy, 1990). A more detailed explanation of the
mathematical formulas that are used to define the F-ratio and the percentage contribution may
be found in (Chatfield, 1983). These analyses provide the variance of controllable and noise
factors. By understanding the sources and magnitude of variance, robust operating conditions

can be predicted. This is one of the benefits of the Taguchi methodology.
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5.2.8.3 Graphical representation to present the optimal levels and analyse the factor's

interactions

The effects and the interactions of factors used in the experiments can be presented graphically,
estimated from the average values of the response variable at the different levels of the factor.
This is defined by using a two-dimensional table from the observed data. To plot, for instance,

the interaction graph between two factors A x B the table shown in Table 5.2 is prepared.

Leve! of Factor B
B, B;
2 2
Level of h -z=1: Yan ;: Yk
Factor A - 2 - 2
A, Z Y a8, Z Va8,
- 2 - 2

Table 5.2 Two-dimensional table used to calculate the average value of the response variable
at the different levels of each factor A, B

In Table 5.2 the rows correspond to the levels of factor 4, the columns correspond to the levels
of factor B, and entries correspond to the average or S/N ratio response for the particular
responses of the combinations of levels 4/, 42, Bl, B2 of the factors 4 and B. Finally, 2 is the
number of levels. Using the results of Table 5.2, the co-ordinates used for the plots are defined

(Phadke, 1989).

Using these plots, the detection of the interactions can also be defined. Detecting interaction can
easily be accomplished by observing the parallelism of the plots as described in Figure 5.2
(Roy, 1990). Note that parallel plots imply no interaction. The measurement of interaction may

defined geometrically as described in (Lochner and Matar, 1990).
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7| X

(@ b ()

Figure 5.2 Examples of interactions: (a) No interaction, (b) some interaction, (c) high
interaction

Note, that during the graphical analysis of these plots, if two or more levels of the same factor
have equivalent maximum response their optimal choice is derived according to the following

rules:
if the levels belong only to one interaction plot then any one of them can be used

if more than one interaction plot suggest these levels, then the one that belongs to the

interaction plot with the highest order of significance is chosen.

if these levels belong to the interaction plot with the highest significance order (ANOVA

table) as well as to some other one(s) then the one that is in common should be chosen.

In the cases studies presented in Section § 5.3 it can be seen the applicability of these rules.

5.2.9 Verification (confirmation) of the optimal factor levels

In the analysis of the results described in Section § 5.2.8, for each performance criterion, all the
PTFLs are analysed in terms of their performance, significance and robustness and ranked
according to their importance. Therefore, the Optimal Tuning Factor Levels (OTFLs) are
defined around different performance criteria status and the rules can be easily constructed
based on these levels. However, a new experiment with the OTFLs should be conducted to

verify their optimum performance. If the performance is drastically different from the predicted
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one then there is high interaction among the parameters that have not been considered and

therefore interaction analysis should be reconsidered.

5.2.10 Constructing fuzzy rules to tune the factor levels

When the OTFLs of the systems parameters are defined their robustness in the performance is
obtained (Phadke, 1989). However, if the system’s parameter changes and/or the system’s
environment become non-linear, construction of fuzzy rules is required to tune the factor levels.
This construction of the fuzzy rules is designed considering the performance criteria related to
the tuning and current factor levels. However, during the design of the rules some important

aspects that have to be considered are proposed:
e Consistency of the control rules

When performance criteria contradict each other an inconsistency may occur. In this case
two rules may suggest diverse action and it is necessary to compromise between the rules
by taking into account the importance of the criteria. However, if all of the tuning rules are

equally important the resulting output will respect all of these rules.

e Homogeneity of the control rule

In some cases two or more different performance criteria implies almost the same state.
This means that in the analysis of the results the same factor levels may be considered more
than once. This may affect the tuning action as the product of the rules may be more biased

in that particular state. Therefore in this situation only one performance criterion should be

considered.
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e Priority of the tuning factor levels

If there are large number of factors, the tuning of factor levels should be arranged according
to their significance ranking, which is determined in the analysis of data considering only the
first £ important factors and their corresponding levels at a given instant in each tuning
cycle (De Silva, 1995). It is important to note however that in some cases, factor(s) may
have low significance but high interaction with other highly important factor(s). In that case

the factor with low significance should also be considered for further analysis.

The vector of the OTFLs that is used to tune the factors to optimise each of the performance

criterion is defined by / 5= {! il ) i 2oeemsd fon 1, where m, j are the number of the performance

criteria and the number of the tuning factors respectively. However, different levels from the
same factor may be used to determine the global optimal factor level for all performance
characteristics. Using the combined scheduling method these levels are combined, respecting

their weight characteristics as explained in Section § 5.2.11.

Considering the performance criteria the definition of rules to determine which of the factors

that should be tuned are constructed and have the form:

R:TF ps # p, THEN tune factor f; AND tune factor f, AND... AND tune factor f,

The antecedent part compares the performance state characteristics with the optimal one,

whereas the consequence part defines the updated tuning control factors resulting from the

fuzzy combined scheduling system approach.

5.2.11 Fuzzy Combined Scheduling System (FCSS)

The Fuzzy Combined Scheduling System uses a discriminant function w= f(Low,,.,High, ).

This function defines the weight vector w={W, , W, W, ;W ... W, , W, } of both current and
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tuning factor levels constructed from the weight values of the fuzzy sets of the Performance
States. Therefore the construction of the fuzzy rules that defines the relationship between the

Performance State in the antecedent and the current or tuning factor levels in the consequence

are as:

If Performance State is Low Then factor level is | P

If Performance State is High Then factor level is | .

Thus, for each performance state output, the degree of the current and the runing factor levels
are related to the degree of the Low and High Membership Functions (MFs) therefore defining
their weights, accordingly. The shapes of the MFs, as well as their linguistic labels may vary
and depend mostly on the set criteria. The overlapping between them is 50% to ensure that both
rules are excited for each performance state values. Figure 5.3 shows the setting of these two
MFs based on the criterion to minimise the value of a performance state. Therefore, when the
performance state increases, the weight of the current level should reduce, whereas the weight

of the tuning factor level should increase accordingly and vice-versa.

The Low and High Membership Functions

i T
01 02 03 04 05 06 07 08B 09 1
Performance State

Figure 5.3 The Low and High performance state membership functions where the shapes are Z
and S respectively with 50% overlap.

1f the discriminant function is such that w e [0,1] and more than one w is different from 0, then

the transition from one factor level to another will be smooth. Therefore, each of the overall
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factor levels will be optimal even for a non-linear control system, since the weights themselves

are functions of the performance states.

The overall optimal factor level vector resulting from the composite current and tuning factor

levels is as in Equation 5.5.
L= {LoF, \ Lon ,...,LoFl } (5.5)

where Ly, is the optimal level for each factor j, calculated as the weighted mean (Equation

5.6).

Z(w'k 'lf:,,,f +w"k 'lfcf)
LDIJ = 4=l n (56)

J J

Z(w,k +w, )

k=1

and m is the number of the performance states.

In Equation 5.6 multi-performance-criteria is used where more than one objective are
maximised and/or minimised. The resulting solution in this case is a single criterion despite the
fact that in most multiple criteria approaches a group of solutions is obtained (Ertas and Jones,

1996).

All the performance criteria are assumed to be of equal importance. However, if the significance
of each criterion is not weighted equally the fuzzy performance criteria approach can be used

for defining the fuzzy multi-criteria decision making (Sousa ef al, 1999).

The tuning method is based on the availability of both current and funing gain values. Section §
5.2.8, explained how to obtain the optimal funing factor levels. However, the current gains

could imply either the actual SFs values or the representative ones when the dynamics of the

system changes.
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5.3 Simulation Studies

5.3.1 Structure of Fuzzy like PD Controlier

In this section a brief description of the Fuzzy-like PD control is presented. The optimisation
and tuning of the parameters of these types of FLC forms the case studies for the proposed
approach. The overall structure of the fuzzy-like PD controller is illustrated in Figure 5.4. The
inputs of the controller are the error e and the change-of-error Ae. The control output is the
variable u. The SFs of the inputs are KE,, KE,, and for the output X,. The output of the FLC is a

non-linear function of the inputs e and Ae, and its own SFs.

KE,

E
re e —Pl > Ku
FLC | ¥ |> v ,
d 4 | 4¢ AE | lE4E)
| @ [:

y KE,

Figure 5.4 Fuzzy-like PD Controller

The MF's for the FL.C inputs and output are defined by the common interval [-1 +1]. Thus in the
input, triangular MFs are employed (except the ones that are at the extreme ends) with 50%
overlap, whereas in the output seven singletons i.e. [-1,-0.66,-0.33,0,0.33,0.66,1] for NB, NM,
NS, ZO, PS, PM, PB are applied respectively. When no prior knowledge of the system is
available this is the most natural and unbiased choice for MF's since the degree of co-operation

between the corresponding rules is equal (Berkan and Trubatch, 1997)

The rule base is presented in table format in Table 5.3 (Reznik, 1997); (Driankov ez al, 1993).

The cell defined by the intersection of the rows and the columns represents a rule such as:

ife is NB and Ae is NB then u is NB
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5.3.3 Example: Second Order System

In this example a second order process given as:

e ~Ls

G(s) = 5.7

- s(s+1)

which represents the position control of an ac motor (Dorf and Bishop, 1995). The saturation

range is given as: u,,,, =-5 and u_,, =25 (Lee, 1993).

Fuzzy-like PD is the control that is applied to the system. Individual SFs, which may be
considered equivalent to the control gains, together with the peaks of the MFs, are the two cases

of the parameters that are chosen for optimisation and tuning of the FLC.

5.3.3.1 First case: optimising and tuning SFs

Changing the SFs, changes the universe of discourse and the domain of the membership
functions of the fuzzy values of the input/output parameters of the FLC. It has been reported in
the literature (Yager and Filev, 1994b) that the performance of the controller is affected
dramatically by SF modification. Moreover, the scaling changes even the meaning of the rules

in the rule-base of the FLC. Figure 5.5 illustrates the tuning schedule for this type of controller.

As mentioned in Section § 5.1, different approaches have been suggested to define rules for

tuning the FLC by manipulating the SFs. Mostly, these rules result in different performance
criteria such as percentage overshoot pp, rise time pgr, settling time pg; by changes in the
SFs. Therefore, for the Fuzzy-like PD controller the factor's vector includes the

KE,,KE,and K, gains as defined in Equation 5.8.

f={KE,,KE;, K.} (5.8)
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r+ e * KEp FLC Ku

f (E,AE) —u—w——u} System
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- FCSS [€-----{ Performance
criteria index

v

Optimiser for the
current SFs

(if unknown or the
system's dynamics have
been changed)

Figure 5.5 Tuning the input/output gain constants of a Fuzzy-like PD Controller

The performance state vector includes the performance state measurements as defined in

Equation 5.9.

Ds ={Ps,y>Ps, > Psg ) (5.9)

Three different levels are selected for each factor. Therefore, the level vector for the factors

KE,, KE, and KE, is defined in Equation 5.10.

lfpr = {lfptKEp ’lfleEd ’lfleEu } (5'10)

where I, yz I, kz,ol; ke, 2T€ determined in Equation 5.11 to Equation 5.13.

lfp,KEp :{KEpl3KEp2,KEp3}={0'190-571} (5.1])
lfp,KE,, = {KEdl 9KEd2 7KEd3} = {0190551} (512)
lfp,KE" ={Ku"Ku2 ’Ku,}:{l’:;sls} (513)
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These are actually he PTFLs. Note that the proportional and derivative factor levels / ¢ kg, and
Pt ]

l 1,KE, chosen assuming that no priory knowledge exist in terms of there between relationship

but as the minimum, maximum and between values that could applied in their universe of
discourse. However, the output factor levels / ¢k, are chosen respecting the saturation
™y

properties.

From Equation 5.2, the minimum number of experiments that is needed for the parameter
optimisation and all two-factor interaction analysis is 19. Thus, the orthogonal array that fits this

number of experiments is the L,; (Phadke, 1989). Table 5.4 illustrates the Ly, orthogonal array.

The 1%, 2™ and 5™ columns are used for the three factors KE »» KE; and K, respectively. The
39 & 4%, 6™ & 7™, 8" & 11" columns are used for the corresponding KE, xKE,;, KE, x K,

and KE, x K, interaction analysis. Note that not all the columns are used in this case. This is
because only three factors and three interactions are being studied whereas the Ly; orthogonal
array can analyse up to 13 factors including the interactions. Three replications are performed
for each experiment using white noise (with bandwidth magnitude + 0.025 ), which is added
into the input of the FLC. The results for each performance output are listed in Table 5.5. In
analysing the data, the calculation for the average (mean) and the S/N ratio response for each
trial/experiment is evaluated by Equation 5.3 and Equation 5.4 respectively and listed in Table
5.4. Only the S/N ratio response for each performance characteristic is considered for further
analysis of the results since the robustness of the controller’s factors needs to be investigated.
Considering only the S/N ratio results, the ANOVA analysis is the next step. Thus, the
significance of the three factors and the interaction between them are measured together with
their percentage contribution as illustrated in the 7" column of ANOVA Table 5.6. From this
table it can be seen that all SFs (main factors) are significant (more than 97.5%) for all

performance criteria and therefore all of them are used in the tuning rules. However, only the

interaction between KE,xKE, is significant (90% to 99%) for both pg and p,,,
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performance criteria. For a full explanation of how to obtain the ANOVA table refer to(Roy,

1990).
PO PO  Rise Time Rise Time Set Time Set Time
Run KEp KEd 3 4 Ku 6 7 8 9 1011 12 13 respave respS/N respave respS/N respave resp SIN
1 01 01 1 1 1 1 1 1 1 1 1 1 1 0.29 10.72 214 -26.61 40.4 -32.13
2 01 01 1 1 3 2 2 2 2 2 2 2 2 045 6.85 76 -17.62 14.4 -2317
3 a1 01 1 1 15 3 3 3 3 3 3 3 3 091 0.71 32 -10.10 51 -14.16
4 01 05 2 2 1 1 1 2 2 2 3 3 3 015 16.43 30.35 -29.64 56.9 -3510
§ 01 05 2 2 3 2 2 3 3 3 1 1 1 0.43 7.18 16.8 -24.51 316 -29.99
] 01 05 2 2 15 3 3 1 1 1 2 2 2 0.46 6.80 11.8 -21.44 22 -26.85
7 0.1 1 3 3 1 1 1 3 3 3 2 2 2 022 1251 1.3 -32.32 771 -37.74
8 0.1 1 3 3 3 2 2 1 1 1 3 3 3 024 12.20 278 -28.88 51.7 -34.27
9 01 1 3 3 15 3 3 2 2 2 1 1 1 0.25 11.77 25 27.04 418 -32.42
10 05 01t 2 3 1 2 3 1 2 3 1 2 3 2.09 6.44 34 -1063 51 -14.15
11 05 01 2 3 3 3 1 2 3 1 2 3 1 1423 -23.07 1.4 292 48 -13.62
12 05 041 2 3 15 1 2 3 1 2 3 1 2 18.48 -25.35 052 568 3 -9.54
13 05 05 3 1 1 2 3 2 3 1 3 1 2 05 574 5 -13.98 93 -19.37
14 05 05 3 1 3 3 1 3 1 2 1 2 3 0483 164 32 -10.10 51 -14.15
16 05 05 3 t 15 1 2 1 2 3 2 3 1 1.01 019 23 -7.23 42 -12.46
16 05 1 1 2 1 2 3 3 1 2 2 3 1 039 8.10 75 -17.50 141 -22.98
17 05 1 1 2 3 3 1 1 2 3 3 1 2 067 339 52 -14.32 98 -19.82
18 05 1 1 2 15 1 2 2 3 1 1 2 3 0.82 167 44 -12.87 83 -18.38
19 1 01 3 2 1 3 2 1 3 2 1 3 2 1237 -21.86 16 -4.08 59 -15.42
20 1 0.1 3 2 3 1 3 2 1 3 2 1 3 2823 -28.01 09 0.92 6.1 -15.71
21 1 0.1 3 2 15 2 1 3 2 1 3 2 1 3526 -30.95 1.47 -3.35 29 -8.25
22 1 05 1 3 1 3 2 2 1 3 3 2 1 278 889 23 -7.23 57 -15.12
23 1 05 1 3 3 1 3 3 2 1 1 3 2 292 -9.33 1.2 -1.58 33 -10.37
24 1 05 1 3 15 2 1 1 3 2 2 1 3 1.19 -1.56 11 -0.83 2 -6.02
25 1 1 2 1 1 3 2 3 2 1 2 1 3 0.54 579 33 -10.37 6 -15.56
26 1 1 2 1 3 1 3 1 3 2 3 2 1 0.82 068 24 -7.60 45 -13.06
27 1 1 2 1 15 2 1 2 1 3 1 3 2 075 242 223 -6.97 41 1226

MEpKKE] KEpxKEd KEpxku  KEpxKy  KEdxKu KEdxKu

Table 5.4 The L;- orthogonal array that is used to design the experiments together with the
response results

PO* (%) PO* (%) PO* (%) Rise time Risetime Risetime  Settime Set time Set time

Run KEp KEd Ku Trial 1 Trial 2 Trial 3 Trial 1 Trial 2 Trial 3 Trial 1 Trial 2 Trial 3
T 01 01 1 0.34 0.22 03 212 215 212 a0 399 408
2 01 01 3 0.47 0.41 048 7.8 77 75 14 14.4 14
3 01 01 15 1.13 0.86 073 3.02 2.92 2.91 518 5.1 53
4 01 05 1 017 013 0.5 3045 3022 3035 56.4 557 58.2
5 01 05 3 0.33 0.43 053 16.8 168 16.6 303 314 307
6 01 05 15 0.46 0.43 048 12 18 1.7 218 218 2
7 0.1 1 1 0.33 0.2 0.14 414 M3 M2 78.4 78 77.9
a8 0.1 1 3 0.28 0.25 0.2 278 2738 27.7 52 524 52.2
9 01 1 15 0.29 0.31 0.14 228 225 225 42.06 42.8 43.1
10 05 041 1 2.36 2.1 18 33 33 33 85 7.8 5
" 05 0.9 3 14.54 13.59 14.55 13 14 13 a7 4.8 47
12 05 01 15 17.49 181 19.84 0.62 0.52 0.51 3.1 3 3
13 05 05 1 0.36 0.67 0.47 54 5 53 97 96 95
14 05 05 3 0.9 0.79 0.79 302 2.92 292 54 5 52
15 05 05 15 0.83 1.1 1.1 22 23 22 42 4 4
16 05 1 1 0.4 0.4 0.38 75 74 75 143 145 138

17 05 1 3 0.7 0.74 0.58 5.2 5.1 52 96 03 93

18 05 1 15 0.85 0.7 0.91 452 4.51 431 8.9 8.4 8.4

19 1 0.1 1 12.63 11.43 13.04 16 165 17 78 57 5.8

20 1 0.1 3 28.4 28.34 28.25 0.9 0.92 0.91 6.4 78 49

21 1 0.1 15 36.01 36.43 33.35 1.48 15 15 28 29 37

22 1 05 1 276 2.78 2.81 23 23 2.3 6 6 56

23 1 05 3 2.71 3.27 277 1.31 1,31 1.31 33 35 36

24 1 05 15 1.28 1.24 1.06 1.06 1.06 1.05 2. 23 18

25 1 1 1 0.49 0.59 0.45 33 33 33 6.4 6 6.1

26 1 1 3 0.88 0.98 0.91 24 24 2.4 a4 48 45

27 1 1 15 0.85 0.72 0.69 2.25 215 2.16 4.16 38 39

Table 5.5 Results for each performance after three replicates
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Factor Sum Square (SS) dof mean sq (MSS) F-Ratio Significance % Contribution Rank

KEd 1907.98 2 953.99 57.67 99% 40.37 1
KEp 1827.38 2 913.69 55.23 99% 38.67 2
KEp x KEd 518.61 4 129.65 7.84 99% 10.97 3
Ku 180.93 2 90.47 547 95% 3.83 4
KEd x Ku 94.26 4 23.57 1.42 1.99 6
KEp x Ku 64.55 4 16.14 0.98 1.37 7
Error 132.34 8.00 16.54 1.00 2.80 5

£Y) 4726.05 26.00 100.00

(@)

Factor  Sum Square(SS) dof meansq(MSS) F-Ratio Significance % Contribution Rank
KEp 1785.38 2 892.69 60.86 99% 64.06 1
KEd 469.00 2 23450 15.99 99% 16.83 2

Ku 189.15 2 94.58 6.45 97.5% 6.79 3
KEp x KEd 97.86 4 2447 1.67 3.51 5
KEp x Ku 70.20 4 17.55 1.20 252 6
KEd x Ku 58.14 4 14.54 0.99 2.09 7
Error 117.34 8.00 14.67 1.00 4.21 4
ST 2787.08 26.00 100.00
(b

Factor Sum Square (SS) dof meansq(MSS) F-Ratio Significance % Contribution Rank
Kep 1384.25 2 692.13 91.96 99% 65.60 1
Ku 273.06 2 136.53 18.14 99% 12.94 2
Ked 186.62 2 93.31 12.40 99% 8.84 3

KEp x KEd 112.63 4 28.16 3.74 90% 534 4
KEd x Ku 49.98 4 12.50 1.66 237 6
KEp x Ku 43.49 4 10.87 1.44 2.06 7

Error 60.21 8.00 7.53 1.00 2.85 5

ST 2110.24 26.00
(c)

Table 5.6 ANOVA tables corresponding to (a) PO, (b) rise-time, (c) settling-time responses.

The interaction plots are illustrated in Figure 5.6. After analysing these plots, the OTFLs for
each performance criterion are defined and listed in Table 5.7. This is obtained by considering
in the interaction plots the factor level's co-ordinates where the maximum response occurs. As
can be observed from Figure 5.6 some of the factor levels have almost equal responses (shown
by dashed circle in Figure 5.6) and therefore all of them are considered as the OTFLs. As
mentioned in Section § 5.2.9 when more than two factor levels have equivalent maximum

response, the one that is a member in the most significant interaction plots is chosen as the
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Thus, for the above analysis the vectors of the tuning factor levels for the first (PO), second

(rise time) and third (settling time) performance criteria, PO, are as in Equation 5.14 to Equation

5.16
1, ={KE, .KE , .K,}=1{0.1L1}
1, ={KE, KE , K, }={,0.115}
1, ={KE, ,KE, K, }={0.115)

and the resulting tuning rules are:

R;:1IF pg, >0 THEN tune factor KE, AND factor KE, AND factor K,

R;:IF pg, >0 THEN tune factor KE, AND factor KE, AND factor K,

R;: IF pg_ >0 THEN tune factor KE; AND factor KE, AND factor K,

(5.14)

(5.15)

(5.16)

The performance states for each criterion pp,, pprand pg, is measured and the FCSS method

is used to optimise the overall tuning factor level vector, thatis L. ={L,. L, " Ly }.
P “

From Equation 5.6 the L ., L L, are defined by:
P u

c, ? 0Fgg, 2

(w,_ " KE, + W 1 ‘KE, )+ (w,KE’Z KE, +w, KE, )+ (fos,S ‘KE, + W 3 -KE

XE, 2° P Pourrent

)

po=
iz Wy 1+ Wey, D+ (w,a’ 2+ W, 2w, 5+, 3)
I (w,m Vv KE, W KE, )+ (w,m 2 KEg +We,, o KE, )+, s -KE, +w, 5-KE, )
P (W,,(Edl Wy, 1) +(w:m 1t W, 2)+(an3 + wcms)
(WIKE 1° 1<m3 + wc,w 1’ Ku,,,,,,,,, )+ (wl,@_ 2" K"‘s + wcxz,, 2" K"mm« )+ (w’m. 37 K’“l + w'-"xz,, 37 K" ,,,,,, )
L = L u
oFias (W:KE' 1 W, O+ (W/m 2t W, 2 )+ (w:m 1tV 3)
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RO | Performance ?(i:': ?(‘;‘:_': ?(aE'" Pro | pw | po IAE | ITAE
a Before Tuning 0.9 0.01 12 58.6 04 7.1 1.92 15.45
After Tuning 0.87 0.18 14.34 12.9 0.5 1.7 0.72 4.68
b Before Tuning 0.6 0.05 7 33.6 0.71 54 1.76 12.57
After Tuning 0.73 0.32 14.38 1.16 0.84 14 0.91 6
c Before Tuning 0.9 0.02 0.7 7.8 26 7.9 31 22.01
After Tuning 0.7 0.4 14.85 0.8 1.2 21 1.08 6.93
d Before Tuning 04 0.2 5 47 15 4,2 1.77 11.33
After Tuning 0.74 0.28 13.86 1.39 0.78 1.2 0.89 579
e Before Tuning 0.85 0.9 13 0.81 212 4.5 1.83 12.36
After Tuning 0.93 0.37 14.37 1.12 0.73 1.3 0.82 541
f Before Tuning 0.06 0.04 5 0.18 6.8 12.5 6.06 81.08
After Tuning 0.67 0.36 14.49 1.3 1.1 2 1.17 16.73

Table 5.8 Tuning results of a fuzzy PD controller

5.3.3.2 Second case: optimising and tuning the input SFs together with the peaks of the

MFs

The use of SFs for the tuning of the Fuzzy-like PD controllers is bounded, as their effectiveness

is sometimes contradictory by the different performance criteria. For instance, the increase of
the SF KE, decreases the steady-state error and the rise time but usually leads to a large

overshoot. Tuning the peaks of the MFs can be a solution to the above problem. Zheng, (1992)
suggests a simple and effective way of improving the stability of the system without affecting
the responsiveness through shifting the peaks of the MFs. Moreover, by changing a peak value,
the definition of only one fuzzy label is changed and hence it can only affect the rules that use
this changed fuzzy label. However, the tuning of the peaks of the MFs does not always affect
the response satisfactorily for instance in the case of tuning only the peak values of the change-
of-error de labels. Using therefore both SFs and MFs as the tuning factors could be one of the
solutions. The large number of combinations between the tuning factors as well as the analysis

of the correlation between them are the key issues that need further investigation.
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In this study for the two inputs, error and change-of-error, the corresponding SFs and MFs'
positions of the FLC are chosen as the four tuning factors to be investigated. Moreover, both

IAE and ITAE are the performance criteria used to define the resulting effect of the tuning

factors. Therefore the tuning factor vector is:
f=A{KE,,KE,, Le,Le,,Lce, Lce,,Re ,Re,, Ree,, Rce, } (5.20)

where KE ,, KE, are the input gains of the error and change-of-error respectively and the Le,,

Le,, Lce,, Lce, ,Re;, Re,,Rce , Ree, are the peak values of the four MFs (labelled as NM,
NS, PS, PM) on the Left and Right side of the error and change-of-error universe of discourses.

Note that the left and the right peak values are symmetrical. Thus, Re,;, =-Ley,,
Re,, =—Le,,, Rce,, =—Lce,;, Rce,, =~Lce,,. Additionally, the performance state vector
p={ps,,>Ps,,,} includes the performance state measurements of IAE and ITAE. Figure 5.8

illustrates the SFs gain as well as the peaks of MFs tuning schedule type of controller.

l ~ E /‘
r + e f/ KEp FLCI/I Ku
: NEAE) —Ll—l>_li’ System [————
L | 4 __.]’Ae >Sa| ;
¥y At 5 P Vi &
v KEa {
!1 ----------- e, FCSS [¢-----1 Performance
criteria index
A :
E v
E Optimiser for the
E current SFs

(if unknown or the
system’s dynamics have
been changed)

Figure 5.8 Tuning the input gain constants and the peak values of the Fuzzy-like PD Controller
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Three levels have been selected for each factor. Thus, the level vector for the tuning factors is

defined as in Equation 5.21.
! In = { SwKE, N, FwKE, N Iuley N) Tule N Inlee N S plcey sl/,,, Re, N SnRey N SuReey ’lfp,Rcez } (5.21)
For the gains of the SFs three levels are defined as in Equation 5.22 and Equation 5.23.

! x5, ={KE, .KE, ,KE, }={0.1,0.51} (5.22)
I, x5, ={KE, ,KE, ,KE, }={0.10.5} (5.23)

For the peaks of the MFs three main cases are defined in terms of how they shift in the universe
of discourse. The first one is when the peaks of the MFs are shifting close to the symmetric axis
of the universe of discourse, the second one is when the peaks of the MFs are distributed
symmetrically and equally in the universe of discourse and the third one is when the peaks of
the MFs are shifting close to the min and/or max point of the universe of discourse. Thus, where
the universe of discourse is between [-1,1] the actual set values of the MFs tuning factors are as

defined in Equation 5.24 to Equation 5.31:

Lo = {Le,,,Le, ,,Le 3.} ={-0.1,-0.33,-0.6} (5.24)
e = {Leyy,Ley,, Ly}t = {-0.26,-0.66,-0.86} (5.25)
lyree, = {Lce,),Lce 5, Lee 3.} = {-0.1,-0.33,-0.6} (5.26)
lf,,,Lce. ={Lce,,,Lce,, ,Lcey 5.} = {-0.26,-0.66,-0.86} (5.27)
lf,,, Re, = {Re, |,Re;,,Re 3.} = {0.1,0.33,0.6} (5.28)
{ ke = {Re,; ,Re,,,Re;p 3.} = {0.26,0.66,0.86} (5.29)
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Iy ree, ={Rce,;, Ree, 5, Reey5,} = {0.1,0.33,0.6) (5.30)

lfp,Rcel ={Rce, ,Rce, ,,Rce, 3,} = {0.26,0.66,0.86} (5.31)

For convenience in the definitions, the two input MFs (error and change-of-error) are defined
as MF,, MF,, respectively. Moreover, their three positions are called as inner (In) MF, & MF,, ,

symmetrical (Sim) MF, & MF,, and outer (Out) MF, & MF,, . Thus the PTFLs for the MFs can

be defined as in Equation 5.32 and Equation 5.33 and shown in Figure 5.9.

MF, ={MF, ,MF, ,MF, } (5.32)

MF,, ={MF,

ce ?

MF,, ,MF,, } (5.33)

From Equation 5.24 to Equation 5.31 the factor levels MF, ,MF, ,MF, ,MF,, ,MF,, ,MF,, are

cey k4 cey ’

defined as in Equation 5.34 to Equation 5.39

MF, ={Le,,Le,,,Re,,Re, } ={-0.1,-0.26,0.1,0.26} (5.34)
MF, ={Le,,,Le,,,Re ,,Re,,}={-0.33,-0.66,0.33,0.66} (5.35)
MF, ={Le ;,Le,;,Re, ;,Re, ;) = {-0.6,-0.86,0.6,0.86} (5.36)
MF,, ={Lce,,,Lce,,,Rce,,Rce, |} = {-0.3,-0.4,0.3,0.4} (5.37)
MF,, ={Lce,,Lce,, ,Ree, ,,Ree, ,} = {-0.33,-0.66,0.33,0.66} (5.38)
MF,, = {Lcem,Lce2’3,RceL3,Rce2,3} = {-0.6,—0.86,0.6,0.86} (5.39)
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IAE IAE ITAE ITAE
Run KEp KEd 3 4 MFe 6 7 8 MFce 10 11 12 13 _respave respS/N respave resp S/N
1 01 01 1 1 In 1 1 1 In 1 1 1 1 39 -11.82 11.88 -21.50
2 01 0t 1 1 Out 2 2 2 Out 2 2 2 2 18.93 -25.54 337.16 -50.56
3 01 01 1 1 Sim 3 3 3 Sim 3 3 3 3 10.92 -20.76 107.99 -40.67
4 01 05 2 2 In 1 1 2 Out 2 3 3 3 376 -11.50 10.6 -20.51
5 01 05 2 2 Out 2 2 3 Sim 3 1 1 1 26.94 -28.61 704.49 -56.96
6 01 05 2 2 Sim 3 3 1 In 1 2 2 2 26.66 -28.52 699.27 -56.89
7 01 1 3 3 In 1 1 3 Sim 3 2 2 2 593 -16.46 2433 2772
8 041 1 3 3 Out 2 2 1 In 1 3 3 3 7792 -37.83 602925 7561
9 01 1 3 3 Sim 3 3 2 Out 2 1 1 1 1552 -23.82 228.86 -47.19
10 05 01 2 3 In 2 3 1 Out 3 1 2 3 2.47 -7.85 8.07 -18.14
1 05 01 2 3 Out 3 1 2 Sim 1 2 3 1 388 -11.78 10.83 -20.69
12 05 01 2 3 Sim 1 2 3 In 2 3 1 2 261 -8.33 4.54 -13.14
13 05 05 3 1 n 2 3 2 Sim 1 3 1 2 1.92 -5.67 28 -8.94
14 05 05 3 1 Out 3 1 3 In 2 1 2 3 9.51 -19.56 86.91 -38.78
15 05 05 3 1 Sim 1 2 1 Out 3 2 3 1 254 -8.10 4.25 -12.57
16 05 1 1 2 In 2 3 3 in 2 2 3 1 333 -10.45 8.74 -18.83
17 05 1 1 2 Out 3 1 1 Out 3 3 1 2 552 -14.84 26.37 -28.42
18 05 1 1 2 Sim 1 2 2 Sim 1 1 2 3 393 -11.89 13.19 -22.40
19 1 01 3 2 In 3 2 1 Sim 2 1 3 2 493 -13.86 91.44 -39.22
20 1 0.1 3 2 Out 1 3 2 In 3 2 1 3 1.83 -5.25 242 -7.68
2 1 01 3 2 Sim 2 1 3 Out 1 3 2 1 214 -6.61 506 -14.08
22 1 05 1 3 in 3 2 2 In 3 3 2 1 178 -5.01 206 -6.28
23 1 05 1 3 Out 1 3 3 Out 1 1 3 2 1.83 -5.25 254 -8.10
24 1 05 1 3 Sim 2 1 1 Sim 2 2 1 3 17 -4.61 206 6.28
25 1 1 2 1 In 3 2 3 Out 1 2 1 3 369 -11.34 176.95 -44.96
2 1 1 2 1 Out 1 3 1 Sim 2 3 2 1 2.83 -9.04 7.67 -17.70
27 1 1 2 1 Sim 2 1 2 In 3 1 3 2 376 -11.50 14.42 -2318
KEpxKd KEpuid KEpxMFe  KEpxMFe KEpxMFce KEpxMFce KEdxMFa KEckMFce MFexMFce
MFexMFce KEdxMFca KEdxMFs

Table 5.9 The L,; orthogonal array used to design the experiments together with the dead time
response results from the second case study

Run_KEp KEd
1 01 01
2 01 04
3 01 041
4 01 05
5 01 05
6 01 05
7 01 1
8 01 1
9 01 1
10 05 01
11 05 01
12 05 0.1
13 05 05
14 05 05
15 05 05
16 05 1
17 05 1
18 05 1
19 1 0.1

20 1 0.1

21 1 0.1

22 1 0.5

23 1 0.5

24 1 0.5

25 1 1

26 1 1

27 1 1

IAE ITAE
MFce L=0  L=01 _ 1=02 1=03  1=0 =01 1=02 1=03
In 4 3.9 3.9 38 128 1222 1158 109
Out 19 1896 1891  18.86 3426 338.96 33535 331.72
sim 1 109 1092 1087 111 109 107 104.97
Out 383 378 3.73 368 1155 1092 1029 965
Sim 2702 2697 2692 2687 7104 70654 7025 69852
In 2673 2668 2663 2658 7033 7007 697.94 69515
Sim 6 5.95 5.9 585 328 3214 3139 306
In 779 7798 7793 77.88 6001 6045 6039 6032
Out 1559 1554 1549 1544 23267 22983 22758 22536
Out 176  2.05 2.54 352 267 402 737 1822
Sim 39 391 3.86 381 1192 1119 1045 976
In 267 262 258 256 502 464 434 416
Sim 173 1.81 195 219 205 228 281 4.05
In 9.6 9.5 95 945 8835 8744 8643 8543
Out 256 253 252 253 452 425 4.1 4.1
In 343 3.37 3.32 318 925  B896 8.66 8.08
Out 56 5.55 55 545 2756 2679 2597 2517
Sim 4 3.95 3.9 385 1391 1344 1295 1246
sim 157 201 3.9 1222 247 469 38.9 320
In 1.9 18 1.76 184 262 227 2.22 2.59
out 167 189 224 278 261 3.55 532 8.77
In 177 1.75 1.75 1.86 1.97 1.86 1.86 2.56
Out 1.84 1.77 1.78 1.91 245 228 2.42 3
Sim 162 1.63 1.7 1.84 1.83 1.87 2 2.54
out 151 1.65 1.99 96 1.59 21 41 700
Sim 3 2.9 278 263 8.7 8.12 7.35 6.5
In 399 3.9 3.7 346 1567 1518 1419 1264

Table 5.10 Results for each performance using different dead times L =0, 0.1, 02, and 0.3
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Co-orinates where the maximum S/N response appears
IAE Interaction Plots ITAE interaction Plots OTFL
KE,xMF, [ KEg;x KE4 KE; x MF, KE; x MF, KE, x KEy [ KEp x MF,

KEgs
KEq2 * ™ v
KEgs
KEpy
KEp2
KEp * * * ¥ * > 7
MFe1
MFe2 * X v
MFes
MF et * 3 v
MF ez
MF ce3

Table 5.11 The factor level co-ordinates defined from a) IAE, b) ITAE interaction plots.
Symbol # represent the intersection between the studied interactions (columns) and their factor
level's with the highest response (rows). Symbol v represents the OTFLs for each of the
performance criteria

Four different dead times (ie. L =0, 0.1, 0.2, and 0.3) are used to investigate the controller's
robustness in this matter. For these dead times the results for each performance output are listed
in Table 5.10. As explained in Section § 5.2.8, analysis of data is evaluated using Equation 5.3
and Equation 5.4 to calculate the average (mean) and S/N ratio response respectively for each
trial/experiment and are listed in Table 5.9. However, only the S/N ratio response for both IAE
and ITAE response characteristics are considered for further analysis of the results since the
robustness of the controller's factors need to be investigated. ANOVA is the next step of the
analysis of the S/N ratio results where the significance of the four factors and their interactions
are measured and ranked together with their percentage contribution as depicted in Table 5.12

and Table 5.13. From these tables it can be observed that the most significant factors for both

IAE and ITAE performance criteria are KE, (55.96% and 42.11% contribution respectively) as

well as KE, and MF,. However, from the above analysis results the factor MF,, is not very
significant, which means it could be avoided in consideration as a tuning factor. Nevertheless, it
is included in the tuning rules as the number of the factors is very small and therefore all of

them can contribute in the tuning rules without causing complication in terms of constructing
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them and computation time. Consequently if a large number of factors were under

investigation, only the most significant ones would be included in the controller.

Factor Sum Square (SS) dof meansq(MSS) F-Ratio Significance % Contribution  Rank

KEp 1076.1 2 538.05 52.83 99% 55.96 1
KEp x MFe 364.33 4 91.08 8.94 18.95 2
MFe 232.93 2 116.47 11.43 99% 12.11 3
KEd 76.56 2 38.28 3.76 3.98 5
KEp x Kd 47.46 4 11.87 1.16 247 6
KEp x MFce 44.09 4 11.02 1.08 229 7
Error 81.48 8.00 10.19 1.00 4.24 4
ST 1822.95 26.00 100.00

Table 5.12 ANOVA table for IAE

Factor Sum Square (SS) dof mean sq (MSS)  F-Ratio Significance % Contribution Rank

KEp 3692.05 2 1846.03 36.21 99% 421 1
KEpxMFe 2642.42 4 660.61 12.96 30.14 2
MFe 564.24 2 282.12 5.53 95% 6.44 3
Ked 547.76 2 273.88 537 95% 6.256 4
KEp x KEd 465.63 4 116.41 2.28 531 5
KEp x MFce 446.9 4 111.73 219 5.10 6
Error 407.82 8.00 50.98 1.00 4.65 7
ST 8766.81 26.00 100.00

Table 5.13 ANOVA table for ITAE

The evaluation of the above analysis is the vectors of the optimal tuning factor levels for the
performance criteria under consideration. Thus, for the 1AE and ITAE the OTFLs vectors are as

defined in Equation 5.40 and Equation 5.41 respectively:

lfrl = {KE KE{dz ’ MEeZ H MF;‘Cel } (540)

Py

l/lz = {KEpp] 9KE(d2 aMF;ez ’MECEl } (541)

where KE,, =KE, , KE, =KE, , MF,, =MF, , MF,, =MF,

and the resulting tuning rules are:
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R;:TF pg >0 THEN tune factor KE, AND factor KE » AND factor MF, AND factor MF,,

Ry 1F pg_ >0 THEN tune factor KE, AND factor KE » AND factor MF, AND factor M.

ce

The performance states for each criterion p,,, pprand pg, is measured and the FCSS method

is used to optimise the overall tuning factor level vector, which defines the Equation 5.42.
Ly = {LoFKEP ’LoFKEd ’Lol-j\,Fe SLoFM,,-u ) (5.42)

From Equation 5.6 the L _ s Loy, sLor, sLor, are defined by Equation 5.43 to Equation
A p y) MF, MFo,

5.46.
i (w,up1 ‘KE,, + Weg 1- KE, )+ (W,KEP 1 KE, + Wes, 2 "KE, ) (5.43)
Fy -
s (WIKE |+chE ])+(WIKE 2+chE 2)
» 2 4 4
—_ (w’KEd i KEIdz + wCKE,; 1’ KEdcumm ) + (WIKEJ 2° KEMZ + chEd 2 KEdﬂmﬂ" ) (544)
=
oFkz, (wtmd1 +WcKE,,1)+(W’xE.;2 +chEd2)
L (Wlm-',l ’ MFlez + w"MF,l ) MFerumm )+ (W’MF, 2’ MF'eZ + wCMFe 2’ MFe‘“""" ) (5 45)
F =
OFrir, (WmFEl + wCMFel )+ (WIAII'} 2t waFe )
L (w’MF:,l “MFi, + Weu, ! MF,,,.)* (W’MFC. 2 MFy, + Weur, 2 MF o) (5.46)
F =
O Miee (w’AIFM 1t WCMF" ! ) + (w’MFa 2t wC“”"ﬂ 2)

The weight values come from the DOF of the S and Z MFs as described in Section § 5.2.11,

Figure 5.3.

The results of the tuning performance are illustrated in Figure 5.11 to Figure 5.15 and in the

Table 5.14.
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5.4 Discussion

The analysis described on this chapter involves eleven major steps, which can be grouped as:
defining the performance criteria and factors together with their levels and interactions (step |
through to 4), planning a matrix experiment to determine the effects of the control factors (step
5 through to 6), conducting the matrix experiment (step 7), analysing and verifying the results to
determine the OTFLs (step 8), verification of the optimal factor levels (step 9), constructing the

fuzzy rules to tune the factor levels (step 10) and finally developing the tuning engine using the

FCSS (step 11).

The steps of the Taguchi methods can be easily processed using one of the available software

packages. In this study the WinRobust ® program was used (WinRobust, 1995).

Taguchi Design of Experiments method is used as it:

Provides a more efficient way of designing experiments using a minimum number of

experiment using its Orthogonal Arrays,

Provides a strategy that analyses and prioritises the significant factors, the factor levels and

the interacting factors,

Provides a technique for sensible decision-making to define the tuning rules,

Provides analysis of robustness of the factors,

Gives a process that will provide a better understanding of the controller and the system.
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5.4.1 Performance analysis for the fuzzy-PD controller

5.4.1.1 First Case

Before the analysis of the results some clarification is needed. The fact that all the SFs are

significant for all of the performance criteria means that all of them must be included in the

structure of the controller as well as in the tuning rules. The interaction between KE, x KE, is

significant for both p,,, and pg. This means that construction of the rules referring to these

criteria needs to be applied in a way that both factors KE, and KE, should be change.

The performance of the tuning controller has been demonstrated by way of a long series of
experiments whose results helped to establish some of its characteristics. Figure 5.7 shows the
response of Equation 5.7 in different performance states. The order of Figure 5.7 (a) to (f) is
based on high overshoot and low rise/settling time to low overshoot and high rise/settling time.
The dashed line is the response before tuning and the solid line represents the response after
tuning. Table 5.8, columns 3 to 5, show the SFs and columns 6 to 8, show the performance
characteristics. The odd numbered rows refer to gain settings and response performances before
the tuning method is applied, whereas the even numbered rows represent performance after
tuning. Examining the 9" & 10" columns of the Table 5.8 it can be seen that the improvements
in IAE and ITAE are at least 50% for all of the cases and confirms the suitability of the tuning

method. Note that all of the tuning is done by a one-step procedure.

Observe that even in real systems such as the applied ac motor there is a trade off between
overshoot and rise time in the results in experiment (c) & (d) in Table 5.8 both decreased

simultaneously. Moreover, in example (@) & (b) the rise time increased a little which may be

considered negligible.
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5.4.1.2 Second Case

In this case different values of the dead times (L) have been used to identify the controller
performance. These values are different to the initial ones that have been used for the analysis to
optimise and tune the input SFs. As a result the applicability of the method for tuning the factor
levels having any initial values is demonstrated. Figure 5.11 shows the response of Equation 5.7

before (dash line) and after (solid line) tuning the fuzzy PD controller.

Figure 5.11 (a) illustrates the performance results before and after tuning the fuzzy PD
controller and the setting of the peaks of the MFs as well as the values of the SFs which are
shown in the 2™ row of Table 5.14. The value of the dead time (L) is setas L=03. Figure 5.12
(a) and Figure 5.13 (a) illustrates the MFs before and after tuning respectively. Considering the
results in Figure 5.11 and Table 5.14, 12" & 13" columns, the performance of the controller has

been improved more than 50% for the IAE and 80% for the ITAE.

In Figure 5.11 experiments () to (d) indicate the response when L=0.05 in (b), L=0.15 in (¢)
and L =025 in (d). The initial (before tuning) settings for all dead times are identical for both
input SFs and the peaks of the MFs as illustrated in the 4™, 6™ and 8" row of the Table 5.14. For
the setting of the MFs it can be seen from Figure 5.14 that they are almost symmetrically
distributed on the universe of discourse and therefore the control surface is almost linear. After
tuning both SFs and peaks of the MFs factors their values are defined as illustrated in Table
5.14 rows 5, 7 and 9. Figure 5.15 shows the tuned MFs for all dead times together with their

1™ columns

corresponding control surface. Note that in the case of L =025 Table 5.14, 9" to 1
and 8" to 9™ rows, the improvement of both rise and settling time is very high where only small

overshoot appears as can also be seen in Figure 5.11 (d). Finally, it should be noted that the
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control surface in Figure 5.15 (b), (d) & (f) are different to the steep' surface in Figure 5.13 (b)
which proves that the parameters of the MFs, thus the control action, change according to

Equation 5.6 of the FCSS method.

5.5 Summary

This chapter presents a proposed systematic design and analysis of the FLC's parameters
defined by eleven steps. The performance criteria as well as the independent parameters/factors
are determined in the first two steps respectively. The selection of the interactions of the factors
that may influence the performance characteristics of the systems under study is the third step of
the procedure. The definition of possible tuning control factor levels, the number of experiments
and the selection of the appropriate orthogonal array are the fourth and fifth steps respectively.
The assignation of the factors to the columns of the orthogonal arrays and locating interaction
columns are described in the sixth step. The experimental procedure and analysis of the
experimental results is defined in the seventh step. The optimal factor levels are verified and a
proposed way to construct the fuzzy rules to tune the factor levels is defined in the eight and
ninth steps respectively. The construction of the fuzzy rules to tune the factor levels by using a
proposed fuzzy combined scheduling system approach are the final two steps of the proposed
systematic methodology. Two case studies are used for the application of the proposed method
and the results are discussed analytically. In the next chapter the proposed approach is applied
to optimise and tune the scaling factors for a fuzzy-like PD controller used in an underwater

vehicle.

! The surface has a steeper slope, or higher gain, near the centre of the table compared to the linear

surface, but they have the same values pair-wise in the four corners (Jantzen, 1997)
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Steering & Depth Control of
an Underwater Vehicle
(GARBI)

6.1 Introduction

This chapter presents the development of Fuzzy-like Proportional Derivative Controller (Fuzzy-
like PD Controller) to control the yaw & and the depth z of GARBI underwater vehicle
(Figure 6.1) in terms of keeping the path of the navigation to the desired one, and/or changing
the path according to set point changes. This makes the navigation smoother and safer, the

propulsion more economical and more accurate path-keeping.

Fuzzy-like PD Controller is a type of controller that is based on the combination of Fuzzy Logic
and conventional Proportional-Derivative (PD) control techniques as discussed in Chapter 5.
The main advantage of this type of controller is that they can be applied to systems that are non-
linear and where it is difficult to obtain a mathematical or other type of model. Note that the

model developed in Chapter 2 describes the dynamics only in terms of rotation about the z-axis,
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The rest of the chapter is organised as follows: Section § 6.2 presents the tasks that the
controller of GARBI underwater vehicle has to undertake. In Section § 6.3 the procedure of how
to design a Fuzzy-like PD controller are described extensively based on the approach proposed
in Chapter 5. Analytically, in Section § 6.3.1 the design aspects of the "FLC" part of the Fuzzy-
like PD controller are discussed i.e., input/output universe of discourse and linguistic variables —
MFs, construction of the rule base, operators and defuzzification method. In Section § 6.3.2 the
design aspects of the SFs of the controller are also discussed. The design of experiments to
obtain the optimum and tuning values of the parameters of the Fuzzy-like PD Controller for
GARBI is presented in Section § 6.4. Moreover, the definition of the performance criteria, of
the parameters/factors (f), the possible tuning control factor levels (/) and the selection of the
appropriate orthogonal array are defined in Sections § 6.4.1 § 6.4.2 § 6.4.3. In Section § 6.5 the
results of the experiments conducted in a real environment are presented. Section § 6.6 analyses
the results to define the optimal parameters of the Fuzzy-like PD controller using analysis of
means (Section § 6.6.1) and analysis of variance (Section § 6.6.2). The way to construct
GARBI's Fuzzy-like PD controller's tuning fuzzy rules is described in Section §6.7. In Section
§ 6.8 the Fuzzy Combined Scheduling System (FCSS) approach is applied. The verification and
tuning of both yaw and depth Fuzzy-like PD controllers’ parameters based on new experimental
trials is discussed in Section § 6.9. Finally, a Summary of the chapter is presented in Section §

6.10.

6.2 Control tasks of GARBI underwater vehicle

As in any underwater vehicle, the dynamics of GARBI are coupled and highly non-linear. When
designing GARBI's controller it is necessary to compensate for its non-linear dynamics and
kinematics, non-linearities due to thrusters and pressure hysteresis, barometer dead-zones, and
the noise in yaw and depth measurements. Therefore, robust controllers that reliably perform

complex tasks in the face of the above uncertainties should be used. Fuzzy-like PD Controller is
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designed to make the vehicle follow the commands from the pilot in terms of course-changing

and course-keeping of both yaw angle and depth of the robot.

Controllers for course-keeping and/or course-changing are normally based on feedback from a
gyrocompass measuring the heading for the yaw and air pressure-sensors measuring the

difference of the pressure inside and outside of the robot for depth.

The control objective for a course-keeping controller can be expressed as 8,z = constant. For

course-changing, the objective is to follow the changes of the pilot commands with the best

control performance in terms of small overshoot, settling time and steady state error.

Figure 6.2 shows a simplified scheme of course-keeping/course-changing control configuration.
The structure uses independent FLCs for each controlled variable (Yaw and Depth), greatly

simplifying the design at the cost of some decrease in performance. The corresponding inputs of
these controllers are the error e, between the real and the desired yaw angle and the error e,
between the real and the desired heave position as well as the corresponding change of the

above errors Ae, and Ae, (see Figure 6.3 and Figure 6.4)

e(nT)=6,, - 6(nT) (6.1
e,(nT) = z,, — z(nT) (6.2)
Ae, (nT)=e, (nT) e, (nT ~1) (6.3)
Ae,(nT)=e,(nT)—e,(nT -T) (6.4)

where e(nT), Ae(nT) and 6,z(nT) designate crisp error rate and process output at sampling

time n7T respectively. The computed rate (Ae) may not be the actual one due to delays and
noise of the measurements. To overcome this problem a rate gyro should be used.

Unfortunately, in the GARBI underwater vehicle the above device was not available.
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6.3 Designing the Fuzzy-like PD controller for GARBI

In studying the dynamic properties of the fuzzy controller, the mode! of the process is needed so
that the impact of the successive control actions may be monitored. Since a model of GARBI is
not available, the dynamic properties of the closed loop structure have to be derived intuitively
and experimentally. This is one of the important features of the idea of fuzzy controllers.
However, the tuning of Fuzzy-like PD Control systems is a fundamental problem, especially for
optimum performance and therefore, more sophisticated procedures than the tuning of
conventional controllers is needed. The reason for this is that FLC is an extremely flexible
system, whose behaviour is determined by a large number of parameters. There are two
different levels of tuning during the design of Fuzzy-like PD controllers. The first level includes
the structure, the rule base, the antecedent and consequent MFs together with their distribution,
the inference mechanism and the defuzzification strategy. The second level is the tuning of gain
parameters. This includes the SFs and other gains used in building the structure. As described in
Chapter 5 the dynamic properties of the controller can be adjusted by a series of carefully
designed experiments. As the experiments for an underwater vehicle in a real environment are
expensive and time consuming, the minimum number of experiments must be executed.
However, the risk of losing vital information that can result from large amount of data can be
overcome if the experiments are designed using the appropriate orthogonal array of the Taguchi
Design of Experiment Method (Fowlkes, 1995) to find the set of optimum input/output

parameters. This is explained in detail in Sections § 6.4 to § 6.5.

6.3.1 Design aspects of the “FLC” part of the Fuzzy-like PD controller (first level)

The design aspects of the FLC is a unified approach to determine both its parameters (linguistic

labels and reference fuzzy sets) and its structure (rule-base) (Yager and Filev, 1994b).
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Specifically the criteria to set the design procedure for the FLC part of the Fuzzy-like PD

controller for both yaw and depth control are presented as follows:

6.3.1.1 Input/output universe of discourse.

Each universe is restricted to an interval that is related to the maximal and minimal possible
values of the respective variable, that is, to the operating range of the variable. Both inputs of
yaw i.e. Eg, AE,and depth ie. E,, AE, controllers are operated in the whole range of their
universe. Therefore, for the universe of the yaw and depth controllers the maximal limits are as

in Equation 6.5 to Equation 6.8 and the minimal limits are as in Equation 6.9 to Equation 6.12

respectively

E, =e, *8, =YawUniverse,, (6.5)
AE, =Ae, *S, =YawUniverse, (6.6)
E. =e_ *S. =DepthUniverse,,, 6.7)
AE, =Ae, *S. = DepthUniverse,,, (6.8)
Egm =e, *S,,e = YawUniverse ;, (6.9)
AE, =Ae, *S8, =YawUniversey, (6.10)
EZ...;,. =e. *S_,e = DepthUniverse 6.11)
. =Ae, *S. = DepthUniverse,, (6.12)

For the yaw controller two different universes are applied. The first is within the range of —90°

to +90° degrees and the second is within the range —180° to +180° degrees in the cases where
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"Small" or "Big" changes occur in GARBI's navigation path respectively. Moreover for the
depth controller the universe is in a range of 10 meters. Thus the depth Fuzzy-like PD controller

rules are fired only within this range.

For simplification and unification of the design of the FLC and its computer implementation,
however, it is more convenient to operate with normalised universes of discourse of the
input/output variables of the FLC. The normalised universes are well-defined domains; the
fuzzy values of the input/output variables are fuzzy subsets of these domains. In general, the
normalised universes can be identical to the real operating ranges of the variables, however, in
this application both input error and change-of-error of both yaw and depth fuzzy controllers

coincide with the closed interval [-1,1].

In the output of both controllers, the minimum and maximum values (V,,,, V) of voltage

that can be applied for all of GARBI's propellers are 3V and 10V respectively. However these
upper and lower voltage limits may change due to the hardware modifications. Therefore, it
could be practically more efficient to normalise between 3 to 10 V. As a result the output of

each controller is:

Ny =Viin + Yo (6.13)
7, =V -2 (6.14)

U, and U, are the output voltages from both yaw and depth FLCs respectively where

U,=u,-S, (6.15)

8

U, =u,-S (6.16)
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The above normalisation procedure is fitted into a Power Scaling Block (PSB) as can be seen in
Figure 6.3 and Figure 6.4. As can also be seen in those figures, limiters are set before the inputs
of GARBI's FLC to ensure that the rules will not be fired in case saturation exists due to
possible noise disturbances of yaw and depth measurements. Moreover, limiters also exist in the
output part of both controllers. That is to ensure that the output commands to the propellers are

within their specification properties in case for instance of improper design of the controller's

parameters.

6.3.1.2 Input/output linguistic variables - MFs.

The choice of the shape of the antecedent MFs is triangular (24, (x), p15(X),..., p1,(x)) with a

specific overlap of 0.5. This means that the height of the intersection of the two successive

fuzzy sets is:

1
hgt(p; N p) = 5 (6.17)

The overlapping of 50% ensures that each value of the universe is a member of at least two sets,
except possibly for elements at the extreme ends. Note that if there is a gap between two sets no

rules fire for values in the gap and therefore, the control function is not defined (Jantzen, 1993).

The descriptions of these MFs used in the control algorithm are either in functional form or are
defined numerically. Thus, in this case the functional form is used due to their simplicity in
calculating the degree of freedom of the rules. Additionally, due to normalisation of the universe
of discourse procedure, the functional-type MFs changes their parameters subsequently (Yager

and Filev, 1994b). The mathematical construction of these triangular MFs with overlap of 0.5 is

as in Table 6.1.
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Triangular MF
1 fus< ct
L = L
u)= _
Left # ) max{O,l + (c) 3 i‘} otherwise
Sw
max{O,l + OHS_CL } fu<sc
. Sa
Centre ,u(‘ () =
c—u
max{o,l + 050 L} otherwise
u-ck if usch
L max< 0,1 + 7
Right u ()= 0.50 )
otherwise

—

Table 6.1 Mathematical Characterisation of Triangular MFs

Notice that ¢ is the centre of the triangular MF and @ is the base-width, c¢* specifies the
"saturation point" and @" specifies the slope of the non-unity and non-zero part of u*. The

selection of MF has two important characteristics: one is its optimal interface design and the
other is its semantic integrity (Pedrycz, 1994). The concept of these characteristics described in

the following:

¢ Optimal interface design.

Error free Reconstruction: In a fuzzy system a numerical value is converted into a
linguistic value by means of fuzzification. A defuzzification method should guarantee

that this linguistic value can be reconstructed in the same numerical value as in

Equation 6.18.

vxelabl: ffx)]=x (6.18)



Chapter 6 Steering & Depth Control of an Underwater Vehicle

e Semantic integrity.

Justify the labels and number of Elements: The number of sets defined is seven. As also
mentioned in Chapter 2, this number comes from the recommendation that the number
of the sets should be compatible with the number of "quantifiers" that humans being can
handle which actually is within the limit of 7+2 distinct terms (Espinosa and
Vandewalle, 1997). The input/output variables of GARBI's FLC are quantified into sets
of classes defined by linguistic labels such as “Positive Big” (PB), “Positive Medium”
(PM), “Positive Small” (PS), “Zero” (Z0O), “Negative Small” (NS), “Negative Medium”
(NM) and “Negative Big” (NB). Linguistic labels (terms) and their associated fuzzy sets
form a fuzzy partitioning of the (normalised) universe of discourse. Thus, both the error
and change of error term in Figure 6.5 determine a fuzzy partitioning of the universe [-
1,1] into seven fuzzy sets. The number of linguistic labels in one set, determines the
cardinality of the fuzzy partitioning of that universe of discourse. Cardinalities of the
sets associated with the inputs of the FLC define the maximum number of rules
contained in its rule-base. Therefore, for GARBI's FLC, the partitioning of the universe
of discourse for both the error and change of error into seven fuzzy sets each, results in

the maximal number of 49 rules.

Distinguishability. Each of the linguistic labels should have semantic meaning and the
fuzzy sets should clearly define a range in the universe of discourse. So, the MFs should
be clearly different. The assumption of the overlap equal to 0.5 assures that the support
of each fuzzy set will be different. The distance between the modal values of the MFs is

also very important to make sure that the MFs can be distinguished. The modal value of

the used MFs is defined as the a—cut with a=1

lu;(a=1)(x)9 i= 1’2"“’N (619)
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Completeness is an important characteristic of the fuzzy sets (Lee, 1990a), (Pedrycz,
1993). It expresses the ability of the fuzzy control algorithm to infer a control action
with confidence not less than a minimal level &, for which the threshold & — cuts of all
terms cover the interval universe. Decreasing this parameter decreases the fuzziness of
the partitioning of the input space of the FLC. Based on heuristic considerations some
authors suggest minimal completeness level &£=025 (Kosko, 1992); (Berkan and
Trubatch, 1997). As can be seen from Figure 6.5 for both antecedents’ MFs the universe
of discourse for each variable is uniformly partitioned and the MFs are placed with 50%
overlap and therefore the level of completeness is &=0.5. This actually is a fixed

structure for initial setting of most FLCs.

Normalisation. Due to the fact that each linguistic label has semantic meaning, at least
one of the values in the universe of discourse should have a membership degree equal to
one. In this particular FLC design all of them do so and therefore all the fuzzy sets are

"normal”.

The MFs of the consequences are singletons & with seven linguistic labels: “Positive Big”
(PB), “Positive Medium” (PM), “Positive Small” (PS), “Zero” (ZO), “Negative Small” (NS),
“Negative Medium” (NM) and “Negative Big” (NB) equally distributed between —1 to +1

values (see Figure 6.6).
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rules with singletons can be use without losing the performance of the control (Sugeno et al,

1993).

Finally it is important to remark that the use of singletons gives more linguistic meaning to the
rules, whereas the Takagi-Sugeno model can improve the approximation properties of the

controller (Passino et al, 1998). It is therefore advisable for real time fuzzy control applications

to use singletons £ in the output. This results in simpler and faster control action (Jantzen,

1998); (Nguyen et al, 1999).

6.3.1.3 Construction of the Rule (knowledge) Base

The construction of the rule-base is the crucial and the most difficult aspect of the FLC design
(Lee, 1990a). It is also one reason for criticism of fuzzy logic control because, in general, there
are no systematic tools for forming the rule-base of the FLC. However there are two main

notable methods (Yager and Filev, 1994b) based on:
e Intuitive knowledge and experience

e Use of the concept of a template rule-base

In the first method, the FLC is designed as a simple expert system and therefore, different
sources of knowledge, resulting in formulation of alternative rule bases, can be considered. One
reasonable source is the knowledge, based on the experience of an operator, controlling a given
system. This allows introduction of "rule of thumb" experience in the control strategy. Usually it
is difficult to extract control skills from the operator in a form that can be useful for construction
of the rule-base of FLCs. Moreover, there is no reason to believe that these rules are the best
control strategies. Most FLC's combine an approach based on the operator's experience with a

good understanding of systems and control theory and this has proved satisfactory during the
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70's and 80's in industrial applications of fuzzy control (Bernard, 1988); (Sugeno, 1985); (Tong,

1985).

In the second method the template rule-base is regarded as a basic tool uniting the common
engineering sense and experience in fuzzy logic control. MacVicar-Whelan (MacVicar-Whelan,
1977) developed this type of rule-base template which was introduced in the first FLC,
(Mamdani and Assilian, 1975); (King and Mamdani, 1977). The MacVicar-Whelan rule-base
summarises the rules used in the rule-bases of these FLCs, and in addition includes situations
(combinations of linguistic labels of input and output variables of the FLC) that were not
defined. The expansion of the original rule-bases is established on the following three metarules

(Tang and Mulholland, 1987):
1. Ifboth e(k) Ae(k) are zero, then maintain present control setting

2. Ifconditions are such that e(k) will go to zero at a satisfactory rate, then maintain present

control setting

3. If e(k) is not self-correcting, then control action Ae(k) is not zero and depends on the sign

and magnitude (small, medium, large, etc.) of e(k) and Ae(k).

As operators' expert knowledge for GARBI's dynamic properties are not available, the
MacVicar-Whelan rule-base template is used in the FLC part of GARBI's Fuzzy-like PD
Controller. As mentioned in Section § 6.3.1.2, each of the FLC blocks contains 49 rules. The

cell defined by the intersection of the first row and the first column represents a rule such as,
if e(nT)is NB and Ae(nT) is NB then u(nT) isNB

The rule base is presented in the table format shown in Table 6.2:
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e\Ae | NBINM | NS [ZO [ PS |PM | PB
NB | NB | NB|NB|[NB|NM|NS|ZO
NM | NB | NB |NB |[NM| NS [ZO | PS
NS |NB|NBINM|NS|ZO | PS |PM
ZO | NB[NM[NS |ZO | PS |PM | PB
PS |INM|NS [ZO [ PS |PM | PB | PB
PM | NS|1Z0 | PS |PM | PB | PB | PB
PB |ZO|PS |PM|PB|PB|PB|PB

Table 6.2 The Rule Base of a Fuzzy-like PD in tabular form.

Analytical explanation of how the above rule base table is designed can be found in Reznik,

(1997).

6.3.1.4 Operators

Using the min operation for the aggregation AND (outer product) of the fuzzy rules, the output
fuzzy set is given by u, =min(u,,u,,). Thus, the Fuzzy-like PD controller is a controller
where the output is a non-linear function of the error, e and its derivative de/dt

(u = Fle,de/dt)), where F is a non-linear function of two variables.

6.3.1.5 Defuzzification

The control signal results from the defuzzification method that uses the degree of membership

functions of the antecedent and the singleton of the consequences of the MFs obtained by:

R
Zé] .ui
=i
Z H;
i=1

u (6.20)

where u, is the degree of MF defined in Table 6.1, ; is the singleton’s value and R is the

number of rules.
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6.3.2  Design aspects of the SFs of the controller (second level)

One way of improving the dynamic properties of the Fuzzy-like PD control systems is to
optimise and adjust (tune) the constructing parameters. However, there is no general method for
tuning them. Most successful results reported are based on the combination of expert

understanding about the controlled object and the use of the analogies between the FL and PID

controllers (Zheng, 1992).

As discussed in Chapter S, SFs are the main parameters used for tuning the FLC. SFs play an
important role in the formation of the dynamics of the close-loop structure leading to the desired
response of the controlled system (Zheng, 1992). The importance of an optimal choice of input
SFs is evidently shown by the fact that inappropriate scaling results is either shifting the
operating area to the boundaries or utilising only a small area of the normalised universe of
discourse. Additionally, the adjustments of the output SF affects the close-loop gain, which has,

direct influence on stability and oscillation tendency.

For the Fuzzy-like PD controller, the corresponding SFs are, for the inputs S,,S,, and for the

output S, respectively. These factors influence the dynamics of the system as:

e ifboth S, and S,, increase, the control becomes more sensitive around the set point until

oscillations are observed,

e where S, and S, decrease, a tolerance band exists around the set point and a large steady-

state error is quite common. So if the SFs are too small, the system gives a poor response,

e S affects the proportional gain, so it is desirable to have them as large as possible without
u
creating too much overshoot. If too small, the system will be too slow, and if too large the

system might become unstable,
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In addition as discussed by (Procyk and Mamdani, 1979):

e High values of S, results in good responsiveness of the system (low steady-state error, and

rise time), but they lead to poor stability (large overshoot). Analogously low values of S,

lead to a poor response.

e Faster convergence is bounded by high values of S, and S,,, and relatively low values of

S, .

u

Despite the above general directions to optimise and adjust (tune) the SFs, their effectiveness is
bounded by the contradictory requirements resulting from different performance measures.
Additionally, the interactions and the significance of the SFs vary according to the system.
However, a systematic approach (proposed in Chapter 5) to overcome the above drawbacks and
determine the parameters together with their tuning and robust performance of GARBI's Fuzzy-

like PD controller is applied as described in Section § 6.4.

6.3.3 Sampling time

The sampling time is set to 1 second. This is actually the smallest sampling time that could be
used due to GARBI's communication line specifications. However, its sensitivity to the input
parameters is investigated during the design of the experiments as explained in Section §6.4.2.
Note that if the sampling time is too small the computation of Ae may become too sensitive to

noise. This normally shows up as a "restless” control signal.

6.3.4 Software implementation of the Fuzzy-like PD controller's of GARBI

Where the design properties of the Fuzzy-like PD controller's of GARBI is defined, its software
was developed at the Mechatronics Research Centre and tested in the Computer Vision and

Robotics Lab at the University of Girona. The software routines were implemented in Borland
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C++ ver 5.2 and LabWindows CVI ver 5 under Windows 95/98/NT operating system. The main
source code of the control software is illustrated by the flow diagram shown inFigure 6.7. The
communication protocol block is to check the communication properties between the surface
computer and GARBI's local unit computer; the mission setting block is developed to set the
yaw and depth mission properties and the two controllers are working independently to
command the propeller power settings. The run time for both controllers' routines was less than
9ms using PENTIUM II 333 MHz processor. This was less that the smallest sampling time

(1sec) that can be used. The software was tested in terms of the communication abilities of the

robot with the host computer in the Laboratory.

Communication
Protocol with
GARBI
Sensors
reading —
Read Mission
Plane
Fuzzy-like PD Fuzzy-like PD
controller for controller for
depth vaw
PROPELLERS

Figure 6.7 Flow diagram of the source code developed for GARBI's controller
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6.4 Design of Experiments to obtain the optimum and tuning values of the

parameters of the Fuzzy-like PD Controller for GARBI

Optimising a control system's design means determining the best architecture, levels of control
factors, and tolerance. In Chapter 5, a systematic methodology of how to identify the optimum
values of Fuzzy-like PD controllers in terms of control performance and robustness was
developed. This includes defining the relationships between control parameters and
performance, investigating which parameters are more important and which are not, and by how
much. The proposed method is based on experiments using Taguchi technique of
experimentation. The method is applied to GARBI's Fuzzy-like PD Controller to optimise and

tune the SFs.
This method includes the following steps:

o Definition of the performance criteria

e Definition of the parameters/factors (f) and the possible tuning control factor levels (1)

o Selecting and assigning factors to the columns of the appropriate Orthogonal Array

e Conducting the Experiments (in a real environment)

e Analysis of the results to define the optimal parameters of the Fuzzy-like PD controller

e Constructing GARBI's Fuzzy-like PD controller's tuning fuzzy rules

o Applying the Fuzzy Combined Scheduling System (FCSS) approach

e Verification and tuning of both yaw and depth Fuzzy-like PD controllers' parameters based
on new experimental trials

Description of the above steps is presented in the following sections.
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6.4.1 Definition of the performance criteria

The performance criteria of the system has been chosen as the Integral Absolute-Error (IAE)
and Integral-of-time-multiplied Absolute-Error (ITAE) (Ogata, 1990). Large errors are
penalised heavily using IAE, however, using ITAE, the contribution of large initial errors is
reduced whereas errors occurring late in time are penalised heavily. Therefore, IAE reflects the
transient response and ITAE reflects the steady-state response. The optimal controller in this
case is the one that minimises these integrals. Thus, the performance criteria vector p, includes

the above performance measurements:
bo = {Pmﬁw > PITAE 1 2 PIAE 1y, PITAE } 6.21)

where Pisk,,, > PlaE,, and Pira,, » Prrag,,, 8r€ the IAE and ITAE for yaw and depth

performance respectively.

6.4.2 Definition of the parameters/factors (f) and the possible tuning control factor

levels (1)

The SFs are the parameters/factors of both yaw and depth Fuzzy-like PD controllers of GARBI
have been defined. When a SF is changed, it is assumed that the definition of each membership
function will be changed by the same ratio. Hence changing of any SF can change the meaning
of one part, the IF-part or THEN-part, in any rule. Therefore, it can be said that the change of

SFs may affect all of the control rules in rule Table 6.2.

For both yaw and depth controller, the SFs are applied in their corresponding input (i.e.

S, ,S,. , S, .S, )and outputs (ie. S, Su,) @ illustrated in Figure 6.3, Figure 6.4 and
(754 9 > e, T z

therefore the factor's vectors are f ={S, ,Sx,, 384, } and f={S, .S, .S, } respectively.
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Three factorial levels are chosen for all SF of both yaw and depth controllers. The choice of

their values is based on min, max and an intermediate value that excites the response of the

system. Their values are for:

Input SFs:
S., s, ={S,,,5,,-5,,}={05,0.75]} (6.22)
Se, Is, =1S.,,S. .8, .} =1{0.50.75,} (6.23)
Ste, 15y, ={SnepsStery>Snep,} =10.51,2} (6.24)
Sre, sy, =1Sne,»Sa,+Sn, } =10.51,2) (6.25)
Output SF:
Su, s, ={8u,58u,Su,} = (3,7,10} (6.26)
S, ls, ={S.,58.,,S.,} = {3,710} (6.27)

which are the possible optimal tuning factor levels as defined in Chapter 5 (Section § 5.2.4).

, S, have been derived

uz)

The minimum value of all SFs ie. S, , S, , Sa,> S, > S

g
experimentally as the lowest ones which excites the systems' response when the input/output

signals have the smallest values.

For the SFs S, ,S, the error e input signal is shifting in the universe of discourse from the
(] z
initial values i.e. where Sy, =1 to smaller ones ie. where S, .S, =0.75 and

S, =0.5. As a result, investigating the set of rules, in the rule Table 6.2, their excitement
1

€n’"e,
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in this case is shifted to the labels with small values. Moreover for the SFs She, s S, the

change-of-error Ae input signal is shifting in the universe of discourse from the initial values

i.e. where S,, ,S,, =1 toasmaller one i.e. where Saep s5ae, = 0.5 and/or to a bigger one i.c.
where S,, .S, =2. Therefore, the rules that are fired are shifting to the ones with labels

corresponding to small and/or big values. Note that the SFs § aep > Sae, the level's value is chosen

as 2 so that it may assist the response of these factors in case Ae becomes very small and thus

meaningless. Hence if the final optimal level's value is 2, this implies that the sampling time

should be increased.

The output of the controller is a value that is multiplied by the output SF's, to give the voltage

that is be applied to the robot's propellers.

6.4.3 Selecting and assigning factors to the columns of the appropriate Orthogonal

Array

The orthogonal array of the Taguchi Method was used to plan the experimentation for the
underwater robot. Three factors (S,,S,,,S,) at three levels each are defined as explained in
Section § 6.4.2. With a full factorial, this would result in 3* (27) different experiments.
However, using Equation 5.1 for a three factor three level experiment, six degrees of freedom

exist, so an orthogonal array with nine experimental runs can be employed instead. Table 6.3

shows the orthogonal array (Phadke, 1989) for both Yaw and Depth experiments that is

sufficient for this study.
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No Se SAe Su

Exp
1 05 0.5 3
2 0.5 1 7
3 0.5 2 10
4 1 0.5 7
5 1 1 10
6 1 2 3
7 0.75 0.5 10
8 0.75 1 3
9 075 2 7

Table 6.3 The Orthogonal array with nine experiments (Phadke, 1989)

6.5 Conducting the Experiments (in a real environment)

Experimental trials in a real environment (Lake Banyolas, Spain) were held in Oct 1999 to test
both depth and yaw Fuzzy-like PD controller. Before the trials into the lake the gyrocompass
was calibrated to set its zero degree state with the horizon. Note that as the device is

electromagnetic, its calibration is important before the experimental trials.

As mentioned in Section § 6.3.1.1 the voltage used is in the range of 3 to 10 Volts (V). For

heading control the opposite voltage between the horizontal propellers (T, Tz) was used i.e.

+V, -Va. So, if the heading angle is turned to @° clockwise for instance, the voltage in the right

propeller T; is reduced and the voltage in the left propeller T; is increased by the same amount.

Using Table 6.3, the experiments to investigate both yaw and depth control performance were

undertaken. The navigation plan for the yaw experiments was:

e initial voltage of the horizontal and vertical propellers is set to 3V for a period of 60

seconds to make sure that the vehicle goes straight ahead. Equal power to the horizontal

propellers are employed the vehicle is moving away from the platform in the water
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® manoeuvring with set point of 90° for experiments 1, 5, 6, 7, 9 and 180° for the

experiments 2, 3, 4, 8. After the manoeuvring, the task is to keep the vehicle moving in the

same direction.

and for the depth experiments was:

e changing the depth course from 0 meters to 10m and then to 5m and then keeping it at this

depth.

Figure 6.8 to Figure 6.16 and Figure 6.17 to Figure 6.25 illustrates the yaw and depth response

together with the control output, the error e and the change-of-error Ae respectively.

It should be noted that due to the failure of one of the power cards for the vertical propeller
during the experiments it was decided to switch off the vertical propellers and add more weights
to keep the vehicle in the equilibrium position a few meters under the water. For the depth

experiments however, the power cards were swapped from horizontal to vertical.
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6.5.1 Experimental results in a tabular form

In this section the results of yaw and depth trials are presented in tabular form. Table 6.4 depicts
the results of yaw and Table 6.5 depicts the results in terms of both IAE and ITAE considering
the performances vector p, in Equation 6.21. However from these tables it is very difficult to
extract enough information, to identify the optimal parameters of the control system, due to the
limited number of experiments. Moreover, the complexity that appears in studying more than
one parameter at the same time is another drawback in this type of analysis. Antipodal, a
systematic way to investigate and tune these optimal parameters of GARBI's Fuzzy-like PD

controller using only the small number of experiments is applied as discussed in Chapter 5

(Section § 5.2.8) and presented in the next Section.

SCALING FACTORS

PERFORMANCE
No
Experi- Ses ey Sue Puc,, PriaE,,
ment

1 0.5 0.5 3 11.38 547.33
2 0.5 1 7 9.06 556.41
3 05 2 10 8.914 290.28
4 1 0.5 7 7.9 141.2
5 1 1 10 9.87 277.8
6 1 2 3 14.32 645.37
7 0.75 0.5 10 144 670.55

8 0.75 1 3 16.95 729
9 0.75 2 7 10.92 464.5

Table 6.4 Yaw performance in terms O, f IAE and ITAE from the real experiments. Graphically
illustrated in Figure 6.8 to Figure 6.16
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SCALING FACTORS DEPTH
PERFORMANCE
No
Experi- S, S, Sa, P, P,
ment o o
1 0.5 0.5 3 29.92 633.25
2 0.5 1 7 8.515 137.58
3 0.5 2 10 9.36 64.64
4 1 0.5 7 20.86 294.22
5 1 1 10 22.32 1265.25
6 1 2 3 80.62 4190.8
7 0.75 0.5 10 14.89 1118.72
8 0.75 1 3 84.17 5111.58
9 0.75 2 7 21.68 314.2

Table 6.5 Depth performance in terms of IAE and ITAE out from the real experiments.
Graphically illustrated in Figure 6.17 to Figure 6.25

6.6 Analysis of the results to define the optimal parameters of the Fuzzy-like PD

controller

Analysing the data is a systematic straightforward procedure as introduced in Chapter 5 and is
applied in this chapter for the real experimental results as follows:

6.6.1 Analysis of means

The analysis of means for each SF level is applied for the investigation of the OTFLs using the
results presented in the previous Section in Table 6.4 and Table 6.5. Thus, following the steps

presented in Section § 5.2.8 the OTFLs are defined as follows:
e for each factor level, the average responses are obtained using Equation 5.3

e these responses together with the levels are the co-ordinates that construct the plots used in

the analysis of the graphical representation of factor levels.

Thus Figure 6.26, Figure 6.27, Figure 6.28 and Figure 6.29 shows both yaw and depth responses

for the plot of IAE and ITAE means respectively. As the aim of the controller is to minimise
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both IAE and ITAE, the objective characteristic of these target values is "smaller-the-better” as

discussed in Section § 5.2.8.1. Therefore, for the yaw response:

Figure 6.26 shows the "IAE mean response plot" where the smallest yaw mean (average)
responses are the 9.79, 11.25 and 9.31 (circled values) for S,, s Sa, and S, respectively and

therefore, the OTFLs are:
L =18 >Sncy >y, } =10.5,0.5,7} (6.28)

Figure 6.27 shows the "ITAE mean response plot" where the smallest yaw mean responses for

Se,> Sa, and S, are 354.79, 453.03 and 387.37 (circled values) respectively and therefore

the OTFLs are:

1, =18, »Say »Su,, + = {1,0.5,7} (6.29)

€g3?

For the depth response the corresponding IAE means plot is shown in Figure 6.28 where the

smallest "depth average responses” for S, , S,, and S, are 15.93, 21.89 and 15.52 (circled

values) respectively. Thus the OTFLs are:

I, =18, >Sne, sS4, 1 =10.5,0.5,10} (6.30)

€’

Note here that these OTFLs are not defined as a combination in the experiment (Table 6.3),
however, using the Taguchi method it is able to be identified. This is one of the most important
features on the above approach as discussed in Chapter 5. That is, it is able to identify

experimental combinations that were not originally specified in the orthogonal array.

For the ITAE means plot shown in Figure 6.29 the smallest "depth average responses” for S,,

S, and S, are 278.49, 682.07 and 248.67 (circled values) respectively. Thus the OTFLs

are:
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I, =1{S. S, 5.} =10.5057} (631)

Moreover, from the above analysis of figures it can also be observed that more combinations of
the SF levels than those in Equation 6.28 to Equation 6.31 could also be used as optimal ones.
That is because some of the levels have values that are close the optimal level’s values. Table
6.6 and Table 6.7 illustrates the combinations of the SF levels that are Optimal, Close to the

Optimal and Not Optimal observed from the IAE and ITAE average yaw and depth responses

respectively.

Note that all optimal SFs for the change of error Ae input are 0.5. That means that the

sampling time that is chosen for the experiments do not cause sensitivity problems discussed in

Section § 6.3.3.

In the above study neither the S/N ratio nor the interaction analysis was under investigation as

neither replication nor enough experiments are available respectively.
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COMBINATIONS OF | IAE AVERAGE YAW RESPONSE ITAE AVERAGE YAW
THE SCALING OF THE SCALING FACTOR RESPONSE OF THE
FACTOR LEVELS LEVELS SCALING FACTOR LEVELS
S,, S, S., S, S, S,
Optimal 9.79 11.25 9.31 35479 45303 387.37
Close to the 11.39
Optimal 10.72 & — — 466,72 412.88
11.96
14.22 464,68
Not Optimal 14.09 — & & 521.07 640.57
11.06 621.35

Table 6.6 Combinations of the SF levels that are Optimal, Close to the Optimal and Not
Optimal, observed from the IAE and ITAE average yaw responses

COMBINATIONS OF
THE SCALING
FACTOR LEVELS

IAE AVERAGE DEPTH
RESPONSE OF THE SCALING
FACTOR LEVELS

ITAE AVERAGE DEPTH
RESPONSE OF THE
SCALING FACTOR LEVELS

Se: SAe: Su: S e, SAe: SuZ
Optimal 15.93 21.89 15.52 278.49 682.07 248.67
Close .to the . o 17.02 o o .
Optimal
40.25 38.33 2181.5 21714 3311.8
Not Optimal & & 64.90 & & &
41.27 37.22 1916.76 15232 816.2

Table 6.7 Combinations of the SF levels that are Optimal, Close to the Optimal and Not
Optimal, observed from the IAE and ITAE average depth responses
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6.6.2 Analysis of Variance

Analysis of Variance is a method, which investigates the significance of each SF as described in
Section § 5.2.8.2. From Table 6.8 and Table 6.9 it can be observed that both SFs S, and S,

have high significance, with 49.96% and 41.39% contribution corresponding to the IAE yaw
response and 35.56% and 32.83% contribution corresponding to the ITAE yaw response

respectively. However, SF S, has low significance with only 1.16% and 2.37% contribution.

Moreover, from Table 6.10 and Table 6.11 the SF S, has the highest significance with

69.93% and 56.91% contribution corresponding to the IAE and ITAE depth response

respectively whereas the SFs S, , S,, have lower significance.

From the above observations it can be seen that only some of the SFs for both the yaw and
depth controllers have very high significance in the system responses. Nevertheless it was
decided that the SF that are not significant should also be included in the structure of yaw and
depth controllers. That is because the number of SFs is very small and therefore all of them can
contribute to the tuning rules without causing complication in terms of constructing them and

computation time.
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Factor Sum Square (SS) dof mean sq (MSS) F-Ratio % contribution Rank

Se 30.74 2 15.37 5.52 41.39 2
Sde 0.86 2 0.43 0.16 1.16 4
Su 37.11 2 18.55 6.67 49.96 1
Error 5.56 2.00 2.78 1.00 7.49 3
ST 74.27 8.00

Table 6.8 ANOVA table for factors Se,» Sae, and S, corresponding to IAE Yaw Response

Factor Sum Square (SS) dof mean sq (MSS) F-Ratio % contribution Rank

Se 107674.87 2 53837.43 1.12 32.83 2
Sde 7771.79 2 3885.90 0.08 2.37 4
Su 116602.89 2 58301.44 1.22 35.56 1
Error 95885.51 2.00 47942.75 1.00 29.24 3
ST 327935.06 8.00

Table 6.9 ANOVA table for factors Se,» Sa, and S, corresponding to ITAE Yaw Response

Factor Sum Square (SS) dof mean sq (MSS) F-Ratio % contribution Rank

Se 1233.96 2 616.98 4.19 18.23 2
Sde 506.75 2 253.37 1.72 7.49 3
Su 4733.44 2 2366.72 16.07 69.93 1
Error 294.64 2.00 147.32 1.00 435 4
ST 6768.78 8.00

Table 6.10 ANOVA table for factors S, , S,, and S, corresponding to IAE Depth Response

Factor Sum Square (SS) dof mean sq (MSS) F-Ratio % contribution  Rank

Se 6375468.22 2 3187734.11 272 2277 2
Sde 3346086.71 2 1673043.36 1.43 11.95 3
Su 16933725.90 2 7966862.95 6.80 56.91 1
Error 2341646.92 2.00 1170823.46 1.00 8.36 4
ST 27996927.75 8.00

Table 6.11 ANOVA table for factors S, , She, and S, corresponding to ITAE Depth
Response
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6.7 Constructing GARBI's Fuzzy-like PD controller's tuning fuzzy rules

The construction of the fuzzy rules used to tune the factorial levels (when the system may
change) considering the performance states and the factor level's characteristics has been
explained in Section § 5.2.10. Therefore the resulting tuning rules used to tune both yaw and

depth of GARBI's Fuzzy-like PD controllers’ parameters are:

Jor the yaw controller

Ri:IF ppe >0 THEN tune factor S, AND factor S, AND factor S,

R,: IF Pk, > 0 THEN fune factor S, AND factor S,, AND factor S,
for the depth controller

Rs:1F pye, , >0 THEN tune factor S, AND factor S, AND factor S,

ReIF pirge,,, >0 THEN tune factor S, AND factor S,, AND factor S,

These four rules are actually the ones that are responsible for tuning the SFs resulting in

minimising the IAE and ITAE performance characteristics.

6.8 Applying the Fuzzy Combined Scheduling System (FCSS) approach

As explained in Section § 5.2.11, the FCSS approach is applied to optimise the overall tuning

factor levels for both yaw and depth Fuzzy-like PD controllers. Therefore, using Equation 5.6
the yaw and depth vectors Lg ={Lsea,LSM,LSm} and Lg, , ={Ls ,Ls ,Ls } of the

updated factorial levels are defined as foliows:
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Jor the yaw controller

_ (wls' 1’ Se,,l + wc_g'l ’ Seacurrem ) + (W’s, 2’ Sea3 + wC.s-, 2 " Pegcurrent )

s, (6.32)
¥ (W's,l + wcs' 1 ) + (wl_s-‘ 2t w“s, 2)
S — (wlskl 'SAe,I +wcskl 'SAe,,currenl)+(w{sA¢2 'SAeaI +wcSM2 'SAe,,currenl) (6 33)
S, .
v (WIS&I +w€s&1)+(wls&2 +WCSA,2)
_ (wls_l : SugZ + wcsul ' Suacurrenl) + (wtsu 2" Suaz + w”s., 2° Su,,currenl) (6 34)
Sue .
Y (wlsvl + wCs,, 1 ) + (wlsv 2t w"s,, 2 )
Jor the depth controller
_ (wlsfl : Se,l + wcsel ! Se,currem)-'_ (wls, 2" Sez] + wcsg2 ) Se,currem) (6 35)
S., .
: (wtsel W )+ (W:s' 2 ¥ W, 2)
I (WISMI 'SAezl +wcsA‘l 'SAezcurrenl)+(th&2 'SAe,l +wc5&2 'SAezcurrenr) (6 36)
Sne, :
ez (wtle +wc5&1)+(w15&2 +wCsA,2)
(w’s,, 17 Su23 + wcS~ 1’ Su,currenl ) + (wtsu 27 Su,2 + wcsu 27 Suzcurrenr ) (6 37)
S, .
“ (w's,, 1 + wCs,, 1 ) + (wtsv 2 + wcsu 2 )

where the weights w,_,, w,_,, W, Wi 2 > Wi, 1> W2 are defined for the degree of

Sl ’

W

o5y 2 2 Weg 15 Weg,2 1€ defined for the

freedom of the “Z” (low) MF and w . W, 5> W, 1>
degree of freedom of the "S” (high) MF as shown in Figure 6.30. These shapes for the MFs are
used, because small errors should not affect the tuning parameters of the FLCs as they are
inherently robust to them (Pok and Xu, 1994). Moreover, when the IAE and/or ITAE

performance characteristics are getting bigger the parameters should change rapidly close to the

OTFLs.

The universe of discourse has been normalised between [0,1] according to
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p=—L"Puin_ (6.38)
Pmax ~ Pmin

were p is the current value, p,.. is the smallest value that the error can have (in this case zero)

and p_.. the largest value in the series of measurements.

] The Low and High Membership Functions

T T T

DofMFs
[=]
(4]

0 1 I 1

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Performance State

Figure 6.30 The Low and High Performance State Membership Functions

6.9 Verification and tuning of both yaw and depth Fuzzy-like PD controllers’

parameters based on new experimental trials

New trials in the lake were undertaken to verify and/or retune the parameters for GARBI’s
Fuzzy-like PD controller in Oct 1999. Both yaw and depth controllers were working in parallel
during these experiments. It was decided to use slightly different values for the optimal SFs to
identify firstly, their robustness performance and secondly the FCSS ability to tune themselves
according to the system’s performance. Thus, the SFs for the yaw controller were set at

S =05, S, =06 and S, =7.5 whereas for the depth controller they were set at
e Dy p u,

s, =0.65, S,, =045 and S, =6.3. The mission plan for this experiment was for the heading
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to change the course from 135° to 0° and keep this direction and for the depth task it was to

reach the level of 10 meters.

Figure 6.31 and Figure 6.32 shows the results for the above trial. From Figure 6.31 it can be
seen that the yaw controller is responding fast however its performance for the course keeping is
rather unsatisfactory as it saturates between 10 to 15 degrees magnitude. Additionally, the
calculated performance in terms of IAE and 1TAE are p,; =579 and p;,  =155.67
respectively. In Figure 6.32 the depth controller performs smoothly but not very fast. It took 47

seconds to reach the set point i.e. 10 meters (Note that in the time of 20 seconds a rapid

bumping appears in depth. It is believed that this was caused by a sudden overpressure from the

air pressure bottle). The calculated depth performance in this case are p;,  =34.35 and

Pr14E,,,, =098.66 in terms of IAE and ITAE correspondingly.

Using Equation 6.32, Equation 6.33 and Equation 6.34 the yaw controller SFs are updated.
Thus, the resulting SFs' gains are S, =05, Sy, =05 and S, =7.Moreover, from Equation
6.35, Equation 6.36 and Equation 6.37, the SFs for the depth controller are updated to

S, =0.51, S,, =048 and S, =8.05.

The above values for the SFs are actually the overall evaluation gains considering the new
conditions that affect the performance of the system under study. In this particular case these
were the hardware modifications and the environmental changes (note that during these

experiments the weather conditions were windy and caused some small waves in the lake).
Setting the new SFs the final experiment was performed as follows:

e initial voltage of the horizontal propellers is 3V for a period of 60 seconds.
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® change the heading course from 270° degrees to 135° and then to 225° and then keep it in

this direction,

® and at the same time change the depth course from 0 to 10 meters and then to 5 meters and

then keep it at this depth.

Figure 6.33 illustrates the Yaw performance together with the controller's output power of the
horizontal propellers (T,, T,) (notice that as mentioned before they have opposite signs), the
error ¢, and the change of error Ae, between the desired and actual yaw. Additionally, Figure
6.34 shows the depth performance as well as the controller's output power of the vertical
propellers (Ts, Ts), the error e, and the change of error Ae, between the desired and the actual

depth.

The performance of the yaw controller in changing the course (heading/depth) is satisfactory, as
both overshoot and rise time are small. Due to buoyancy effects the depth control dynamics vary
i.e. the vehicle rises faster than it descends. From Figure 6.34 it can be seen that the controller
has accommodated this variation producing very acceptable rise times with very a small
overshoot when ascending. In course-keeping control both controllers perform quite well
(Figure 6.33 and Figure 6.34). Finally, Figure 6.35 and Figure 6.36 show the pitch and the roll

of GARBI measured during the experiments. They mostly result from the heading/depth

changes. However, they are very small, no more than 2.5° for the pitch and 5° for the roll, and

therefore are considered as fractional and thus negligible and do not need to be considered as a

controller variable.

Unfortunately for these experiments the time and therefore the number of trials were very

limited due to weather conditions together with some problems that occurred with GARBI's air

valve.
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Scheduling System (FCSS) approach defined the (possible) optimal parameters of the Fuzzy-
like PD controller. Finally, new experimental trials were applied to verify and tune both yaw
and depth Fuzzy-like PD controllers' parameters. Analysing the results of the final experiments
the satisfactory performance of the controller in terms of keeping the path of the navigation to

the desired one, and/or changing the path according to set point changes is presented.
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Review, Conclusions and
Future Work of the thesis

7.1 Introduction

In this chapter the work presented in this thesis is reviewed highlighting the approaches that
have been proposed to solve modelling and control problems for non-linear systems. The
implementation of these proposed approaches has been achieved by applying them to the

modelling the yaw dynamics, the control strategy of object avoidance and developing a

controller for an underwater vehicle. Some suggestions for future work are also proposed.
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7.2 Approaching the modelling problem of non-linear systems

Chapter 2 addressed the modelling of complex, non-linear, or partially known systems, where

very limited experimental data and little knowledge about the systems behaviour are available.

It has been shown that modelling techniques based on fuzzy sets attempt to combine numerical
and symbolic processing into one framework. Fuzzy systems are knowledge-based systems
consisting of linguistic If-Then rules that can be constructed using the knowledge of an expert
and/or the design properties of the experiments implemented to collect data from a given field
of interest. Moreover, fuzzy systems are universal approximators that can approximate non-
linear mappings using a number of available data. This duality allows qualitative knowledge to
be combined with quantitative data in a complementary way. The drawback of this type of
modelling, however, is its trade-off between accuracy and linguistic meaning. It is well known
that with this type of modelling, when the accuracy is increased the linguistic interpretation is

reduced.

Using neuro-fuzzy techniques the modelling is based mostly on adaptive neural networks that
are functional equivalent to fuzzy inference systems. This type of approach has a high degree of
accuracy and they can also be initialised based on some linguistic knowledge. However, often
the structure of the fuzzy inference system changes dramatically according to the complexity or

non-linearity of the system and thus the resulting modified linguistic meanings may have no

practical significance.

By considering the problems of the two modelling approximation techniques described above

(fuzzy and neuro-fuzzy) it is concluded that:

e fuzzy modelling provides a more transparent representation of the non-linear systems under

study using a linguistic interpretation in the form of rules, but its accuracy depends on good

extraction and definition of the knowledge of the system.
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* neuro-fuzzy modelling can identify non-linear systems with high accuracy based on
function approximation techniques, but its transparency is very low resulting in no

significant information.

In chapter 2 the combination of the above two techniques was proposed. The main idea of this
hybrid approach is to describe highly non-linear systems globally, using local models with small
degrees of non-linearity. The latter can be approximated with high accuracy using neuro-fuzzy
modelling techniques, whereas the former defines, using a proposed fuzzy supervised scheduling
system approach, which of the local models are the representative ones and to which degree.
The proposed hybrid approach uses the advantages of the function approximation as well as

linguistic acquisition techniques using neuro-fuzzy and fuzzy modelling technique respectively.

It was suggested that the approximation of the local models can be achieved by using the
Adaptive Network-based Fuzzy Inference System (ANFIS) architecture. It has been shown that
this type of neuro-fuzzy modelling has very high accuracy in approximating non-linear sub-
systems utilising only a very small number of training data and algorithmic iterations. The
properties of the fuzzy supervised scheduling system are defined based on knowledge
interpretation techniques, experimental design properties and fuzzy set theory as discussed in

chapter 2.

The implementation of the proposed hybrid fuzzy and neuro-fuzzy method was employed for
the modelling of the yaw motion of an underwater vehicle. The experimental design properties
that were set to extract information in terms of the dynamics of the vehicle's yaw motion, the
power of the vertical propellers and the desired yaw angle determined the fuzzy variables that
construct the fuzzy supervised scheduling system that defines the global model. Using a small
number (only nine) of experiments in a real environment, three different groups of local models

were defined according to the course-changing action and then approximated using the ANFIS

neuro-fuzzy modelling method.
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It is appreciated that with only nine experiments it was difficult to have a model with high
accuracy. Additional trials/experiments providing new data would be a means of improving the

model. However, for this work only the yaw mode was considered. Further work should

consider modelling of the depth dynamics.

7.3 The Identification and M odelling of Control Strategies using Fuzzy Clustering

Methods

7.3.1 The proposed algorithmic approach

In Chapter 3 it was shown how fuzzy clustering methods can be used as techniques for
identifying and modelling of control strategies based on availability of input/output mapping
data. The information that these data may contain can be extracted based on similarities
between them that actually define the clusters to which they belong. These similarities can be
identified using “hard” or fuzzy clustering methods. In non-fuzzy “hard” clustering, the
boundary between different clusters is crisp, such that one pattern is assigned to exactly one
cluster. On the contrary, fuzzy clustering provides partitioning results with additional
information supplied by the cluster membership values indicating different degrees of
belonging. The “hard” clustering method is unrealistic to be used for the investigation of
similarities of the data set that represents real systems, as the data cannot always belong to only

one cluster, thus a fuzzy clustering method is more suitable.

Fuzzy clustering methods are based on algorithms that aim to minimise a cost function
regarding the degree to which the data belongs to the clusters and the degree of dissimilarity
between them. Fuzzy c-mean is one of the first and fundamental algorithms used in clustering
analysis. This algorithm provides information on the location of the cluster’s centres. However,

the shapes of the identifying clusters using this method are usually hyperspheres based on a

fixed distance norm. It may therefore force the objective function to prefer clusters of that shape
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even if they are not present. As a result of this drawback some extensions to the fuzzy c-mean
algorithm have been made with the most widely used Gustafson-Kessel algorithm. These types
of algorithms have the ability to adapt the distance norm and therefore can define the shape of
the cluster, which is approximated as hyperellipsoid, according to the data distribution using
fuzzy covariance matrix. The eigenstructure of this matrix provides information about the
cluster’s shape and the orientation in any n-dimensional input-output space. The size and shape

of the ellipsoid show how the inputs and outputs relate to each other in some region of the state

space.

The main disadvantage of the above algorithms is that they cannot define the number of
possible clusters that the data belongs to. Several approaches have been proposed in the
literature and in this thesis a method called mountain clustering is used as a method to
determine the number of clusters as well as the approximate position of their centres. These are
the initial setting for more sophisticated and accurate clustering algorithms, such as fuzzy c-
means and Gustafson-Kessel, to define the actual positions of prototypes and the variances of

the clusters.

One of the most satisfying ways to extract the linguistic meaning of the defined clusters in a
multi-dimensional space is to project their centres and variances into each dimensional axis.
These projections define the set properties of the input/output membership functions assigned
by linguistic labels regarding the universe of discourse, which gives a transparency to the
system’s analysis. Moreover, merging some of them can reduce the number of generated
membership function sets in the system under consideration and makes it linguistically more
tractable. It was proposed that the merging between neighbouring fuzzy sets should be applied
according to: a) their closeness removing therefore highly overlapping fuzzy sets, b) numbers of

clusters recommended from the mountain method, and ¢) observing their linguistic meaning.
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It has been shown that the resulting membership functions can construct the rule table with the
minimum number of rules. Using these rules the simplified rule base makes it easier to assign
qualitatively meaningful linguistic terms to the fuzzy sets, and it reduces the number of terms
needed. Thus, it becomes easier for experts to validate the model and users can understand
better and more quickly the operation of the system. A model with fewer fuzzy sets and fewer
rules is also better suited for the design and implementation of a non-linear controller, or for

simulation purposes, and it has lower computation demands.

The main contribution of the work presented in this chapter was an algorithmic methodology
based on choices of different fuzzy clustering algorithms, projection of clusters and merging
techniques. The idea of the proposed methodology was to combine the best features of well-
known clustering methods such as the mountain method, fuzzy c-means and Gustafson-Kessel
to produce a strong algorithm. The projection of the prototypes and variables of the clusters is
also a recognised approach to infer the information that is included in the data clusters into
fuzzy sets. Merging these fuzzy sets based on the proposed guidelines can minimise the number
of rules and make the identifying control strategy more transparent. Finally, some improvement
of the resulting fuzzy system can be achieved by using optimisation methods such as gradient
method. Furthermore, it was shown that these optimisation methods should be applied only in

the output singletons and only if their resulting modifications do not lose their linguistic

meanings.

Since the number of methods that combine to construct the proposed methodology is high, it
gives high flexibility to the designer in terms of what and how the methods (tools) should be
used. The proposed methodology is based on the right choice of the right tools. The proposed

algorithmic method can be described as universal approximation in terms of identifying and

modelling non-linear control strategies.
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7.3.2 The generation of fuzzy rules for “Avoiding Objects” Control Strategy based on the

proposed approach

The proposed algorithm is a systematic straightforward method and it has been applied to
optimise the control action of an underwater vehicle in terms of avoiding objects to show its
capabilities as discussed in Chapter 4. The applied inputs are the distance and the angle between
the vehicle and the objects. The resulting control surface is very close to the original one and
thus the algorithm works very satisfactorily i.e. Average Percentage Error (APE) between

0.0817% and 0.0519%.

7.4 Control Systems using Fuzzy Logic & the Taguchi Method

7.4.1 The Design of controllers for non-linear systems and tuning approaches

Chapter 5 described an innovative systematic and synergistic approach to optimise the
factor/parameter levels of a Fuzzy-like PD controller aided by a design of experiment method,
namely the Taguchi method and their tuning using a proposed method named Fuzzy Combined
Scheduling System. The design structure of a Fuzzy-like PD controller involves a large number
of degrees of freedom. Such control systems are inherently non-linear and robust and their
performance depend mainly on the appropriate selection of the tuning factor levels. Appropriate
selection of levels implies analysis of the most significant factor levels in terms of their
performance and interaction characteristics. One way to do this analysis is to apply the Taguchi
robust design of experiment method. Robust design is a methodology for finding the optimum
setting of control factors to make the system insensitive to noise factors. The important features
of this approach is that a minimum number of experiments need to be conducted, which were
enough to investigate the significance and robustness of the factors together with their

interactions even when these factors are inhomogeneous. For instance, in the second case study
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shown in chapter 3, although a full factorial would require 81 experiments 27 experiments were

enough for the analysis.

The scheme requires the designer to decide initially which factors will be used for tuning and
what are their possible levels. For the first decision however, even if an inappropriate choice of
factor(s) is made their verification can be done during the Taguchi analysis, where their
significance is measured and ranked. This is a very important task especially when large
numbers of candidate factors are introduced. For the second decision, the Taguchi method
investigates and defines which are the optimal combinations of the set factor levels, and
therefore only the significant levels are considered for further use. After extended simulation
studies on a Fuzzy-like PD control system that uses more than three levels for each factor, it
was observed that no significant differences existed in terms of performance output whereas the
analysis become more complicated when more levels are considered. Therefore, in the case
studies outlined in chapter 5 only three levels for each factor were used. In this study the factors
of Fuzzy-like PD controllers that were chosen to be the tuned ones, were the Scaling Factors
(SFs) and the peaks of the fuzzy logic Membership Functions (MF's). Additionally the
significance of the interactions between the factors was investigated. When a significant
interaction between an important factor and an unimportant factor exist, the unimportant factor
has also to be considered due to its interacting effect. It is important to note that, with this
approach an interaction between a SF and a peak of MF that is inhomogeneous can be studied.
This investigation is usually too complex for other approaches and is usually avoided even
when it could be very critical. Thus, the ranking of the significance in terms of robustness
characteristics of the factors, levels and interactions can give precise information for the

designer to make the right decisions in terms of which factor levels should be used to set the

initial optimal factors and design the tuning rules.

In relation to the performance aspects of the factor levels a fuzzy tuning inference mechanism

approach was proposed. The antecedent of the rules included the examination of the
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performance state, whereas the consequence part is constructed by the tuning aggregations that
took into account the analysis of the factor levels. However, some consideration should be taken
during construction of these rules in terms of (i) consistency of the rules, (ii) equivalence of the

factor levels, (iii) homogeneity of the control rules and (iv) priority of the tuning factor levels.

The overall output of the tuning factor levels results from the proposed fuzzy combined
scheduling system method. The contribution of this method was that for each performance state
measurement, both current and tuning factor levels were considered, defined as two overlapping

MFs, where their degrees of membership defined their actual weights.

The performance criteria were used independently and for each of them the setting of two MFs
together with the universe of discourse may vary according to the particular criterion. The
identification of the current SFs (if unknown or the system's dynamics change) is a challenge
for this optimisation problem. In this case the SF's value could be optimised using another fuzzy
scheduling system that constructs its rule based on the interaction plots resulting from the
analysis of mean in the Taguchi method. The rules resulting from this analysis could be used to
model the controllers' parameters (e.g. gains) and therefore used as the current parameter

values.

Another important aspect of the proposed approach was that it does not depend on the
performance index characteristics. It was therefore able to deal with any performance criteria

and any number of them. However, increasing this number complicates the analysis.

In this approach, the philosophy was that if data, even from a small number of experiments is
available, a systematic analysis of the results can give enough information to optimise the
factor's/parameter’s levels for the performance criteria defined by the designer. This can be

achieved using orthogonal arrays to design the experiments that excite all dynamics/parameters

of the system. This is a very important issue in the analysis of non-linear systems. Taguchi

method analyses the experimental results, which provide information about the significance of
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each of the chosen control factors as well as the interactions between them. Using this
information the detection of the subspace to which the optimal factor levels belong that
warranties the robustness of the system was investigated. Then measuring the different
performance states and using a fuzzy tuning inference mechanism the overall values of the

factor levels were defined regarding the tuning and the current factor levels at a particular time.

The approach therefore, can be very useful in developing control systems where no
mathematical model of the system exists and/or it is difficult to undertake large number of
experiments. Moreover, the approach can also be used when a good mathematical model and/or
a real system is available and simulations or real experiments can be undertaken, extracting

information about the design aspects of a required control system.

In chapter 5 the SFs and peaks of MFs of a Fuzzy-like PD controller for a second-order system
were used as a case study to test the proposed method and the results are very satisfactory
showing a minimum of 50% improvement in IAE and ITAE performance indexes. However,
the proposed synergetic approach can easily be adapted as a general approach where other
parameters of the FLCs may be studied as tuning factors. The analysis of interactions between
inhomogeneous factors is an interesting task using the Taguchi method, where more
investigation of different FLC's factors could be useful to identify their inter relationship.
Moreover, the performance criteria, which are chosen by the designer, play a critical role in the
analysis of the results. Their significance could be defined using the same proposed approach,
but in this case the results may by considered as the performance of the tuning factors. Finally,
in using the fuzzy combined scheduling system approach, the response investigation of the
tuning factor levels, that facilitates the extraction of the tuning fuzzy rules, stems from the
combined evaluation of all the performance criteria. This is a very important aspect especially

when a large number of performance criteria are used and thus their analysis in a global manner

is very complicated.
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7.4.2 The implementation of the p roposed approach to design a controller for an underwater

vehicle

The proposed approaches presented in chapter 5 were applied to define Fuzzy-like PD
controllers for an underwater robot named GARBI as described in Chapter 6. The design of
GARBI's controller involves course-changing and course-keeping for both steering and depth
control performances. The architecture of the controller was based on two independent Fuzzy-
like PD controllers for each controlled variable, yaw and depth. The design aspects of the FLC
as well as the "PD" part for these types of controllers was presented. It was shown that the
flexible structure of the FLC leaves the designer to decide about the input/output universe of
discourse and linguistic variables in terms of their shape, number and meaning, the construction
of the rule base and the meaning of their operators and the defuzzification method. The above
decisions were guided from particular design aspects coming from the fuzzy system theory as
well as from the expert's knowledge in terms of system's dynamics and behaviour identification.
Moreover, the gains of the input/output SFs of the PD part of the controller were defined
according to their global effect on the dynamics of the close-loop control system. Although the
SFs were defined based on some general instruction mostly from the classical P1D design theory
in chapter 6, a more systematic procedure to investigate and optimise its controller's parameters
was introduced. This optimisation was based on experiments in a real environment and were

planned using the Taguchi method for design of experiments.

It was shown that the Taguchi Design of experimental method could help to minimise the
number of experiments, using only nine experiments in the orthogonal array, without the risk of
losing vital information. This was very important as the experiments were held in a real
environment, where time and money is an issue. However, the work that had to be undertaken
before and during these real experiments was a very challenging task and required not only the

facilities availability (such as hardware/software), but also team working skills.
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The preparation before the trials can be summarised as hardware (calibration and possible
modifications/improvements) as well as software (developing and testing). During the
experiments, moreover, the schedule of the planned experiments was followed. Any change in

the conditions such as weather, hardware problems etc. were be recorded and accounted for

accordingly.

The results of the experiments were presented and analysed extensively. Using analysis of
means and the average response plot resulting from the performance criteria measurements, it
was shown that the optimal tuning factor levels could be defined. The construction of the tuning
fuzzy rules was defined respecting the performance criteria defined for the IAE and ITAE.
Finally, the optimal tuning factor levels of both yaw and depth controllers' SFs were verified

and tuned whilst applying the fuzzy combined scheduling system approach in the final trials.

It has, therefore been shown that from the approach presented in chapter 5, successful
controllers can be implemented for non-linear systems. Furthermore, using the proposed
systematic method, GARBI acquired a Fuzzy-like PD controller, that performs satisfactorily
since both course-changing and course-keeping performance is within the desired response with
minimal error. It has been shown therefore, that Fuzzy-like PD controllers designed, optimised
and tuned by the proposed approach possesses features that are attractive in navigation control
problems posed by underwater vehicles. Both the developed yaw and depth controllers are now

in operation in GARBI's navigation control system.

In this research it has been shown, also, how a fuzzy controller combined with conventional PD

control techniques can help to design a robust controller, dealing with the uncertainties and non-

linearities of an underwater vehicle.
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7.5 Summary

The purpose of this research was to propose approaches for modelling and control of non-linear
systems using fuzzy logic technique. In this thesis it has been shown that bridges have been
made between fuzzy logic and other "intelligent" or conventional techniques such as neural
networks, Clustering methods, PID controllers and Taguchi method to achieve the main

purpose. The main contributions that have been proposed and developed during this research

are:

e Modelling non-linear system using a Hybrid Fuzzy and Neuro Fuzzy approach based on the
fuzzy supervised scheduling system and neuro-fuzzy modelling techniques with the

application to model the yaw dynamics of an underwater vehicle.

o An algorithmic methodology for identification and modelling of a complex system's control

actions using fuzzy clustering methods.

e Application of the algorithmic fuzzy clustering approach to construct control strategies for

"avoid objects"”.

e An innovative approach to determine the optimal parameters of fuzzy and fuzzy-like PD
controllers in terms of robustness and tuning characteristics based on the Taguchi design of

experiments method, the construction of fuzzy rules to tune the factor levels approach and

the fuzzy combining scheduling system approach.

The successful implementation of the Fuzzy-like PD controller for course-changing and

course-keeping in an underwater vehicle.
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C.1 Merging method

The merging process considering only the closeness of the peak values A of triangular

membership function works as follows:

1. Take the modal values for the membership functions g, (v), t,(¥),..., 2, (v) (where ¢, is

the number of clusters in #-dimension) with more than y overlap

2
My =ty ey (Z) k=12..c, (C.1)
with

ms<m,<..<m, (C2)

n

2. Define the threshold 4 of the distance dm , acceptable between the modal values
3. Calculate the difference between successive modal values as:

dmj =m,,—m, where dm,>1 j=12,.,N-1 (C.3)
4. Find all the difference smaller or equal than 4, ie. dm, < 4.

5. If there is no difference smaller or equal than A goto 7.
6. Merge all the modal values corresponding to consecutive difference smaller than A4 using

Equation C.4

=4 C4
Moy =7 (C4)
D=b-a+l (C.5)

7. Update N and Go to 3

C-2



Appendix D Update Law for input-output membership function-singletons

Appendix D

Update Law for input-output

membership function-
singletons

D-1



Appendix D Update Law for input-output membership function-singletons

D.1 Update Law for input-ou tput membership function-singletons

Considering the error between the output of the fuzzy system f(x, | ¢) and m trained data y

1
em=5[f(u”'|(p)—y’"]2 (D.1)
where
R
Zgi/'ll
flu | p)="% (D.2)
Z,Ui
i=l
and

g=a-s, (D.3)
the gradient method seek to minimise e,, by choosing the parameters ¢, that can be for the

fuzzy system the output singletons and/or the parameters of the input membership functions as
follows:

D.2 Input Membership Func tion Update Law

In this case is considering to adjust ¥, £, ¢ in Figure D.1 so minimise ¢, .

/4 F o

Figure D.1 Triangular membership function

For y the update law is:

Yk +1) = 7(k)~ A, —gf (D4)
ae _ _ _ai h -6—e= ala—ﬂ D.5

5}:_“ y)ay so that % ga,ua}/ (D.5)
1 = _g——j—r and (D.6)
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?./izi[x—V)z x—p
 oy\B-r) (B-7)

yh+)=y(k)-4,-¢- EL f[ ﬂ]
Z/‘ (B-7)

For f the update law is:

6e

k
Bk+1)=pk)-Ay — P
oe _L ae af 6/1
,3 f-» 6 so that 6,3 a,u Y,
P _
—a{l—zgR / and

Z,Ui
O _0fx-y)_ __X=¢
o5 aﬂ[ﬂ 7] B-) rexss

Blhk+1)= Bk)+ A, &

i

g—f( x-y J
R —\2
Z,U (BK)~y)
i=l

For & the update law is:

Oe

Sk +1)=5(k) - Ay —
(k+1)=06(k)— %

of de _ afay
_—= — )= that
e U g 0@ 26 ‘ouos
gi:%i and
H z.ui

=l

o _010- "J x=h_ B<x<é
a5 o5\6-B8) (6-pB)

5(k+1)=5(k)—ﬂ~5-e-g[f[§ﬁ]

i
i=1
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D.3 Output Singletons Update Law

In this case is considering to adjust @ so minimise e,, . The update law is

atk +1) = atk)— 42
oa
o
_gz(f_yg Sothat .Qe_zga_f..a_g_
da da da  0g da

3 : (a-
.i:—_._;_'__. and gg_.:._(ci_s_j)_zs
ag da oa !
Z/Ui
i=l

a(k+1)=a(k)-A-&-—Lis

>n,
i=]

J

(D.19)

(D.20)

(D.21)

(D.22)
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degrees and the second is within the range —180° to

+180° degrees in the cases of "Small" or "Big" changes
occurring in GARBI's navigation path respectively.
Moreover for the depth controller the universe is in a
range of 10 meters. It should be noted that the depth
controller starts using the range of its universe when
GARBI is within 10 meters of the set point. In any other
case the control output has the maximum value.

One way of improving the dynamic properties is to
adjust the SFs used in the construction of the fuzzy
controller. SFs play a important role in the formation of
the dynamics of the close-loop structure leading to the
desired response of the controlled system, Zheng (4).

For the Fuzzy-like PD controller the corresponding SFs
are for the inputs §,,S,, and for the output S,
respectively. The factors that influence the dynamics of
the system are:

e ifboth Se and S,, increase, the control becomes
more sensitive around the set point until oscillations
are observed.

* where Se and S,, decrease, a tolerance band exist
around the set point and a large steady-state error is
quite common; so if the scaling factors are too
small, the system gives a poor response.

» S, affect the proportional gain, so it is desirable to
have them as large as possible without creating too
much overshoot. If too small, the system will be too
slow, and if too large the system might become
unstable.

In relation to the above factors, design of experiments
has been performed to tune the input/output scaling
factors.

5. DESIGN OF EXPERIMENTS

A large amount of engineering effort is consumed in
conducting experiments (either in hardware, software or
simulation) to produce the information required to make
decisions about how different factors affect performance
under different usage conditions. Experimentation seeks
to determine the best material, the best pressure, the best
force, the best speed etc., which will operate together
within a system to produce a desired response sucl.1 as
settling time, overshoot, steady state error, etc. Designs
of experiments are statistical methods that seeks to
minimise the number of experiment and still find Fhe
optimal combination of the factors under study which
are robust in a variety of environmental conditions. A
widely used method is the Taguchi Method of }{obust
Design, which can be applied to a wide variety of
problems.

E-6

Various types of arrays are used for planning
experiments to study one factor at a time, where each
individual factor is varied while all the other factors are
fixed, full factorial experiments that investigate all
possible combinations of all factors and their levels,
where the possible combinations can rise to the order of

»*, x being the number of factors and y the different
levels. This approach investigates all the possible
combinations, maximising the possibility of finding the
optimum result, but large numbers of experiments are
required. Alternatively, orthogonal array extensively
used in the Taguchi Method studies several factors at
different levels simultaneously, but only requires a
fraction of the full factorial combinations. The
orthogonal array imposes an order on the way the
experiment is carried out. The combinations are chosen
to provide enough information to determine the factor
effects using the analysis of mean values. In order to use
a standard orthogonal array provided by the Taguchi
Method, the degrees of freedom (number of independent
measurements available to estimate sources of
information) of the factors and levels must be matched
with the degrees of freedom for that orthogonal array.

The orthogonal array of the Taguchi Method was used
to plan the experimentation for the underwater robot.
Three factors (Se,S,,,S,) at three levels each (Level
1, Level 2, Level 3) were investigated. With the full
factorial, this would result in 3* (27) different
experiments. For three factor three level experiments,
six degrees of freedom exist, so an orthogonal array
with nine experimental runs as shown in Table 2 is
sufficient for this study.

o S, S s,

1 Level 1 Level 1 Level 1
2 Level 1 Level 2 Level 2
3 Level 1 Level 3 Level 3
4 Level 2 Level 1 Level 2
5 Level 2 Level 2 Level 3
6 Level 2 Level 3 Level 1
7 Level 3 Level 1 Level 3
8 Level 3 Level 2 Level 1
9 Level 3 Level 3 Level 2

Table 2. Orthogonal array with nine experiments

The value of 10 for the 1¥ level, and 1 for the 3™ level is
chosen for both Yaw and Depth Fuzzy-like PD
Controllers. For the 1% level the maximum value that
can be applied without saturation in either universe of
discourse or volta§es that are applied to the propellers is
chosen. For the 3" level the value where no proportional
gain is added into inputs/output of the FLC is selected.
Finally, the value 2 & 0.5 are chosen for the 2™ level of
the Yaw & Depth Fuzzy-like PD Controllers
respectively. 1t should be noted that proportional gain
values below these resulted, in unacceptable
performance.
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6. EXPERIMENTS

Experimental trials in a real environment have been held
to test both depth and yaw F-like PD controller. The
power of the propellers is controlled with power cards
for voltage tuning. The voltage used is in the range of 0
to 10 Volts (V). For heading control the opposite
voltage between the horizontal propellers (T,, T,) is
used i.e. +Vy, -V, So, if the heading angle is turned to
a® clockwise for instance, the voltage in the right
propeller T, is reduced and the voltage in the left
propeller T in increased by this amount. If the increase
in voltage in propeller T, is now more than the
predefined voltage range of 1-10 this over-limited
voltage is added to the other propellers. The
performance of the controller in course-changing and
course-keeping navigation is shown in Figure 6 &
Figure 7. The navigation plan for the robot is:

¢ initial power of the horizontal propellers is 3V for a
period of 60 seconds.

¢ change the heading course from 270° degrees to 135°
and then to 225° and then keep it in this direction,

» and at the same time change the depth course from 0
meters to 10m and then to Sm and then keep it at this
depth.

After the trials as shown in Table 2, and analysis of the
results the best combination in terms of performance

and robustness is for the Yaw S, =1, 8, =05 &
S, =7 and for the Depth S, =0.5, S, =0.5 and

S,, =10. Note that for the depth, this combination is

not outlined in the experiments in Table 2, however,
using the Taguchi method it was identified. This is one
of the most important features of the Taguchi method.
That is, it can identify experimental combinations that
were not originally specified in the orthogonal array.

Figure 6(a) illustrates the Yaw, 6(b) the controller
output of the power horizontal propellers (T;, Ts)
(notice that as mentioned before they have opposite
sign), 6(c&d) the error and the change of error between
the desired and actual yaw. Additionally, Figure 7(a)
shows the Depth, 7(b) the controller output of the power
of the vertical propellers (T, Ty), 7(c&d) the error and
the change of error between the desired and the actual
depth. Finally, Figure 8 and Figure 9 show the
corresponding pitch and the roll motions.

The performance of the yaw controller in changing the
course (heading/depth) is satisfactory, as both overshoot
and rise time are small. Due to buoyancy effects the
depth control dynamics vary i.e. the vehicle rises faster
than it descends. From Figure 7 it can be seen that the
controller has accommodated this variation producing
very acceptable rise times with very small overshoot
when ascending. In course-keeping control both
controllers perform quite well (Figure 6 & Figure 7).
Finally in Figure 8 & Figure 9, the pitch and roll

appears mostly due to the heading changes. These are
very small and can be considered as fractional and thus
negligible.

7. CONCLUSIONS

F-like PD control technique possesses features that are
attractive in navigation control problems posed by
underwater vehicles. The fuzzy logic part helps to
model different types of uncertainty and imprecision of
the system and together with the scaling factors it
allows the building of a robust controller. Scaling
factors have been chosen to be tuned to the optimal
value, due to their global effect in the dynamics of the
close-loop control system. Taguchi experimental
method can help to minimise the number of experiments
without risk of loosing vital information. This is very
important when experiments are held in a real
environment and therefore are time and money
consuming.

F-like PD controller is much more complicated than
conventional controller is. 1t is in fact a non-linear
adaptive controller. This is why F-like PD controller
usually presents strong robustness characteristics.

In this work it has been shown how a fuzzy controller
combined with conventional PD control techniques can
help to design a robust controller, dealing with the
uncertainties and non-linearities of an underwater
vehicle.
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STEERING AND DEPTH CONTROL OF AN UNDERWATER ROBOT
USING FUZZY-LIKE PD CONTROLLER
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Abstract: The design of a steering and depth control of an underwater vehicle is of
interest from the point of view of motion stabilisation as well as manoeuvring
performance. The paper describes how a Fuzzy-like Proportional Derivative Controller
(Fuzzy-like PD Control) is used to control the course-changing and course-keeping
tracking mission and motion of an underwater vehicle. The idea for this type of control
architecture is to identify the optimum values, in terms of control performance and
robustness, of the parameters of the F-like PD Controller. These parameters may be the
scaling factors that are applied in the input/output of the PD part of the controller as
well as the fuzzy sets of the fuzzy part of the controller. The values of the scaling
factors for the error, the change-of-error and the control output are optimised based on
experiments. In this work a method has been developed to control the yaw and depth of
an underwater robot in terms of course-changing and course-keeping. The controller is
synthesised in two parts. Firstly it is applied in horizontal xy and secondly in vertical xz
surface. Experiments in a real environment were planned using the Taguchi Design of
Experiments and performed to investigate the capabilities of the controller. The results
are presented and analysed extensively. Copyright © IFAC 2000

Keywords: Fuzzy like-PD Controller, Yaw and Depth Control, Taguchi Design of
Experiments.

This paper presents the development of fuzzy
controller to control steering and depth of a low-cost
Remote Operated Vehicle (ROV) named GARBI

1. INTRODUCTION

Manoeuvring and depth control of an Underwater

Vehicle (UV) is discussed in this paper. The
difficulty that stems from this type of controller is
that they have to be robust. UVs are classified as
systems possessing highly non-linear dynamics. In
addition the environment in which they operate has a
lot of disturbances. These give rise to special
problems that may be solved using intelligent control
techniques.

developed at the Polytechnic of Barcelona and the
University of Gerona in Spain. The vehicle is used
for underwater mission operations such as
observations and inspections. An umbilical cable
carrying power and providing 2 communication link,
links GARBI to a surface ship or other operating
platform (Amat et al, 1996). The objective of the
Fuzzy Logic Controller (FLC) is to control the yaw
and the depth of the vehicle in terms of keeping the
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It is well known that generally fuzzy variables in the
consequent parts are not needed (Nguyen & Prasad,
1999). Additionally singletons make defuzzification
simpler and faster. The universe of discourse for each
variable is uniformly partitioned and the MFs are
placed with 50% overlap. Using the min operation
for the aggregation AND (outer product) of the fuzzy
rules, the output fuzzy set is given by
H, =Min(u,, 1,.) . Thus, the F-like PD controller is
a controller where the output is a non-linear function

of the emor e and its derivative de/dr

(u=Fle, de/dt)), where F is a non-linear function of
two variables.

Both yaw and depth controllers use the whole range
of its universe. Therefore, the maximal E and
AE should equal the limit of the universe. Thus, for
the yaw controller

e *8 o =Ae *S

v S yaw, yaw,, Sy =YawUniverse,
where the universe is in a range of —180° to +180°
degrees (the positive sign is for port and the negative
sign is for starboard turns). The depth controller

* = * = i
oy, T Saeptr, = Bopuh, * Saepir, = DepthUniverse_,

where the universe is in a range of 10 meters. In both
cases the scale is normalised into the range [-1,1]. It
should be noted that the depth controller starts using
the range of its universe when the robot is within 10
meters of the set point. In any other case the control
output has the maximum value.

One possible way of improving the dynamic
properties is to adjust the SFs used in the
construction of the fuzzy controller. SFs play
important role in the formation of the dynamics of
the close-loop structure leading to the desired
response of the controlled system (Zheng, 1992). For
the F-like PD controller the corresponding SFs are
for the inputs S,,S,, and for the output S,
respectively. In this study design of the experiments
has been performed to optimise the input/output
scaling factors.

5. DESIGN OF EXPERIMENTS

A large amount of engineering effort is consumed
in conducting experiments (either in hardware,
software or simulation) to produce the information
required to make decisions about how different
factors affect performance under different usage
conditions. Experimentation seeks to determine the
best pressure, the best force, the best speed etc.,
which will operate together within a system to
produce a desired response such as settling time,
overshoot, steady state error, etc. Designs of
experiments are statistical methods that seeks to
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minimise the number of experiment and still find the
combination of the factors under study which are
robust in a variety of environmental conditions. A
widely used method is the Taguchi Method of Robust
Design, which can be applied to a wide variety of
problems (Fowlkes, 1995).

Various types of matrices are used for planning
experiments to study one factor at a time, where each
individual factor is varied while all the other factors
are fixed, full factorial experiments that investigate
all possible combinations of all factors and their
levels, where the possible combinations can rise to

the order of y*, x being the number of factors and y
the different levels. This approach investigates all the
possible combinations, maximising the possibility of
finding the optimum result, but large numbers of
experiments are required. Alternatively, orthogonal
array, extensively used in the Taguchi Method,
studies several factors at different levels
simultaneously, but only requires a fraction of the
full factorial combinations. The orthogonal array
imposes an order on the way the experiment is
carried out. The combinations are chosen to provide
enough information to determine the factor effects
using the analysis of mean values. In order to use a
standard orthogonal array provided by the Taguchi
Method, the degrees of freedom (number of
independent measurements available to estimate
sources of information) of the factors and levels must
be matched with the degrees of freedom for that
orthogonal array.

The orthogonal array of the Taguchi Method was
used to plan the experimentation for the underwater
robot. Three factors (Se,S,,,S,) at three levels
each were investigated. With the full factorial, this
would result in 3* different experiments. For a three
factor, three level experiment, six degrees of freedom
exist, so an orthogonal array with nine experimental
runs for both Yaw and Depth Fuzzy-like PD
Controllers as shown in Table 2 is sufficient for this
study. It should be noted that proportional gain
values below these resulted in unacceptable
performance.

Table 2 Orthogonal array with nine exp eriments

No S, Sae S,

Exp
1 0.5 0.5 3
2 0.5 1 7
3 0.5 2 10
4 1 0.5 7
5 1 1 10
6 1 2 3
7 0.75 0.5 10
8 0.75 1 3
9 0.75 2 7
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6. EXPERIMENTS

Experimental trials were undertaken in Lake
Banyoles, Spain in October 1999 to test both depth
and yaw F-like PD controller. The power of the
propellers is controlled with power cards for voltage
tuning. The voltage used is in the range of 0 to 10
Volts. For heading control the opposite voltage
between the horizontal propellers (T,, T,) is used i.e.
+V,, -V,. So, if the heading angle is turned to a°
clockwise for instance, the voltage in the right
propeller T, is reduced and the voltage in the left
propeller T, in increased by this amount. The
performance of the controller in course-changing and
course-keeping is shown in Fig. 5 to Fig. 8.

The navigation plan for the robot is:

initial power of the horizontal propellers is 3V for
a period of 60 seconds.

change the heading course from 270° degrees to
135° and then to 225° and then keep it in this
direction,

and at the same time change the depth course
from 0 meters to 10m and then to 5m and then
keep it at this depth.

After the trials as shown in Table 2, the best
combination of the SFs in terms of performance and
robustness for both Yaw and depth controllers is
S,=05, S;, =05 and S, =7. Note that this set is

not a member of any in Table 2. That is one of the
main advantages of Taguchi method analysis.

Fig. 5(a) illustrates the Yaw, S5(b) the controller
output of the power horizontal propellers (T;, Ty)
(notice that as mentioned before they have opposite
sign), 5(c&d) the error and the change of error
between the desired and actual yaw. Additionally,
Fig. 6(a) shows the Depth, 6(b) the controller output
of the power of the vertical propellers (Ts, Ty),
6(c&d) the error and the change of error between the
desired and the actual depth. Finally, Fig. 7 and Fig.
8 show the corresponding pitch and the roll motions.

The performance of the yaw controller in changing
the course (heading/depth) is satisfactory, as both
overshoot and rise time are small. Due to buoyancy
effects the depth control dynamics vary ie. the
vehicle rises faster than it descends. From Fig. 6 it
can be seen that the controller has accommodated
this variation producing very acceptable risc? times
with very a small overshoot when ascending. 'In
course-keeping control both controllers perfopn quite
well (Fig. 5 & Fig. 6). Finally in Fig. 7 & Fig. 8, _the
pitch and roll appears mostly due to the he;admg
changes. These are very small and can be considered
as fractional and thus negligible.
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7. CONCLUSIONS

F-like PD control technique possesses features that
are attractive in navigation control problems posed
by underwater vehicles. The fuzzy logic part helps to
model different types of uncertainty and imprecision
of the system and together with the scaling factors it
allows the building of a robust controller. Scaling
factors have been chosen to be tuned to their optimal
values, due to their global effect in the dynamics of
the close-loop control system. Taguchi experimental
method can help to minimise the number of
experiments without risk of loosing vital information,
investigating what is the optimal combination of the
SFs. This is very important when experiments are
held in a real environment and therefore are time and
money consuming.

F-like PD controller is much more complicated than
conventional controller. It is in fact a non-linear
adaptive controller. This is why F-like PD controller
presents strong robustness characteristics.

In this work it has been shown how a fuzzy controller
combined with conventional PD control techniques
can help to design a robust controller, dealing with
the uncertainties and non-linearities of an underwater
vehicle.
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umbilical cable to limit range, or to become
entangled in a surrounding structure. They can also
undertake missions that would be impractical or
impossible with an ROV, such as long range
observations and collection of oceanographic data
and under-ice surveying.

The motivation for this work is to extend GARBI
from operating as an ROV to operating as an AUV.
Fuzzy Logic and Neuro Fuzzy techniques are
propose for modelling, mission and motion control.

1.1. Comparison between Artificial Neural
Network and Fuzzy Logic

A detailed presentation of Fuzzy Systems (FS)
and Artificial Neural Networks (ANN) theory is
beyond the scope of this paper. A brief comparative
study between FS and ANNs related to their
operations in the context of knowledge acquisition,
uncertainty, reasoning and adaptation is presented in
table 1.

1.2. Fuzzy Neural Control systems (FNC)

It can be seen from table 1 that the advantages of
the fuzzy approach are mainly the disadvantages of
the ANN approach, and vice versa. So the idea is
naturally to combine neural networks and fuzzy
systems to overcome their disadvantages, but to
retain their advantages. The integration of these two
fields has given birth to Fuzzy-Neural Systems
(FNS). From ANN, the powerful learning
capabilities enable these systems either to
automatically learn the fuzzy decision rules or to
learn from a set of plant measurements, whereas the
fuzzy presentation enables designers to extract the
learnt information from the expert in a form easily
understandable.

2. MODELLING OF AUV

2.1. Fuzzy Modelling

Fuzzy Modelling is the method of describing the
characteristics of a system using fuzzy rules. The
technique can express complex non-linear dynamic
systems by linguistic if~then rules [4].
A typical Takagi-Sugeno fuzzy model has the
form:

R if s=LS' then x, = f(x,u) 1)

the
$={s,,S,,...,5, } . The vector consists, in general,

where s s operating point  vector

of state, input and output variables (the ng is its

dimension). LS' is the i-th fuzzy state vector equal
to:

LS' =(LS,,LS,,...,LS )" 2

n,

where LSn‘ is the fuzzy values of s with appropriate

Membership Function (MF).

The then-part of this fuzzy rule defines a linear
autonomous open loop model representing the
system dynamics within the fuzzy region LS
specified in the if-part of the same fuzzy rule. This
model is of the form x;=fj(x,u), where f; is a linear
function normally obtained via an identification
procedure.

The reason for adopting the fuzzy model
described above is that most systems (or plants) are
non-linear and therefore cannot be described by a

Table 1. A comparative study between fuzzy systems and artificial neural networks

Skills Fuzzy Systems Artificial Neural Networks
Knowledge acquisition Inputs Human experts Sample sets

Tools Interaction Algorithms
Uncertainty Information Quantitative and qualitative Quantitative

~ Cognition Decision making Perception

Reasoning Mechanism Heuristic search Parallel computations

Speed Low High
Adaptation Fault-tolerance Low Very high

Learning Induction Adjusting synaptic weights
Natural language Implementation Explicit Implicit

Flexibility High Low
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single linear model. Instead of constructing
complicated non-linear models based on physical
laws, an alternative approach can be used, namely
the construction of a collection of linear models. In
this case, each (local) linear model approximates the
original non-linear system around different
operating points and a supervisory scheduling
system determines which local linear model suits the
particular operating conditions [5].

The supervisory scheduling system uses a
discriminant function:

w="f,(s) 3)

This function defines a vector

w={w ,W,,...,w, }, with w; € [0,1], for each
particular value of the operating point vector. This

definition can be applied using min or max
operation. For example, for the particular crisp value

weight

$={5,8;,--- S:, } of the operating point vector the
weight vector will be:

w=min(hy (5 B, (83)sbis, (5,)) (9

where s is the degree of membership of the

crispvalue s, of s_ .

The overall output X of the composite model is
calculated as the weighted mean of the outputs x; of
the local linear open loop models, given as:

k
Zwi'xi

S )

N2

i=1

X

where k is the number of local open loop linear
models.

2.2, Linear modelling study of GARBI

GARBI is a non-linear, multivariable dynamic
system. In order to design a controller for GARBI
or to undertake simulation studies a dynamic model
is needed. Mathematical models, which describe
these non-linear dynamics, are very complex as well
as limited in terms of only being able to represent

the physical laws of the system. An identification
method based on experiments is proposed. Using
linear control theory (local) models can be
investigated. Step or frequency response methods
can be applied to identify the transfer functions
which describe the relationships between inputs and
outputs of the system, in the s- or z- domain.

The equivalent difference equations of the
transfer functions can be written in the form:

n,

x(t)=—ia,x(t—i)+iju(t—j—l) 6)

where the degrees 7, , 1, of the polynomials are given
by the order of the backward shift operation, n, =
number of poles of G(s) and n, <n,,.

However, using fuzzy model theory the GARBI
non-linear system can be described as in section 2.3.

2.3. Fuzzy Modelling of GARBI

The study of the motion of marine vehicle
involves six Degrees Of Freedom (DOF) (Fig. 2a),
since six independent co-ordinates are necessary to
determine the position and orientation of a rigid
body. The first three co-ordinates (Surge, Sway and
Heave) and their time derivatives correspond to the
position and translational motion along the x-, y-,
and z-axes. The last three co-ordinates (roll, pitch
and heading angle) and their time derivatives are
used to describe orientation and rotational motion.

In order to drive the GARBI on the (x,y), (x,z),
(v,z) surface, four different speeds (Zero, Low,
Medium and High) of its five propellers M, to M;
(Fig. 2b,c,d) have to be applied. These are the inputs
of the system’s model. The output however, depends
on the six DOF of the vessel. Therefore, the rotation
about the z-axes may be responsible for roll & yaw,
the y-axes for pitch, surge & heave, and the x-axes
for sway, roll & yaw. The functions that characterise
the relation between this Multi-Input Multi-Output
(MIMO) system represent each (local) linear model
of the vessel.

The fuzzy variables with speed in the region
Zero, Low, Medium and High can be used to fuzzify
the input of the system’s model. It is considered that
the shape of the Membership Function within these
regions is not so critical. The shapes can be chosen
after experimental tests.
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the parameters, taking into account the feed forward
propagation of inputs.

If it is not possible to determine an optimal
control action for a given state, the error of the
produced output cannot be calculated directly.
Therefore, a reinforcement or “non-supervised”
learning algorithm is used to evaluate the error of
the fuzzy controller corresponding to the given input
[11]. However, if the desired control output is
known, then a “supervised” learning algorithm is
used and the network is trained corresponding to
that output. Previous work in this field is reported in
[12,13,14]. In each case it is the range of
membership functions, which is re-adjusted.

3.1.2. Extraction of new fuzzy rules

In some cases, the expert cannot predict all the
rules to construct the base-knowledge of the fuzzy
controller. Also it is possible that some of the rules
may not be the most suitable. Algorithms to extract
new fuzzy rules can be considered as one solution to
this problem [15].

An alternative approach, which is used in this
study, is to extract new fuzzy rules as above but also
to correct existing rules and to forget unused or
incorrect rules.

There are several ways to investigate why the
fuzzy controller may fail because of improper rules,
such as the error of the controller is too high or the
controller reaction is too slow. The method is first to
try and solve the problem by adding or taking out
linguistic variables of the antecedent part of the
fuzzy rules. If the improvement is not so good then
new rules are created. If a rule is not used, then it is
removed.

3.2. Control study for GARBI

The motion control system for GARBI shown in
figure 3, involves two control loops: one for mission
control and one for navigation. The parameters of
the mission target such as depth and field of action
are specified using fuzzy logic control techniques.
The navigation of GARBI, which is affected by
currents, obstacles and turbulence (regarded, as
disturbances) is developed using Fuzzy-Neuro
control technique as discussed above. Therefore the
motion controller using the five propellers (Fig. 2
b,c,d) can reach the mission target and also be robust
against disturbances. Typical Mamdany and Sugeno
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fuzzy model rules are used to construct the
knowledge base, including the mission and the
control data respectively.

Desired
~——"| behaviour
flde - » Nl GARBI ouput
(Navigation)
] en
Fun): C_ontrol
Figure 3. Motion Control System
The fuzzy rules have the form:
For the mission control:
R, if em,=LA,..,and cm, =LB,
then cm, =LC @)
For the navigatfon control:
R, if cn,=LD,,.,and cn,=LE,
then y,=f,(y,u) (8)

where cm,,...cm,, cm,, cn, and cn, are linguistic
variables representing the process state variables and
the control variable; LA,,...,.LB;, LC;, LD, and LE;
are the linguistic values of the linguistic variables
cm,,...cm,, cm, cn, and cn, in the universes of
discourses U,....V, W, Q and G respectively,
i=1,2,...n.

A conjunction of input variables associated with
their respective linguistic values determines a
linguistic value associated with the output variable.
All rules are evaluated in parallel, and their outputs
are combined to a fuzzy set, which has to be
defuzzified to receive the crisp output value. The
conjunction of the inputs is achieved by the min-
operation, and for aggregating the outputs of the
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rules, the max-operation is utilised. Function y is
used for the estimation of the parameters of the
fuzzy-neuro controller system.

There exist three kinds of error signals in the
proposed system. One of them is the difference
between the desired response and the process output.
This error e, called the learning error, is used to
learn correct control action u and will tend to zero in
the time interval of interest with increasing iteration
number. The other error e, called the mission error,
is the error between the mission requirements and
the process statement. The last error e,,, called the
measured control error and defined as the difference
between the set-point and the process output, is
primarily employed to construct the rule-base which
will subsequently be used in the fuzzy control
system.

4. CONCLUSION

This paper has described how fuzzy and fuzzy
neural techniques are used for the development of
the fuzzy model and fuzzy neural controller for the
motion control of the GARBI underwater robot. The
problems and difficulties with applying a model-
following approach have been highlighted and an
alternative intelligent systems approach has been
presented.

The next phase of the work is to undertake an
extensive simulation study in order to evaluate the
motion control system prior to undertaking trials at
sea.
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Abstract

This problem addresses the modelling and motion
control of an Autonomous Underwater Vehicle
(AUV). Such vehicles are commonly classified as
being highly non-linear uncertain systems and are
consequently difficult to control effectively using
model-based control methods. The paper describes a
modelling and motion control system for an AUV
based on fuzzy and fuzzy neural techniques. The
development of a fuzzy model and fuzzy neural
motion control strategy is presented.

1 Introduction

Motion control of autonomous underwater
vehicles is a demanding task for which no completely
satisfactory approaches have yet been developed.
This difficulty stems from the fact that Remotely
Operated Vehicles (ROVs) and Autonomous
Underwater Vehicles (AUVs) may be classified as
uncertain systems possessing highly non-linear
dynamics.

This study is based on a low-cost ROV, GARBI
developed at the University of Barcelona and Girona
for underwater mission operations such as
observations and inspections [1,2,3]. GARBI is
linked to a surface ship (or with other operating
platform) by an umbilical cable, which carries power
and provides a communication link. There are
however, limitations to the ROV, such as limit on
depth and danger of cable movement.

Autonomous Underwater Vehicles (AUVs) do not
suffer from these problems. AUV means a vessel,
which has enough on-board power and intelligent
ability to move purposefully and without human
intervention in environments that have not been

E-21

specifically engineered for it. AUV requires a
number of heterogeneous capabilities, including the
ability to execute elementary goal-achieving actions.
For example, reaching a given location; reacting in
real time to unexpected events; building, using and
maintaining a map of the surrounding environment;
determining the robot’s position with respect to this
map; forming plans that pursue specific goals or
avoid undesired situations; and adapting to changes
in the environment.

It is obvious therefore that AUV brings a number
of advantages: it has no umbilical cable to limit its
range, or to become entangled in a surrounding
structure. It can also undertake missions that would
be impractical or impossible with an ROV, such as
long range observations and collection of
oceanographic data and under-ice surveying.

The aim of this work is to transfer the GARBI
from operating as an ROV to an AUV in order to
expand its capabilities. Fuzzy Logic and Neuro Fuzzy
techniques are proposed to design the model and the
controller of GARBI respectively.

1.1 Fuzzy System Control

Classical control theory is based on mathematical
models that describe the behaviour of the plant or
system under consideration. The main idea of fuzzy
control is to build a model of a human control expert
who is capable of controlling the plant without
thinking in mathematical model terms [9,16]. The
design of fuzzy controllers is normally based on prior
knowledge of skilled human operators in the form of
linguistic control rules, which are translated into the
framework of fuzzy set theory [20]. The process
knowledge is expressed in the form of IF-THEN
rules as in traditional expert systems. However, a
fuzzy logic controller can be regarded as a real-time
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expert system that employs fuzzy logic to manipulate
qualitative variables. The specification of good
linguistic rules depends on the knowledge of the
control expert. The translation of these rules into
fuzzy set theory depends on the choice of certain
parameters, such as shape and degrees of
Membership Functions, for which particular rules do
not exist. Fuzzy controllers are unable to learn by
their own experiences and unable to adapt to new
conditions in cases of non-linear systems (of high
order with uncertainties in parameter and structure).
However, their ability to extract new fuzzy rules and
change parameters of Membership Functions is
necessary for tuning fuzzy controllers. The fuzzy
logic approach makes it possible in many cases to
build control systems that are more robust, cost-
effective and energy-saving, and seems to be the best
answer available today for a broad class of
challenging control problems.

1.2 Artificial Neural Networks

Artificial Neural Networks (ANN), [13] are
designed to model certain aspects of the human brain.
They consist of simple processing elements
(neurones) that exchange signals along weighted
connections. The idea is to take advantage of the
knowledge of the ways that the (human) brain learns
and functions, to present this information at
algorithmic level, and to use the results in
computerised problem solving. ANNs need their
inputs to be quantitive in nature. The main advantage
of neural networks is the ability to learn from
examples; moreover good learning algorithms are
available for them. However, their Black box
behaviour reduces the above advantages. Generally it
is neither possible to use prior knowledge to initialise
the network, nor can their final state be interpreted in
terms of rules.

1.3 Fuzzy Neural Control systems (FNC)

The advantages of the fuzzy approach are mainly
the disadvantages of the ANN approach, and vice
versa. So the idea is naturally to combine neural
networks and fuzzy systems to overcome their
disadvantages, but to retain their advantages. The
integration of these two fields has given birth to
fuzzy-neural systems. From ANN, the powerful
learning capabilities enable these systems either to
automatically learn the fuzzy decision rules or to
learn from a set of plant measurements, whereas the
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fuzzy presentation enables designers to extract the
learnt information from the expert in a form easily
understandable. As the former property reduces the
time required to create the model, the latter increases
the usefulness of the model since there now exists at
least some kind of explanation for the model
outcome. The learning procedure can also be
reinitiated from time to time, or adaptive or learning
systems can be considered. Due to the duality in
forms of expression, knowledge in 1F-THEN form
can alternatively be used either in the model
initialisation, or during the adaptation to the changing
process behaviour.

The goal of neuro-fuzzy combinations in control
is to obtain adaptive systems that can use prior
knowledge, and can be interpreted by means of
linguistic rules. Fuzzy-neural Control systems or
Neural-fuzzy Control systems can be divided into co-
operative and hybrid systems. In Co-operative
approaches the controller itself has a structure
resulting from the combination of fuzzy systems and
neural networks. In Hybrid approaches new control
architecture is created using concepts from both
paradigms and thus can be interpreted as a neural net
and as a fuzzy controller. Besides this, there are
concurrent neural/fuzzy models in which the resulting
control system consists of fuzzy systems and neural
networks as independent components performing
completely different tasks [7,18,4].

2 Modelling of AUV
2.1 Fuzzy Modelling

Fuzzy Modelling is the method of describing the
characteristics of a system using fuzzy rules, and it
can express complex non-linear dynamic systems by
linguistic if-then rules [16].

A typical Takagi-Sugeno fuzzy model has the
form:

R if s=LS' then x, = f(x,u)
where s is the operating point
s=1{s,,S,,...,S, } . The vector consists, in general,

)

vector

of state, input and output variables (the ng is its

dimension). LS' is the i-th fuzzy state vector equal
to:

LS = (LS,,LSZ,...,LS“S)T )
where LS, is the fuzzy values of s with appropriate
MF.
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The then-part of this fuzzy rule defines a linear
autonomous open loop model representing the
system dynamics within the fuzzy region LS'
specified in the if-part of the same fuzzy rule. This
model is of the form x;=fj(x,u), where f; is a linear
function normally obtained via an identification
procedure.

The basic idea underlying the above type of fuzzy
open loop model is that most systems (or plants) are
non-linear and therefore cannot be described by a
single linear model. Instead of constructing
complicated open loop non-linear models based on
physical laws, an alternative approach can be chosen
(Fig. 1), namely the construction of a collection of
open loop linear models. In this case, each open loop
(local) linear model approximates locally the original
non-linear system around different operating points
and a supervisory scheduling system determines
which particular local open loop linear model is the
relevant one [12].

System »
Fuzzification _,l Fuzzy Rules - Defuzzification »
“a

Figure 1. Modified Fuzzy Model structure

The supervisory scheduling system uses a
discriminant function:

w=f,(s) €))
This function defines a weight vector

w={w, ,w,,....,w, }, with w; e [0,1], for each
particular value of the operating point vector. This
definition can be applied using min or max operation.
For example, for the particular crisp value

s={s,,S,,...,S, } of the operating point vector the

weight vector will be:
w= min(,’l‘LS, (S; )9 ”‘LLS, (S; )’ ceey "‘t[,snI (S:'. )) (4)

where p, is the degree of membership of the crisp

value s;' of s, .

The overall output X of the composite model is
calculated as the weighted mean of the outputs x; of
the local linear open loop models, given as:
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X=2 %

where k is the number of local open loop linear
models.

2.2 Linear modelling study of GARBI

Modelling of marine vehicles involve the study of
statics and dynamics. Statics is concerned with the
equilibrium of bodies at rest or moving with constant
velocity, whereas dynamics is concerned with bodies
having accelerated motion.

GARBI is a non-linear dynamics system. In order
to design a controller for GARBI a model is needed.
Mathematical models, which describe these non-
linear dynamics, are very complex as well as limited
in terms of only being able to represent the physical
laws of the system. An identification method based
on experiments is proposed. Using linear control
theory, the open loop (local) models can be
investigated. Step or frequency response method can
be applied to identify the transfer function of these
models (in a s- or z- domain), and thus the linear
functions that describe the relationship between input
and output of the system.

The equivalent difference equation of that
function can be written as:

x(t)=—iaix(t—i)+”2bju(t—j—]) ©®)

where the degrees 7, n, of the polynomials are given
by the order of the backward shift operation, n, =
number of poles of G(s)and n, <n,,.

However, using fuzzy model theory the GARBI
non-linear system can be described as follows.

2.3 Fuzzy Modelling study of GARBI

The study of the motion of marine vehicle
involves six Degrees Of Freedom (DOF) (Fig. 2a),
since six independent co-ordinates are necessary to
determine the position and orientation of a rigid
body. The first three co-ordinates (Surge, Sway and
Heave) and their time derivatives correspond to the
position and translational motion along the x-, y-, and
z-axes. The last three co-ordinates (roll, pitch and
heading angle) and their time derivatives are used to
describe orientation and rotational motion.
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C[:i\lll] be considered as one solution to this problem

An alternative approach, which is used in this
study, is to extract new fuzzy rules as above but also
to correct existing rules and to forget unused or
incorrect rules.

There are several ways to investigate why the
fuzzy controller may fail because of improper rules,
such as the error of the controller is too high or the
controller reaction is too slow. The idea is first to try
and solve the problem by adding or taking out
linguistic variables of the antecedent part of the fuzzy
rules. If the improvement is not so good then new
rules are created. If a rule is not used, then it is
removed.

3.1.2 Adaptation of Membership Functions

The adaptation of membership functions is a
reverse mechanism that is deduced from the
forwarding inference mechanism. The idea comes
from ANNs, where the computation of the control
values are given as the measured input values, which
are feeding a feedforward procedure similar to that
found in layered neural nets. If the actual output is
not able to drive the controlled system to a desired
state, an error has to be propagated back through the
architecture, changing the parameters, taking into
account the feed forward propagation of inputs.

If it is not possible to determine an optimal
control action for a given state, the error of the
produced output cannot be calculated directly.
Therefore, a reinforcement or “non-supervised”
learning algorithm can be used to evaluate the error
of the fuzzy controller corresponding to the given
input [10]. However, if the desired control output is
known, then a “supervised” learning algorithm can be
used and the network is trained corresponding to that
output. Previous work in this field [14,5,6]. In each
case it is the range of membership functions, which is
re-adjusted.

3.2 Control study for GARBI

The motion control system for GARBI shown in
figure 3, involves two control loops: one for mission
control and one for navigation. The parameters of the
mission target such as depth and field of action are
specified using fuzzy logic control techniques. The
navigation of GARBI, which is affected by currents,
obstacles and turbulence (regarded, as disturbances)
is developed using Fuzzy-Neuro control technique as
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discussed above. Therefore the motion controller
using the five propellers (Fig. 2 b,c,d) can reach the
mission target and also be robust against
disturbances. Typical Mamdany and Sugeno fuzzy
model rules are used to build up the knowledge base,
including the mission and the control data
respectively. The fuzzy rules have the form:

For the mission control:

R if em,=LA,..and cm, =LB,

then cm, =LC (7)
For the navigation control:

R, if en,=LD,,..,and cn, =LE,

then y, = f,(y,u) (8)
where cm,,...cm,, cm, cn, and cn, are linguistic
variables representing the process state variables and
the control variable; La,...,Lb;, L¢;, LD, and LE; are
the linguistic values of the linguistic variables
cm,,...cm,, cm, cn, and cn, in the universes of
discourses U,.... ¥, W, Q and G respectively,
i=1,2,...,n.

A conjunction of input variables associated with
their respective linguistic values determines a
linguistic value associated with the output variable.
All rules are evaluated in parallel, and their outputs
are combined to a fuzzy set, which has to be
defuzzified to receive the crisp output value. The
conjunction of the inputs is achieved by the min-
operation, and for aggregating the outputs of the
rules, the max-operation is utilised. Function y is used
for the estimation of the parameters of the fuzzy-
neuro controller system.
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Figure 3. Motion Control System

There exist three kinds of error signals in the
proposed system. One of them is the difference
between the desired response and the process output.
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This error e, called the learning error, is used to learn
correct control action u and will tend to zero in the
time interval of interest with increasing iteration
number. The other error e_, called the mission error,
is the error between the mission requirements and the
process statement. The last error e, called the
measured control error and defined as the difference
between the set-point and the process output, is
primarily employed to construct the rule-base which
will subsequently be used in the fuzzy control
system.

4. Conclusion

In this paper the development of the fuzzy model and
fuzzy neural controller to investigate the motion
control for the GARBI underwater robot has been
described. The next phase of the work is to
undertake an extensive simulation study in order to
evaluate the motion control system prior to
undertaking trials at sea.

Acknowledgement

The authors wish to acknowledge the support for this
work provided by the British Council under the
British/Spanish Acciones Integradas programme

References

[11 Amat, J.,Batlle, J.,Casals, A., & Forest, J. 1996.
GARBI: The Low Cost ROV, Constraints and
Solutions.

--- 1995. GARBI: The UPC Low Underwater
Vehicle. Undersea Robotics & Intelligent
Control, U.S/Portugal Workshop. pp. 19-24.

(2]

Amat, J.,Codina, J.,Cufi, X., & Puigmal, J.
1995. Vision Based Control of Underwater
Vehicle for Long Duration Observations. ICAR'
95. pp. 273-2717,

(3]

Brown, M., & Haris, C. J. 1992. Least mean
square learning in associative memory net-
works. IEEE Symp. on Intelligent. Control.

[4]

Jang, J. & Sun, T. 1995. Neuro-Fuzzy Model-
ling & Control. Proc. IEEE, 83, pp. 378-405.

(5]

Jang, J-S. R. 1993. ANFIS: Adaptive — Network
- Based Fuzzy Inference System. IEEE Trans.

(6]

E-26

on Sys, Man & Cyb, 23 (3), pp. 665-685.
[7] Kosko, B. 1992. Neural Networks and Fuzzy
Systems, A Dynamic Systems Approach to
Machine Intelligence. Prentice Hall, Inc.
[8] Lee, C. C. 1990a. Fuzzy Logic in Control
systems: Fuzzy Logic Controller Part I. JEEE
Trans on Sys, Man & Cyber, 20, pp. 404-418.
[9] Mamdani, E. H. 1974. Application of Fuzzy
Algorithms for Control of Simple Dynamic
Plant. Proc. of the IEE, 121, pp. 1585-1588.

[10] Nauck, D., & Kruse, R. 1992, A Neural Fuzzy
Controller Learning by Fuzzy Error
Propagation. Proc. NAFIPS'92, pp. 388-397.

[11] Nie, J. & Linkens, D. 1995. Fuzzy-Neural
Control Prin, Algorithms & Applic. Pren Hall.

[12] Palman, R.,Driankov, D., & Hellendoom, H.
1997. Model Based Fuzzy Control. Germany:

[13] Patterson, D. W. 1996. Artificial Neural
Networks Theory and Applications. Prent. Hall,

[14] Sutton, R.,Taylor, H., & Roberts, G. N. 1997.
Tuning Fuzzy Ship Autopilots using Artificial
Neural Networks. InstMC Transactions,
Measurement and Control, 19 (2), pp. 94-106.

[15] Takagi, H. 1990. Fusion Technology of Fuzzy
Theory and Neural Networks - Survey and
Future directions. In P. of the Intr. Conf. on
Fuzzy Logic and Neural Networks, pp. 13-26.

[16] Takagi, T., & Sugeno, M. 1985. Fuzzy Ident of
Sys & its Applic to Modelling & Control. /EEE
Trans. on Systs, Man and Cyb, 15, pp. 116-132.

[17] Terano, T.,Asai, K., & Sugeno, M. 1992, Fuzzy
Systems Theory & its Applic. Academic Press.

[18] Yamaguchi, T.,Takagi, T., & Mita, T. 1992.
Self Organising Control using Fuzzy Neural
Networks. Int. J. Cont, 56, pp. 415-439.

[19] Zadeh, L. A. 1968. Fuzzy Algorithms.
Information and Control, 12, pp. 94-102.

[20] Zimmermann, H. J. 1996. Fuzzy Set Theory and
its Applications. Kluwer Acad Publication.





