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Infroduction

1.1 General introduction

Industrial processes are governed by control systems in which a large number of control
loops are monitored, diagnosed and optimized. The increased complexity of processes
and the demand for optimal and flexible control schemes have lead to the demand for
control schemes which can handle nonlinear, time-varying and (partly) unknown systems.
Many system are controlled manually, using weakly tuned controllers. Due to the lack of
good solutions offered by classical control design methods, one is obliged to control these
systems using nonoptimal controllers or human operators (supervisors) not able to control
the systems at the limits of what could be achieved. Still, much knowledge is available
and much expertise has been gained which remains unused, because it does not fit into the
current methods applied.

This tendency shows the need for control strategies able to cope with these complex
problems. Incorporating knowledge, automated knowledge extraction and learning are
key issues for the application of more advanced, intelligent control schemes.
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The concept of more intelligent control methods has become evident as tools for these
methods became available by the technological improvement of computer hard- and
software. Where formerly these methods needed very powerful computer systems, the
time has arrived that the methods evolving from Artificial Intelligence research become
available to be applied in a wider range of applications, using general purpose computer
systems. Even the use of these methods in a real-time situation has moved from utopia to
reality.

Researchers have long been intrigued by the fact that human beings are able to master
complex functions and are able to reason, that they posses the ability to generalize and
reach conclusions on the basis of known and speculated behaviour. The human being is
able to make use of even dubious information, as much information encountered in normal
life often is. These abilities are all reasons for the researcher to seek for methods and
approaches to the implementation of systems in computer hardware which would be able
to mimic this human behaviour.

Observing the growing necessity to be able to control increasingly complex systems, it
can be seen that there is a necessity to transfer and transform the available knowledge
of experienced operators, who are able to control a system without having an exact
mathematical description established in their minds, into advanced control systems by
extracting and using their knowledge.

It is a challenge to develop control methods which are expanded by the addition of reason-
ing and learning capabilities that are correlated to human intelligence. To expand these
control methods, a number of techniques are offered in the field of Artificial Intelligence,
these are software techniques to mimic these basic intelligent properties. They are worth
investigating to determine their applicability and this is the main research aim of this
thesis. Continuous-time systems are considered, using digital controllers.

1.2 Research aims

Research in the field of Artificial Intelligence is a multidisciplinary activity. Many in-
formation processing disciplines are related to this approach, including those to do with
software items.

The main research aims of this dissertation are:

1. To investigate the possible application of Al techniques in a direct (real-time) digital
control set-up.
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2. To investigate the various guidelines for making a choice of a specific method for
modelling or control purposes.

3. To put the high expectations of the artificial intelligent method in the right perspec-
tive, given the proliferation of AI methods in recent years.

4. To present a proposal for an intelligent control scheme, which combines various Al
techniques with standard control methods in use.

1.3 Outline of thesis

In literature, many ad-hoc applications of control methods based on the use of a chosen
Al technique are described. In this dissertation, a more systematic investigation of these
methods is performed.

Chapter 2 describes the field of Artificial Intelligence. The two main philosophies behind
the theory of intelligence, based on either reasoning or learning systems are given. The
basic ideas have been translated into two main application fields: expert systems and
artificial neural networks.

In chapter 3 the general control problem is described. With the state of the art in (linear)
control theory as the point of departure, it is here argued and reasoned motivated that
there indeed is a need for alternative methods, trying to shift the boundaries of classic
solutions. As these methods reach their limits, there is a need to propose a follow-up
to the established theory methods, which follow-ups would include process and operator
knowledge presented in an alternative way.

Chapter 4 evaluates the possibility of using use expert-system-based technologies in a
control configuration. Using both Boolean and fuzzy logic implies to the development of
a general rule-based controller. This controller can be applied under various circumstances,
even with uncertainties in the knowledge of the system. It uses general control knowledge,
stored in several knowledge bases. The use of expert system technology in a supervision
structure is investigated using a predictive control strategy. Membership functions to
express the desired control behaviour are used as an interface between the controller and
the user. The use of membership functions offers all users, including the inexperienced
one, the opportunity to set proper parameters and tune the controller until acceptable
behaviour is obtained.

In chapter 5 artificial neural networks are introduced as a basic tool for modelling unknown
systems, both static and dynamic. The methods introduced in literature are tested and
compared. A new method is introduced based on a hybrid modelling approach. Looking
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at the learning procedure of a neural network as an ordinary optimization problem, many
similarities can be found between conventional optimization and identification techniques.
Both batch-oriented and recursive techniques are available. In this chapter a method
is described which combines the advantages of both linear and nonlinear modelling
techniques. An off-line data processing technique using orthogonalization is described,
from which compact hybrid models of nonlinear processes are obtained. The model thus
produced is linear in the parameters and can be used in a real-time weight updating scheme
using least-squares techniques. This powerful modelling technique is illustrated by means
of experiments.

In chapter 6 a critical investigation is performed on the applicability of neural-network-
based control. A model-based scheme is proposed as the proper approach to using neural
networks as part of a direct (real-time) digital control scheme. Two strategies are proposed.
The first strategy uses a neural model in a conventional optimization algorithm to explore
proper control actions. The second strategy trains a neural network as a controller, using
the neural network model. The applicability of these control strategies is investigated and
comparisons and recommendations are made.

Chapter 7 shows the relation between the methods presented in this thesis. It is shown
that in many applications it is worthwhile to combine various methods, and conventional
techniques. Especially for those cases in which some a priori knowledge about the system
to be controlled is available, this information can be used to initialize a network-oriented
modelling approach. A proposal is given for a hierarchical controller set-up, using various
methods in parallel. Guidelines for the selection of a method are given.

Finally, in chapter 8, conclusions are drawn and suggestions for future research are given.



Arfificial
Infelligence

2.1 Introduction

This chapter describes the field of Artificial Intelligence (AI), before going into detail
about possible applications in control engineering. The chapter starts with a general
description in section 2.2 of the history of AI. After this description, some of the traditional
application areas are described (section 2.3) in order to get some idea about the possibilities
of Al methods and research begin carried out in the field of Al Section 2.3.2 describes
the two main directions in Al research. The first approach is based on the idea that
human intelligence can be reproduced by imitating man’s reasoning capabilities. This
”symbolic AI” approach is discussed in more detail in section 2.4. It introduces the
concept of symbolic Al, which is a product of the research on the reasoning capabilities
of human beings. Search concepts, automated reasoning, production systems, knowledge
description, uncertainty handling, etc. are discussed. The second approach focusses on
the idea of imitating human intelligence by implementing the functions of the brain, based
on the concept of learning. This “subsymbolic AI” concept has lead to the development
of Artificial Neural Network (ANN) structures, which are introduced in section 2.5.
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A general definition of knowledge, and the various possibilities of describing and imple-
menting it, is given in section 2.6. The acquisition problem addresses the possibilities of
learning systems, discussed in section 2.7.

The two approaches, symbolic and subsymbolic, have specific advantages and possibilities.
These advantages, and of course disadvantages as well, are compared in section 2.8, t0
give the reader some insight into the possibility of applying these methods for a specific
problem. This section focuses on the feasibility of applying these methods in a control
environment. Certain properties of symbolic and subsymbolic Al indicate the usefulness
of these methods for control problems.

2.2 Artificial Intelligence and its history

Artificial Intelligence has been a challenge to many research people working in computer
science right from the beginning of the application of computers to solve problems. For
many years research on imitating or mimic the natural intelligence of human beings has
been carried out. This even without the availability of a proper definition of natural
intelligence, using a straightforward and simple philosophy: if we were able to mimic
intelligence and automate it, all existing problems that can be solved by human beings,
could be solved by automatical means. Especially with modern computer technology
evolving very rapidly, this would lead to the ultimate situation: knowing everything.
Unfortunately (or fortunately?), we do not yet know what intelligence is, which gives rise
to many conflicts between researchers trying to explore the meaning of intelligence. We
do not know how reasoning, thinking, creativity is performed. Therefore, many attempts
yielding minor results have been made to imitate intelligent behaviour. Much of the early
research was begun and carried out by mathematicians and philosophers. The roots of Al
are founded in the work of several persons: Gottlob Frege, Bertrand Russell, Kurt Godel,
Alan Turing, Alfred Tarks and many others. The very roots of Artificial Intelligence even
go back to Aristotle, who had many philosophical ideas about Natural Intelligence.

One of the main aims of early Al research was to develop a formal language for thought.
This also appeared in Boole’s book: An Investigation of the Laws of Thought [Boole1854],
in which are founded the mathematical theories of logic and probability. His work led to
the introduction of the Boolean Algebra with three basic operations:

"AND" * 0r A
"OR" +4or V
"NOT" —
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These operations are the basis of all developments in formal logic. From Russell and
Whitehead’s "Principia Mathematica" through the work of Turing [Turing50] up to modern
automated reasoning systems.

It was Gottlob Frege [Frege1884, Frege1879] who created a mathematical language to
describe this reasoning process. This language is now known as the first-order predicate
calculus. It offers a tool to describe the propositions and truth value assignments. It forms
the philosophical basis for mathematical reasoning.

In the 18th, 19th and 20th century this formalization of science and mathematics created
the tools of Artificial Intelligence. However, it took until the introduction of the computer
before Al became a recognized and viable scientific discipline. The computer made it
possible to implement reasoning systems and test their ability to exhibit intelligence. The
computer became an essential element in the science of Al and a vehicle for creating and
testing theories of intelligence.

Alan Turing, a British mathematician, wrote one of the earliest papers about the relation-
ship between machine intelligence and the (digital) computer. In his work, "Computing
Machinery and Intelligence" [Turing50], he posed the question as to whether or not a ma-
chine could actually be made to think. He noted that fundamental philosophical questions
(what is intelligence? what is thinking?, etc.) had no answers; he replaced the question
whether a system is intelligent by an empirical test. This famous Turing test is probably
the only standard for testing some forms of intelligent machine behaviour, mainly in the
area of advisory systems.

The Turing test is used to measure the performance of a system which is assumed to be
intelligent, against the performance of a human being. The conditions of the test are as
follows: the machine and a human counterpart are located in separate rooms; a second
human being is located in a third room where there is no visual contact with the machine
or its human counterpart, and he communicates via a terminal. The aim is to distinguish
the computer from the human being only on the basis of their answers. If the person is
not able to distinguish the machine from the human being then Turing concluded that the
machine may be assumed to be intelligent (assuming that the human being is intelligent
or can demonstrate his intelligence given the posed questions).

This scheme is used to evaluate many modern Al programs, especially in the field of
developing and verifying modern expert systems developed for decision support. Of
course, it is still arguable whether the comparison is right or not, because AI products
still lack the answer to the flexibility of human beings to respond to an infinite range of
situations. One has to be very careful to see Al as a real form of intelligence by comparing
it only to human intelligence in a certain field. Only a few systems which have passed the
Turing test are available, although the general feeling is that for real intelligence, whatever
that may be, learning capabilities must be available. Despite these basic problems of the
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verification of intelligent systems, in many areas today, Al application and research is in
progress.

2.3 Al applications and research areas

The research areas of Al are rather diverse. This section is meant to give the reader some
idea of popular subjects in the history of Al research and the main research directions.
Section 2.3.1 gives some examples of well-known, popular Al application areas such as
game playing, theorem proving, etc. In section 2.3.2 the two main research directions in
Al are given, each with its own philosophy and ideas about the realization of machine
intelligence.

2.3.1 Application areas

The main subjects of Al researchers have focussed on search algorithms and knowledge
representation. These subjects can directly be traced back to the areas in which most Al
research evolved. Some of these areas are briefly described, without any pretence to be
complete or extensive. .

Game Playing
Much of the early research was performed using games like chess and checkers. These
problems are ideal for this kind of research, because:

e Most games have a well-defined set of rules, so an easy generation of the space in
which the solution has to be found is possible, although this space is immensely big
(NP complete, see last item).

o Testing is easy because these problems do not require complex formalism to describe
the area in which the solution to the problem has to be found.

e Quite often these games offer an immense space in which the solution has to be
found, which clearly defines the need to develop methods which can handle these
large spaces. These methods or techniques applied are called heuristics and are a
major area in Al

Theorem Proving
This branch is one of the oldest areas in Al research. The idea is that all mathematics can be
seen as formal derivations from basic axioms. This research led to a strong formalization
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and the development of formal representation languages such as the predicate calculus
and a logic programming language like PROLOG.

Many applications like the verification of computer programs, the design and verification
of logic circuits etc. evolved from this research area. One of the best known examples
in this field is MACSYMA [Moses67], a symbolic problem solver for mathematical
problems, developed at MIT.

Natural Language understanding

Al is aresearch area closely coupled with the behaviour of human beings. One of the main
abilities of human beings is that they communicate via natural language in a flexible and
intelligent way. In order to make genuinely intelligent systems, computers should also
communicate with human beings via such a natural language interface. The development
of such an interface has been one of the long-standing aims of AI. Many of the programs
developed have been successful only in a very restricted domain. To date, there is no
strict, well-defined methodology available to develop systems which are as flexible and
general as the natural language interface of human beings.

Machine learning

AT has been successful in many problem-solving techniques. However, there is a strong
limitation to these kind of systems: learning. A problem-solving system may perform
a task well, but it will not remember the previous solutions arrived at under the same
circumstances. The solution to this problem is to make programs which learn on their
own.

For a machine to learn is difficult, but it is not impossible. The Automatic Mathematician
(AM) can be mentioned as an example; it was designed to discover mathematical laws
[Lenat77]. This program has proved to be successful in a very restricted application area.
The success of such a program indicates that machine learning is possible, but to date no
generic set of learning rules is available to solve a general problem.

2.3.2 Two research directions: mind versus brain

In the previous sections, a brief introduction has been given to the area of Artificial
Intelligence and its major (historic) application areas. The main reason for this kind of
research, as stated in section 2.2, is the ultimate aim developing intelligent systems. These
systems should exhibit natural intelligence as we observe it in human beings.

The intelligent behaviour of a human being is mainly exhibited and determined by two main
abilities: reasoning and learning. Both are aspects of intelligence which been subjects
of research. The research groups involved in Artificial Intelligence can be divided into
two main groups.
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The first group is involved in research developing methods for (automated) reasoning
systems, concentrating on the use of logic and other (advanced) knowledge description
and processing (e.g. reasoning) methods, believing that the right way to develop intelligent
systems is to mimic the mind of a human being. They are convinced that the need is to
develop methods for automated reasoning and knowledge representation. Many attempts
have been made so far, but in many applications it has proved that the implementation of
general knowledge about "the world’ in such a system differs markedly from application to
application. The understanding of natural language turned outto be a lot more difficult than
assumed in the beginning, because the meaning of many words depends on the context.
Further, the understanding of language depends also on extensive a priori knowledge of
the real world. Therefore the research in this field is concentrated on small problem areas
in which the ambiguity of the knowledge about the problem is very limited.

The second group is carrying out research from the point of view that real intelligence is
to be found in building a copy of the brain of a human being. However the brain of an
animal has the same structure, and many animals are not assumed to possess intelligent
behaviour. Research in this area is concentrating on developing models according to
biological knowledge of the brain itself, with respect to the basic structure, the cell
structure, the connectivity, etc. The aim is to make a kind of software copy of the brain’s
hardware. The key issues in this kind of research are learning and memorizing. The
groups doing this kind of research strongly believe that true intelligence, such as exhibited
by human beings, can be implemented by offering many examples to such an artificial
brain which will learn them.

These two main directions in the Al research, known as symbolic Al and subsymbolic
AL have produced their own specific products as the results of their research. In the
following sections, attention is paid to these two directions in Al Although the general
feeling is that intelligence should exhibit both components (reasoning and learning), much
of the research has been done separately, focussing on either the symbolic approach by
implementing automated reasoning systems, or on implementing a learning system using
ANN structures. In this thesis, it will become apparent to the reader that both parts of
intelligence are necessary to build ’intelligent’ control systems, especially for control
applications.

2.4 Symbolic Al

The research area of symbolic artificial intelligence application has been concentrated on
the logic-based approach. This section gives an introduction to the basics of the field.
Section 2.4.1 introduces the concept of search, which is the basis of logic-based reasoning
systems. Section 2.4.3 introduces the most commonly used implementation of automated
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search: production systems. Section 2.4.4 describes the component of a system which is
based on knowledge. Attention is paid to the main bottlenecks to the use of this kind of
systems: knowledge elicitation and analysis.

2.4.1 Search space

Problem solving is a search procedure in a multidimensional space, set up by all possible
solutions. Many search methods have been proposed and developed. This section intro-
duces them briefly, including an advice which method should be used when knowledge is
available about the type of problem to be solved.

In general, a symbolic Al system is a problem-solving program. It searches, by means
of a search algorithm, the space formulated by the information about how to solve the
problem. This is where knowledge comes into the picture because it plays an important
role in the description of the space set up by all possible solutions. Knowledge is defined
as the set of beliefs, theorems, facts and data .

The pieces of knowledge define the state space which has to be searched through. The
states in the search process can be represented graphically. Such a graph consists of
a number of nodes and edges. An edge connects two nodes, and can be directed or
nondirected, producing directed or nondirected graphs. This representation can produce

Loop /Di4rectional loop Tree with no root

Figure 2.1: Examples of graphs

many possible graphs (see figure 2.1), from which a tree is a connected graph without
loops. In a tree there is only a single path joining any two nodes.

In a graph representation, the problem states are nodes, and two nodes are connected by a
(directional) edge. Applying an operator converts the state corresponding to the first node
to the state corresponding to the seconde node. A state space in this field is represented
[Luger89] by a four-tuple [N,A,S,GD]:
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e N is the set of nodes or states of the graph. These correspond to the states in a
problem-solving process.

e A is the set of links between nodes. These correspond to the steps in a problem-
solving process.

e S, a nonempty subset of N, contains the start state(s) of the problem.

e GD, a nonempty subset of N, contains the goal state(s) of the problem.

A solution path is a path through this graph from a node S to a node in GD. When we use
Boolean logic, allowing only true and false, we can image this state space as a knowledge
tree which has to be processed by the search algorithm.

2.4.2 Search methods

The task of a search algorithm is to find a solution path through a problem state. Search
algorithms must keep track of the paths from a start to a goal node, because these paths
contain the series of operations that finally produce the solution of the problem. A possible
sub-goal might be to find the shortest path to the solution.

A state space may be searched in two directions: from the given data of a problem towards
a goal or from a goal back to the data.

In data-driven search, sometimes called forward chaining , the problem solver begins
with the given facts of the problem and a set of legal moves or rules for changing the state.
Search proceeds by applying rules to facts to produce new facts, which are in turn used
by the rules to generate more new facts. This process continues until it generates a path
that satisfies the goal condition.

An alternative approach is possible: Start with the goal that we want to reach. See what
rules could be used to generate this goal and determine which conditions must be true
to use them. These conditions become the new goals, or sub-goals, for the search. The
search continues until it works back to the facts of the problem. This approach is called
goal-driven reasoning or backward chaining . In practical implementations of this kind
of systems, there are many combinations of these methods, depending on the application.

Search methods have been developed both using the data- and goal-driven approaches.
The decision is based on the structure of the problem to be solved. Goal-driven search is
suggested if:

1. A goal or hypothesis is given in the problem statement or can easily be formulated.
In a mathematics theorem prover, for example, the goal is the theorem to be proved.
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2. There are many rules that match the facts of the problem and thus produce an
increasing number of conclusions or goals. Early selection of a goal can eliminate
most of the branches, making goal-driven search more effective in pruning the space.

3. Problem data are not given by the user but must be acquired by the problem solver.
In this case, goal-driven search can help guide data acquisition.

Data-driven search is appropriate to problems in which:

1. All or most data are given in the initial problem statement. Interpretation problems
often fit this mold by presenting a collection of data and asking the system to provide
a high-level interpretation. Systems that analyze particular data fit the data-driven
approach.

2. There are many potential goals, but there are only a few ways to use the facts and
given information of a particular instance.

3. Tt is difficult to propose a goal or hypothesis, and you are interested in the goal or
hypothesis corresponding to the data offered to the system.

In addition to specifying a search direction (data- or goal-driven), a search algorithm
determines the order in which states are examined in the tree or graph. We can consider
two possibilities: depth first and breadth-first search. Both methods are exhaustive, brute-
force, . search methods. For large search spaces this can become a practical problem
because the length of time used for reasoning. This is the reason there are a.number of
heuristic search algorithms, like Minimax, best first method, A*, Alpha-Beta etc. The
main heuristic idea behind these kinds of methods is to force the search method into the
(probably) most successful direction.

Choice of search methods - some remarks

The most difficult aspect of combinatorial problems is that the "explosion” often takes
place without program designers realizing that it will take place. The full extent of
combinatorial growth goes beyond imagination. It has been estimated that the number
of states produced by a brute-force search of the space of possible chess moves is about
10'2% which is an incredibly large number.

Several measures have been developed to cope with this complexity. One of these is the
branching factor of a space. This is defined as the average number of descendants that
emerge from any state in the space. The number of states at depth n of the search is equal
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to the branching factor raised to the nth power. Once the branching factor is computed
for a space it is possible to estimate the search cost (= computer time) to generate a path
of any particular length. The relation between B (branching), L (path length) and T (total
states in the search) is [Charniak85]:

L _
T — B(B* -1)
B-1
In this way it is possible to get some idea whether using a heuristic search method is useful
or not. In literature ([Charniak85]) some rules of thumb are given to choosing a search
method.

2.4.3 Production systems

In the previous section, an introduction has been given to search. Of course, there are
many ways to implement the search in a computer program, for example, by including
a search algorithm in the implementation language. Prolog and Lisp are good examples
of this principle. One of the most important implementation structures is the separation
of the knowledge description using rules and the search procedure(s): the production
system. It has proved to be very important in Al as a model of computation for both
implementing search algorithms and for modelling human problem solving. A production
system provides a pattern-directed control of the problem-solving process. It consists of
three main parts: a set of production rules, a working memory and a recognize-act cycle.

1. The set of production rules. A production rule is a condition-action pair and defines
a single piece of problem-solving knowledge. The condition part of the rule is a
pattern which determines when that rule may be applied. The action part defines
the related problem-solving step.

2. Working memory. The working memory describes the current state of the reasoning
or problem-solving process. By applying the production rules the contents of this
memory is changed by adding facts or deleting them.

3. The recognize-act cycle. The current state of the problem-solving process is main-
tained as a set of patterns in working memory. This memory is initialized with the
initial problem description. The patterns in working memory are matched against
the conditions of the production rules; this produces a subset of conditions, called
the conflict set, whose conditions match the patterns in working memory. The
productions in the conflict set are said to be enabled. One of the production rules
in the conflict set is then selected (conflict resolution) and the action of the rule is
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performed, changing the contents of the memory. After the selected production rule
is fired, the control cycle repeats with respect to the modified working memory. The
process is terminated when no more rule conditions are matched by the contents of
the memory.

Working Gio A

memory

pattern — action

Figure 2.2: Scheme of a production system

In figure 2.2 the set-up of a production system is given.

An important part of the recognize-act cycle in a production system is the conflict resolu-
tion. Conflict resolution is able to select a rule of the conflict set to be fired. This strategy
may be simple (selecting the first rule which matches the conditions) or complex (rule
selection heuristics). An example of heuristic conflict resolution is agenda control. Some
rules are put on a higher priority, so they are investigated first.

2.4.4 Knowledge-based systems

A knowledge-based system can be described as a system which has a (strict) separation
between the knowledge contained in the system and the algorithm to handle this know-
ledge. These systems can be seen as a subset of the class of intelligent systems, as expert
systems can be seen as a subset of the class of knowledge-based systems. Both focus on
a domain of expertise. A knowledge-based system can be implemented as a production
system in case the knowledge is represented in the form of production rules.

In a knowledge-based system two levels can be distinguished: (a) the knowledge level
and (b) the symbol level. The symbol level is concerned with the particular formalism
used to represent problem-solving knowledge. In section 2.6.1, a description is given of
the knowledge representation forms which are possible. Above the symbol level is the
knowledge level, which is concerned with the knowledge contained in the program and the
way this knowledge is used. Even further distinctions can be made between the symbolic
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level and the data structure level. Below the data structure level the language level is
situated. One of the important features of this hierarchical set-up of knowledge-based
systems is that higher layers are more or less insensitive to the underlying language and
layers.

2.4.5 Expert Systems

One of the main conclusions from the research in problem solving techniques was the idea
that domain-specific knowledge plays an important role. This can easily be demonstrated
by looking at a medical specialist. A doctor is good in his domain, not because he has a
general, effective problem-solving skill, but because he knows a great deal about a specific
disease and is capable of mapping this domain specific-knowledge to the problem to be
solved.

Therefore,much research has led to the development of systems where the domain-specific
knowledge could be separated from the problem-solving techniques. These systems, better
known as expert systems, are today the best known products of Al. A possible definition
can be given by using the dictionary explanation for both words:

e An expert is a person who is, in a certain subject, highly skilful or has a high degree
of knowledge.

e A system is a group of interacting, or interdependent elements or is regarded as
forming a collective entity.

Although an expert is defined as a human being, nothing about an expert system, as an
implementation on a computer, is human. The two terms only imply the nature of an
expert system. In general an expert system is defined by the following features:

e The knowledge of a (human) expert about an area such as bike repairing, teaching,
control engineering or process control is fed into a computer. This information
forms what is generally called a knowledge base within Al Since most knowledge
is recorded in sentences, as opposed to mathematical equations, the computer system
must process symbolic data as opposed to numerical data. For example, in the area
of process control, an expert might feed the following statement into the computer:
A process with overshoot is at least of the order two or has a zero which is dominant.

e Knowledge is divided into categories: facts, assumptions and heuristic rules. The
statement about the order of the process is a fact. Stating that a problem with
overshoot in a feedback system is caused by a high loop gain is an assumption. The
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term heuristic means "helping to discover or learn". Thus, heuristic rules relate the
facts and assumptions about a problem situation and then attempt to find a solution
to that problem.

¢ Once the knowledge has been stored according to an appropriate scheme for a given
area, information about a problem to be solved is fed into the computer. Then,
the heuristic rules are used to relate the knowledge to the problem situation or vice
versa. Finally, the computer suggests a solution, or provides a report that humans
can use to determine or accept a solution. In this latter case an explanation facility
is required.

Many applications of expert systems are described in literature , mainly as a part of an
advisory system for experts or as a teaching system for novices in a restricted area of
application.

Rule-based expert systems

In rule-based expert systems the condition-action pairs of production systems are repre-
sented as rules, with the premises of the rules (the if part) corresponding to the condition
and the conclusion (the then part) corresponding to the action. The inference engine is
the recognize-act cycle of the production system. This control may be either data-driven
or goal-driven.

The principle structure of rule-based systems is given by the structure of a production
system. The scheme of a rule-based expert system and its main components is given
in figure 2.3. We distinguish the inference engine which uses the knowledge from the
knowledge base and the case specific data to solve the problem. Communication with the
user is provided by a user interface. Explanation facilities about the solution path are very
important in an expert system. [n many cases, the user of such a system wants to know
why a conclusion is drawn. Last but not least, we need a knowledge base editor to add,
remove or modify knowledge in the knowledge base.

In a real-time control situation, the system must be completed with an interface to the
process to be controlled, taking care of the data handling, and interfaces to other programs
for necessary calculations.

2.4.6 Uncertainty management

Expert system technology has evolved from systems based on logic theories as used in
mathematics, like Boolean algebra, which uses two logic values (true or false) for a variable
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Figure 2.3: A rule-based expert system

in the system. This approach requires a strict and complete description of the system and
its knowledge. However, in practice in a system, we are not only dealing with exact and
precise knowledge, but alsg with inexact and imprecise knowledge. Many attempt have
been made to deal with this kind of uncertainty management in knowledge-based systems.
The most famous approaches are:

e Bayes. This approach is based on the statistical approach, in which conditional

probabilities are used to deduce the probability of the related knowledge. This
theory is well established, but to use this method all conditional probabilities must
be known in advance. In practice this is hardly possible in an expert system.

Certainty factors. This approach was introduced in the MYCIN expert system
[Buchanan84]. CF factors are values between —1 (false) and 1 (true). These factors
are used to deduce the certainty factor of dependent knowledge. The AND operator
is defined as the minimum operator, and the OR operator is defined as the maximum
operator. To give an example: if the certainty of fact A is 0.3 and the certainty of fact
B is given as 0.7 and the rule to be applied to deduce fact Cis: IF A AND B THEN
C, then the certainty of fact C is calculated as: CF(C) = min(0.7,0.3) = 0.3. If
more rules support the same result R, the resulting certainty factor Cp is calculated
as:

CR = CRl + CR2 — CRlcnz if CRI,CRZ are both pOSitiVﬁ (21)
= Cpg; + Cga + Cri1Crs if Cry, Cr, are both negative (2.2)

C C
R+ ORe else 2.3)

1 min(|Cr|, |Cra|)
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Figure 2.4: Membership function p for the set of long people in northern Europe.

This theory has no real mzthematical background, but has proved to be useful in the
MYCIN system.

o Fuzzylogic. This approach was introduced as an extension to *normal’ conventional
set theory [Zadeh65]. The degree of membership to a specific set is defined by a
membership function . Such a function has values in the range [0,1]. Every
value of a variable is coupled to a fuzzy value via such membership functions. As
an example, we can examine the set of long people. In figure 2.4, the membership
function for long people in northern Europe is depicted. From this graph it can be
seen that a person who is 1.75m long is called tall in this expert system and has a
fuzzy value p(1.75) = 0.5.

The fuzzy reasoning for the functions AND and OR can be implemented in various
ways. Intable 2.1 several of these implementations are summarized. The advantage

] I AND | OR |
Lukasiewicz || max(p + ¢ — 1,0) | min(p + ¢,1)
Probabilistic Pq Pr+q9—pq
Zadeh min(p, q) max(p, q)

Table 2.1: Possible implementations of AND and OR operation.

of fuzzy logic is to be found in the theoretical background for this theory. Normal
(nonfuzzy) sets can be considered as just a special case of the fuzzy approach.

In the Al community, there is 10 consensus as to which method is the better one to
express uncertainty in the knowledge used for reasoning. But the trend today is towards
the use of fuzzy logic. Many applications have been developed in which fuzzy logic is
used successfully to express and handle the uncertainty in a system. Especially in Japan,
the research in fuzzy logic and its applications is heavily supported and stimulated. In
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this thesis it is assumed that fuzzy logic is the most natural way to express uncertainty,
whenever this is necessary.

2.5 Subsymbolic systems

In contrast to the systems in which knowledge is expressed explicitly in a knowledge
base while there is a strict separation with the inference strategy (search), subsymbolic
Al techniques have a full integration of the knowledge and the knowledge processing
technique.

The idea of subsymbolic knowledge processing using neural networks is not new. The
idea was originally intended as an attempt to model the biophysiology of the brain, i.e.
to understand the working and functioning of the human brain. The original aim of the
research in the field of neural nets was to create a model which was capable of mimicking
human thought processes on a kind of hardware level, where traditional symbolic Al
focused on the thinking level of the mind. Thus the early work in this field was mainly
done by biophysicists and scientific psychologists, but certainly not by engineers for
practical applications.

Neural networks were already a topic of research in the 19th century [James1890], when
he stated that: the amount of activity at any given point in the brain cortex is the sum of the
tendencies of all other points to discharge into it. As his conclusion, he wrote that such
tendencies are proportional to the number of times the excitement about other points may
have accompanied that of the point in question, and to the intensities of such excitements.
Finally these tendencies are proportionate to the absence of any rival point functionally
disconnected from the first point into which the discharges might be diverted.

Tt took until 1943 before McCulloch and Pitts translated those three tendencies described
by James into a mathematical model [McCulloch43], the McCulloch-Pitts neuron, which
is described in greater detail hereafter. The research in this area lasted until 1969, the
year in which Minsky and Papert introduced their book ([Minsky69]). They proved
that the Perceptron, the neural model used to that date, was only capable implementing
linearly separable problems, and they stated that the same would hold for multilayered
networks. All the enthusiasm about the Perceptron [Rosenblatt61] vanished and only a
few researchers continued the research. Not until late 70s did the neural network research
became a hot topic again. Thanks to the development of VLSI technology, powerful
simulation tools for those networks became available. The big boom in neural network
research evolved after the publication on backpropagation method ([Rumelhart86]), which
made it possible to train multilayered networks properly.



2.5 SUBSYMBOLIC SYSTEMS 21

Basics of Neural Networks

The biological neuron is the basis upon which neural networks are based. Each neuron is
composed of a body (or soma), an axon and a large number of dendrites. The dendrites
form a very fine "filamentary brush" surrounding the body of the neuron. The axon can be
seen as a very fine, long, thin tube which splits into branches terminating in little endbulbs
almost touching the dendrites of other cells. The small gap between such an endbulb and
a dendrite of another cell is called a synapse. The axon of a single neuron forms synaptic
connections with many other neurons. Figure 2.5 shows the components of a biological

J
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Figure 2.5: Elementary components of a biological neuron

neuron. Impulses propagate down the axon of a neuron and impinge upon the synapses,
sending signals of various strengths down the dendrites of other neurons. The strength
of the signal is determined by the efficiency of the synaptic transmission. A neuron will
send an impulse down its axon if sufficient signals from other neurons impinge upon its
dendrites in a short period of time. This period is called period of latent summation. A
signal acting upon a dendrite may be either inhibitory or excitatory. A biological neuron
fires, i.e. sends an impulse down its axon, if the excitation level exceeds its inhibition by
a critical amount, the threshold of the neuron.

In artificial neural computing, simple models of such a biological neuron are used. They
are used to mimic the basic behaviour of a real neuron. The body of such an artificial
neuron is often represented by a weighted sum of the input signals, followed by an arbitrary
(nonlinear) function. This function f(z;) is called the activation function and determines
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the output of a neuron. It usually is related to a nonlinear type of function such as a hard
limiter or sigmoidal function. The neuron here described is called the McCulloch-Pitts
neuron.

A McCulloch-Pitts neuron with a binary threshold as output function is known as a
Perceptron, a basic element in many applications reported in literature.

In this model, the synaptic strength from the ith artificial neuron to the jth artificial neuron
is represented by an interconnection weight w;;. These weights can be either positive
(excitatory) or negative (inhibitory). The combination of the weights and the function
() determines the operation of the network. The summation function combined with the
nonlinear function f() is referred to as a node.

A neural network can be defined as a set of interconnected nodes. The complete network
is specified by 3 features:

o Network topology: This is the way the nodes in a network are connected.

e Control algorithm: This algorithm determines the way in which a network is
executed and also provides for the communication between the network and its
environment.

o Learning rule: The weights on the interconnections in the network are modified
according to a specific learning rule. This influences the behaviour of the network
significantly.

Network Topology

A neural network consists of a number of interconnecting nodes and is usually organized
into layers. This can lead to single layer construction or a multilayered network. A typical

input hidden output

Figure 2.6: A typical multilayered network, in which each node is represented as a circle.

neural network (figure 2.6) has an input layer, an output layer and an optional number of
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hidden layers in between. Data is presented to the network via the input layer, the network
presents its results to the envircnment via the output layer. The hidden layers are used
for storing information. The number of hidden layers used (if present at all) is strongly
application dependent.

The connections of the nodes can be such that the information flow is only in one direction
(from input to output), while there a possibility to connect nodes in such a way that
feedback is introduced. Whether feedback connections are apparent or not is determined
by the type of network.

Control Algorithm

The reaction of a network to an input is directed by a control algorithm and is dependent
upon the network topology. In a strict feedforward network (not containing any feedback
connections) information simply flows from input layer to output layer, i.e. the layers
are executed sequentially. However, in the case of feedback connections, information
reverberates around the network under the auspices of the control algorithm. In this kind
of network, a convergence criterium is usually involved. A sequence of layers, involved
in the feedback, is executed until the convergence criterium is met. The results are then
passed to the outer world, again by the control algorithm.

As mentioned before, all communication between the network and the environment is
handled by the control algorithm. A network learns to produce certain output values
(arranged in an output vector) with a given set of input values (referred to as the input
vector). The network is called hetero-associative if the desired output vector is different
from the input vector. When the desired output vector is equal for all training examples,
the network is called auto-associative.

Learning rules

In most applications using neural networks, the function f() is fixed and only the weights
are varied in order to carry out different computations within a network. Neural networks
can have either fixed or adaptable weights. Networks with adaptable weights use learning
laws to adjust the interconnection strengths. For neural networks with fixed weights, the
task which has to be performed has to be a priori well defined. The weights will be
determined directly from the description of the problem. In many real-life problems, it is
not known a priori what the correct weights should be, and therefore adaptable weights
are necessary.
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In learning, there are two essentially different methods: supervised and unsupervised
learning:

e Supervised learning is done when the network is supplied with both the input values
and the correct output values, and the weight adjustments performed by the network
are based upon the error of the computed output.

e Unsupervised learning is done when the network is only provided with the input
values, and the weight adjustments are based only on the input values and the current
network output.

Learning laws determine how the network adjusts its weights by using some error function
of any kind of criteria. The kind of learning is determined by the characteristics of the
network desired.

The use of adaptable neural networks can be divided into two main phases: the learning
phase and the recall phase. The user provides the network with a number of input patterns,
and output patterns if required, and the network adjusts its weights until the output is equal
to (or close to) the correct and desired output. During the recall phase, the network "simply’
computes an output after an input pattern is presented to it, given the weights which have
been adjusted during the learning phase. However, there can still be some adaptation
involved.

The time domain in which the network operates can be either continuous time or discrete
time, depending upon the network architecture. Some networks use neurons which
compute at synchronous and discrete intervals to incorporate exact timing into the network.

2.5.1 Classification of Artificial Neural Networks

Artificial Neural Networks (ANN) can be classified using a number of discriminators.
As an example, a classification can be set up, distinguishing systems in the following
categories:

(a) systems which have feedback connections in the network and systems which do not
have feedback connections determining the information flow.
(b) systems which learn in a supervised mode or an unsupervised mode.

There are many networks and a lot of modifications are available, which differ in their
control schemes, learning schemes, etc. The type of network which can be used depends



2.6 KNOWLEDGE 25

on the type of problem you want the network to handle. In many books, overviews are
given on a number of ANN types, like the book [Khanna90].

For control engineering purposes in general, it can be stated that supervised learning is the
most relevant learning strategy, permitting influence on the behaviour of the network from
the outside. The second remark which can be made is that we want a network to produce
continuously valued outputs, as required for modelling and control purposes. These two
requirements limit the types of networks which are appropriate, although, still, a number
remain which are discussed in chapters 5 and 6.

2.6 Knowledge

The application of knowledge-based systems requires the availability of knowledge, in any
form. This section gives some background on the representation, acquisition and analysis
of knowledge. Within Al research, much of the attention has been paid to these three
subjects, which are of crucial importance to the application of symbolic Al systems, where
knowledge is expressed explicitly. Knowledge representation in subsymbolic systems
however is straightforward, using weights between the various connections in the network.
No explicit knowledge is found in such systems, except perhaps about the structure of the
network: the number of in- and outputs, activation function, topology, etc.

2.6.1 Knowledge representation

Over the past 25 years, numerous representational schemes have been proposed and
implemented, each of them having its own strengths and weaknesses. Mylopoulos and
Levesque (1984) have classified these into four categories:

1. Logical representation schemes. This class of representations uses expressions in
formal logic to represent a knowledge base. Inference rules apply this knowledge
to problem instances. First-order predicate calculus is the most widely used logical
representation scheme, but it is only one of a number of logical representations.
PROLOG is an ideal programming language for implementing logical representation
schemes.

2. Procedural representation schemes. Procedural schemes represent knowledge
as a set of instructions for solving a problem. This contrasts with the declarative
representations provided by logic and semantic networks. In a rule-based system,
for example, an IF ... THEN rule may be interpreted as a procedure for solving a
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goal in a problem domain: to derive the conclusion, solve the premises in order.
Production systems are examples of a procedural representation scheme.

3. Network representation schemes. Network representation schemes capture know-
ledge as a graph in which the nodes represent objects or concepts in the problem
domain and the links represent relations or associations between them. Examples
of network representations are semantic networks, conceptual dependencies, and
conceptual graphs.

4. Structured representation schemes. Structured representation languages extend
networks by allowing each node to be a complex data structure consisting of named
slots with attached values. These values may be simple numeric or symbolic
data, pointers to other frames, or even procedures for performing a particular task.
Examples of structured representations include scripts, frames and objects.

As has been shown, there are many knowledge representations for symbolic Al systems.
For subsymbolic systems the knowledge has been coded into weights. Every application
requires its own representation, because it has to fit with the knowledge available about
the domain the system is designed for. For control engineering purposes, it depends on
the application: supervisory systems with high-level knowledge will probably require a
mixture of rules and structured representation schemes, whereas direct control will use
logic and procedural representation schemes. Direct controller configurations are therefore
clear candidates for neural-like knowledge representation and acquisition, because at that
level we often face the problem that no clear knowledge concerning the system to be
controlled is available. Knowledge concerning the process should then be acquired by the
Al system itself.

2.6.2 Knowledge acquisition

Human beings gain knowledge in different ways. One way is through direct observation
and they draw inferences and conclusions from what they see. Another possibility is
indirectly through some kind of tutor (person, book, film, recording ...), or through
discovery, combining old knowledge in new ways to develop new ideas and hypotheses.
The AI community would like to make these kinds of knowledge acquisition available
to computers. Although a lot of research is done, no model of human learning has been
implemented with a level of performance that even approaches that of a human. This
means that we are not yet at the stage in Al development where we can command a
computer to gather its own knowledge, so we must gather the information for it, and load
it into its memory.

For symbolic systems, much effort is put into the development of knowledge elicitation
and analysis methods, in an attempt to obtain a structured way to develop an Al system.
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Knowledge elicitation

First we must find a person or a group of people who individually or collectively have
expert knowledge of our chosen domain of discourse. Then we must find a way to extract
this knowledge from them. In general this is a very hard job. It is difficult to state in an
orderly fashion everything you know about a topic. It is difficult to know where to begin.
And, in many cases, it is difficult to put into words exactly how judgments relating to the
subject are made.

An expert uses different kinds of knowledge to solve a problem: deep and shallow
knowledge. During the process of becoming an expert in some area, the expert first gains
the basic principles and theories (=deep knowledge). After that he builds up a lot of
heuristics (=shallow knowledge). A rough estimation states that the winner of a technical
Nobel price has about 50000 to 100000 pieces of heuristic knowledge at his (or her)
disposal. Experts solve problems by using their heuristic knowledge. Only in special
cases they do use their basic knowledge. Therefore, a real expert system should mainly
contain heuristic knowledge, which must be obtained from the expert. Possible forms of
knowledge elicitation are:

¢ Observing the expert. While solving the problem the expert must explain all his
actions.

e Viathe terminal. The knowledge engineer puts a question to be solved by the expert,
while explaining his answer.

o Inquiries.

¢ Interviewing an expert.

The most successful and most frequently applied method in knowledge engineering is the
use of interviewing techniques, which vary from ’thinking aloud’ to structured interviews.
The type of interview applied to the expert depends on the desired knowledge. At the start
of the development of an expert system only structural knowledge is desired, while for the
finishing touch it is important to gather knowledge about one specific element by means
of a focused interview.

Taking a look at the application of knowledge-based systems in control engineering, these
techniques are appropriate where experts are available. This can be the case when a
specific process is the subject of automation, where specialists are available from various
disciplines. Those people can then be used for knowledge extraction.
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Knowledge analysis

In general, there are two approaches to analyzing the elicitated knowledge and to building
an expert system to perform the required task. They differ in the way the knowledge base
is developed:

e Rapid prototyping. A simple prototype is implemented. During the experiments
the knowledge base is refined. This is an iterative process where the human expert
judges the expert system and where, after that, the knowledge base is updated.

e Structured knowledge engineering. The kernel of this approach is that first a
complete and consistent knowledge model is made before it is implemented.

The approach of structured knowledge engineering has some advantages over the rapid
prototyping approach:

e The applicability of Al techniques can be investigated before too many costs have
been made (hardware, software).

o Knowledge is structured independently from the software which is to implement it
(expert system shell for example).

e The choice of an expert system building tool can be motivated by the type of
knowledge which must be implemented. When the knowledge needed to solve the
problem at hand is restricted to production rules, it is not necessary to use a complex
shell which can handle frames, data bases, windows, objects etc.

e Structured knowledge engineering tools (like KADS [Wielinga92]) supply support-
ing tools to structure, formalize and document knowledge. This gives the possibility
to check for consistency.

One of the big disadvantages of this approach is that the expert must check the knowledge
by reading it on paper. Therefore it is important to formalize the knowledge in such a way
that the expert can easily understand it.

Both methods, rapid prototyping and structured knowledge engineering, repeat the elic-
itation of knowledge and the analysis of verbal data until a certain resolution has been
reached. For rapid prototyping, the communication medium is a prototype, while for
structured knowledge engineering a paper communication medium is used.

When the model is refined far enough, it is time to choose the proper knowledge repre-
sentation and inference engine to process it. One of the problems is that experts are not
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used (and perhaps not able) to express their knowledge in a chosen knowledge represen-
tation (frames, production rules, etc.) and inference engine. Thus the gap between the
knowledge of the expert and the implementation level must be filled by the a structured
knowledge description. Some methods to do this job are currently being developed and
used, like the KADS methodology.

Evaluation

The use of these kinds of methods to acquire knowledge is mainly restricted to very
narrow application areas in which a restricted knowledge domain is to be implemented
such a knowledge-based system. Experts must be available for knowledge elicitation. If
we can not find experts in a specific domain for which we want to develop a knowledge-
based system we face the real bottleneck to the use of these kinds of methods in practice.
Therefore, the application of these kinds of techniques in control engineering is merely
restricted to restricted domains, for example, the fault diagnosis of a specific system in
the plant.

2.7 Learning systems

The ability to learn must be a part of any system that would exhibit intelligence. Feigen-
baum (1983) has called the "knowledge engineering bottleneck” the major obstacle to the
widespread use of expert systems or knowledge-based systems in general. It refers to
the cost and difficulty of building expert systems by knowledge engineers and domain
experts. The solution to this problem would be to develop programs which start with a
minimal amount of knowledge and learn from their own experience, human advice, or
planned experiments. Simon ([Simon83]) defines learning as: any change in a system that
allows it to perform better the second time on repetition of the same task or on another
task drawn from the same population.

Simon’s definition of learning is very general. It covers various approaches to learning
such as adaptive systems and artificial neural networks. The process of (structured)
knowledge acquisition is also a part of learning. This kind of learning is done by human
beings, while the other is called machine learning. Of course there is a grey area in
between.

Learning can be categorized in terms of (a) the type of training data and (b) the data
structures and operators of the learning program. The examples may come from outside
(a teacher, operator) or they may be generated by the program itself. The data may be



30 ARTIFICIAL INTELLIGENCE

reliable or contain noise or other errors. To get some idea about learning systems a
classification can be used [Luger89]:

1. Rote Learning Solutions are simply stored and recalled when the same problem
instance arises. This simplicity also introduces a problem. If the program stores too many
instances, the selection of a stored solution can degrade the efficiency of the program. It
can even introduce an inconsistent knowledge base.

2. Learning from Examples Induction of general principles (rules) from a set of exam-
ples. The ID3 algorithm of Quinlan [Quinlan86] is an example of this approach. It derives
(induces) a decision tree for classification problems.

3. Learning from Advice This task involves advice from a teacher to improve the
performance. It opens the possibility to use advice from a high-level language into
knowledge structures used by the program. This problem is difficult because it requires a
correct understanding of the advice and automated structured knowledge engineering.

4. Learning from Analogy This type of learning applies existing knowledge to a new
problem on the basis of similarities between them.

5. Learning by Observation and Discovery All the learning methods mentioned so far
are supervised learning methods. Programs for learning by discovery require unsupervised
learning. Training data are not given by a teacher but may be produced by the program
itself or by experiments.

These techniques can be applied to systems using explicitly represented knowledge, while
some of them (rote learning, learning from example) can also be applied to ANN. This
approach is highly parallel in its approach, whereas more traditional symbolic Al pro-
grams are more sequential. Neural architectures are also considered more robust because
knowledge is distributed around the network. Experience with people who have lost a
part of their brain (by disease or accident) has shown that they can lose specific memories,
but as far as the functioning is concerned some functions can be taken over by other parts
of the brain. The ideas of neural computing have been introduced in section 2.5 in more
detail.

2.8 Summary

In the preceding sections symbolic Al and neural network applications have been dis-
cussed. Both methods are products of the Al community, although they are different.
These differences indicate that there are both strong and weak points in each of the meth-
ods. Whether a method is strong or weak is closely related to the aim of the system. The
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modelling of unknown but observable behaviour is suitable for neural networks, while
high-level knowledge is suited for implementation in a symbolic Al system. To get some
idea of the differences between neural networks and symbolic Al, a comparison is given
of the main features. This comparison is summarized in table 2.2.

Features Symbolic AT Neural networks
variables logic analog
processing | sequential parallel
discrete continuous
knowledge | preprogrammed evolving
knowledge | high low
level
knowledge | explicit formulation | no formulation
learning learning deals numerical learning by
with rules synaptic weights
explanation | explanation facilities | little facilities

Table 2.2: Comparison of Al methods with respect to some key issues in knowledge-based
systems.

From this comparison, it is clear that these two techniques are complementary for certain
aspects. When we face the problem that no explicit knowledge formulation is possible for
some part of the system, we can use neural network techniques to extend our knowledge-
based system. When we can express knowledge about our problem explicitly, a symbolic
Al approach is suitable, for example by implementing the knowledge in an expert system.
In most cases a hybrid approach is desired, because knowledge about the problem is only
partly available and should be learned from the process itself. Future research will tend
towards an integration of small subsymbolic models (highly specialized) controlled by
symbolic systems.

Al for control

Al methods provide some possibilities which are of special interest for incorporation in
control systems or used by control engineers during the development of control systems.
Looking at control systems as hierarchical systems, in which various types of data pro-
cessing take place and decisions are taken, at various levels, several sorts of knowledge
representation are appropriate.

Symbolic Al methods are approgriate when we face a problem where a priori knowledge
is available, explicitly formulated. This knowledge can be programmed into, for example,
an expert system program. In control engineering, this kind of knowledge is available for
the typical off- and on-line applications like the tuning of control parameters and design
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of control algorithms. These applications require a lot of specialized knowledge, typically
a domain for the application of knowledge-based systems. Decision support is the main
subject of these systems.

Artificial Neural Networks offer the possibility of learning behaviour. For those cases
where no knowledge is available, these approach can be used to gather and learn the
required relations. This can be done, for example, for modelling purposes, where the
input- output behaviour of a (nonlinear, unknown) system has to be determined. Neural
networks have the capability to learn the required relation in a straightforward, general
way.

In the following chapter, a description is given of the problems in control which require
alternative methods. It will become clear that the properties of the Al methods given here
fit with the problem description.



Reason for
Intelligent Conftrol

At the start of the research project, it was stated that an investigation of the possibility to
using Al techniques for control purposes was desired. Therefore, Al methods in general
and expert systems in particular have been explored. Section 3.1 gives a general view on
control as a method to map an input space onto an output space. Section 3.2 describes the
development of control design methods, describing the limitations of the current methods.
The trend towards more complex plant-wide control systems is addressed in section 3.3.
Section 3.4 describes the possibilities of intelligent control and the possible strategies for
those controllers. The functional description of an intelligent controller is given by looking
at human beings and their ability to control complex systems, which sometimes cannot
be described mathematically (section 3.5). Symbolic as well as connectionist approaches
have to be incorporated in intelligent controller structures, as described in section 3.6.
Finally, a summary of the reasons for intelligent control is given in section 3.7.

33
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3.1 Control - a general view

In control engineering, a predefined performance of an overall system should be met,
within limits, while guaranteeing some general system requirements such as stability,
robustness, etc. To meet the requirements, measurements are made of the process, which
can be the variable to be controlled or values related to them. Complex controllers use
complex procedures to determine their control actions. In figure 3.1 a general control

s F

r )

C P

Figure 3.1: A general control scheme. The process P is disturbed by system disturbances
d and measurement disturbances d'. The measurements m, the reference
r, the previous control actions and the desired behaviour are used by the
controller C to determine the control action u.

scheme for both the SISO and the MIMO system is given, in which the process P is
depicted, the measurement vector m, the control vector « and the reference vector r.
The controller C has to map m into a control space, using r, u, y and other derived
signals. The relevant decisions about the behaviour of the process are taken with respect
to the desired behaviour, in this scheme indicated as goals. The process P is disturbed by
system disturbances d and measurement disturbances d'. All vectors in this scheme are
assumed to be time dependent. In this thesis, it is assumed that the controller is a digitally
implemented controller for a continuous time system. The design and task of a controller
can be summarized as:

e satisfy certain demands put on the variable to be controlled.

In general, without control, this variable will not meet its specifications, and therefore a
controller is required. This controller manipulates the measured variables to produce a
proper control action.

In order to determine the control signal, a mapping C must be determined, which maps
the measured variables (and other relevant variables) to a control signal, with respect to
the desired behaviour. This mapping can be described as:

MSuly (3.1)
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in which M is the space set up by all possible measurement vectors m. The control
space U is set up by all possible control actions. The control objective is now to derive a
mapping C such that ) meets the specifications, the goal of our control system.

The only way to influence Y is the mapping C because the process mapping P is given by
the process behaviour. It is clear that the mapping C is more complicated to design when
the process mapping is not known exactly or is time varying.

The way a control map C is derived depends on the availability and structure of a model
of the system, in combination with the control objective. In general, this is a complex
function, mapping all kind of measurements and variables into a control action.

The control methods described in literature are generally based upon a combination of
three elements:

e a model, which contains information about the process and disturbances to be
controlled.

e g criterion, which defines the wishes and demands for the controlled variable either
as a desired response or as a the minimization of a criterion.

e a control strategy, which determines how to meet the requirements of the criterion,
given the process and disturbance model.

The choice of the model and the criterion leads to a specific control strategy: the algorithm.
All three elements are discussed in more detail.

Model

The model contains essential information about the process. This can be presented in
various ways. In general, three categories of models can be distinguished ([Ljung87]):
mental models, graphical models and mathematical models. The classical way to model
a system is based on the mathematical, analytical approach. The actual mode! depends
on the desired accuracy, the sensitivity and the frequency range over which the model
should be valid (closed loop). The completeness of the model depends on the question of
whether all external influences and all dynamics of the process have to be modelled or not.
An analytical model is determined by its structure and the parameters within that model.
There are many possibilities in applying mathematical models:

e continuous-time or discrete-time models

e linear or nonlinear models
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e time-variant or time-invariant models
e an exact matching model or an approximation of the system

¢ a model describing the whole area of operation of the system, or just a part of this
arca

The complete model is summarized and concentrated in a limited number of specific char-
acteristic variables: the order of the model, time constants, poles and zeroes, A, B,C, D
matrices, impulse responses, etc. These models are used to design controller strategies in
an analytical way. Section 3.2.2 gives a short overview of control strategies based on this
approach.

The model can also be obtained, and described in a more experimental way, using exper-
imental characteristics, like the feedback gain at which the system starts to oscillate, the
oscillation period, etc; but it is also possible to store information about the process in a
simple table which can be used as a model.

This experimental approach to modelling can be extended to a form in which the be-
haviour of the process is stored, and described using for example Boolean, fuzzy or neural
network relations. These approaches can be very fruitful when it is hard to define the
relation between U, M and Y in the form of a set of formulas.

In practice not all relations, but only a limited set of relations between U, Mand Y are
known, for example in the form of heuristic knowledge. If the current measurement vector
of the process is m; and the desired process state is y, then the control action to bring the
process from m; to y, is C;:

m; € M (3.2)
y, €Y (3.3)
my 2y, (3.4)

The relation between a point in the control space and the output space is sometimes
expressed in the form of a fixed relation, given by a state-space description of the system.
However, in many practical situations only heuristic relations can be given, for example
in the form of a production rule:

IF A AND B THEN C

Where A represents a state in the measurement space M., B describes a state in the control
space U and C is a state in the output space ) . As an example, we can use the heuristic
knowledge of an operator about a physical process, even if no exact physical model of the
process is available:
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IF level in tank is low
AND the input valve is suddenly opened
THEN level rises slowly

Using this relation, no state-space models or differential equations are involved, but still
something can be said about the actual behaviour of the process. The idea of expressing
relations in the form of logical expressions, in most cases referred to as rules, is known
as symbolic reasoning. Symbolic reasoning is one of two important parts of Artificial
Intelligence (see chapter 2), besides the subsymbolic reasoning approach, where the
relations are stored in a numerical way (weights in a network).

A variant on mathematical models is the software model, which is a computerized descrip-
tion of a system. In this case, the model is given as a program, which might consist of
interconnected subroutines, lookup tables or large numbers of computational operations.
A model created using Al techriques (like Expert Systems, CMAC or ANN), it belongs
definitely to the category of the software models. In many cases, these software models
are used to make an implementation of mental models. Implementation of the model into
a digital computer implies also that only discrete-time models are considered in this thesis.

Criterion

The criterion is the interface between the demands and wishes of the user on one side,
and the restriction, possibilities, etc. of the process to be controlled on the other side.
A criterion can contain a weighted summation of all kind of quantities, such as an error
function, the energy of the control signal, or any other kind of function. This criterion,
if expressed in an analytical form, can be used to calculate an optimal controller in
combination with an analytical model.

In practice, it can be very hard to define a criterion or function for a control problem,
due to the uncertainty about the process and the demands of the user. Therefore, control
methods are required which can handle this uncertainty. A connection to a relation-based
model (expressed by (fuzzy) relations for example) opens interesting possibilities for those
problems, while goals can be expressed within a framework of uncertainty.

Control strategy

The combination of the model and the criterion leads to a specific control strategy. In the
following section, some (modern) control techniques to determine a control mapping C are
shown. They are merely based on a model of the system which describes the behaviour
of the system satisfactorily. Even cases where only an approximate, or even a bad model,
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is available can sometimes be handled by using robust or adaptive control techniques, by
taking into account the model mismatches or by adaptation of the controller.

Besides this, the introduction of nonconventional models like software models using Al
techniques require new or modified control strategies. These strategies must be able to
cope with the type of model. For example, when a rule-based model is used to describe
the behaviour of a system, the control strategy must be able to evaluate this rule-based
model by applying an inference technique on the model.

Examining a fairly simple algorithm like a PID controller, the actual code necessary to
perform the control action is only a few lines. But the complete algorithm needs a lot
of supervision logic to provide and guarantee a proper behaviour, like precautions for
anti-windup, zero steady-state error, bumpless transfer, etc. This logic around the PID
controller has been very well developed and tested throughout a long period of experiments
and experience, which is one of the main reasons that this simple control algorithm is still
very popular. One of the reasons why adaptive and other advanced control algorithms
are not used very often in industry is because these safety nets, set up by the supervision
logic, is not very well developed. This all makes it clear that to be successful we need
to incorporate supervision logic in our control algorithm. Especially knowledge-based
techniques can be used to incorporate that kind of knowledge in an easy way.

3.2 Control - where are we now ?

Linear control theory has become a very reliable, mathematically well-backed vehicle for
the design of controllers. The development of this area has a history of a few decades and
can be summarized as follows:

e Signal-based control, extended by methods taking into account external disturbances
¢ Explicit model-based control strategies in the control phase

¢ Advanced control, like adaptive control, model-based predictive control, robust
control, etc.

These items are discussed hereunder.

3.2.1 Signal-based control

The classical means of control is based upon a signal-based system. Measurements and
signals in the system are used to calculate the control action directly, without evaluation
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of process knowledge. All phase lead/lag compensation networks and PID controllers are
found in this class of controllers. Only during the design stage a model of the system
is used to determine proper settings for the parameter$ of the controller. If the model
changes, there is no direct mathematical relation between the parameters of the controller
and the model of the system.

Although signal-based control is a very classical means of control, the PID controller has
a very wide area of application and it is used in many of the control loops. Up to 90 % of
all control loops in industry are controlled by using standard PID controllers.

The settings of the parameters of this algorithm (the proportional, integral and derivational
action) can be obtained in two ways:

o Explicit modelling of the process in the design phase. This model can be used for an
extensive design procedure by which the parameters of the algorithm are optimized
according to a criterion.

¢ Implicit modelling of the process, and parameter setting by using rules of thumb.
The well-known Ziegler and Nichols rules of thumb can be used to choose the
parameters according to the gain at which the process becomes unstable, using the
corresponding oscillation frequency.

The tuning phase has to be carried out periodically because the process parameters can
change during the operation. In modern industry, this is the case because of the frequent
changes in product flow and product mix. The throughput of the production system
changes from time to time and the product mix of a complete plant changes (according to
the market: demand, price, etc.). The consequence of this is that the controller has to be
tuned often.

Several commercially available PID controller today contain a device which evaluates
such rules of thumb in order to tune the parameters. These autotuners observe the process
behaviour and adjust the parameters. One of these autotuners is the EXACT controller
of the Foxboro company described by Kraus and Myron [Kraus84]. This algorithm
uses pattern recognition to acquire some crucially important process parameters. These
parameters are used to calculate a new set of parameters for the algorithm.

The models used by these kinds of controllers can be used to optimize the control loop
with respect to a criterion J. This leads to a control law which is optimal only for the
chosen criterion in combinatior: with the model used in the optimization. For a PID
controller, we can only optimize the set of parameters with respect to a criterion, but the
controller structure remains the same and is not influenced by the model or criterion. This
approach has led to many good results, but problems arise when the process is nonlinear
or time variant. Because the system must be stable, the parameters of the algorithm have
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to be tuned carefully, which may result in a weakly tuned controller for the whole working
area. This is the point where we meet the limits of this kind of control and where more
complex controller design procedures have to be used which take into account some of
the unknown features of the system.

3.2.2 Model-based control

Another possibility is the use of a model-based control strategy [Richalet78] in which the
controller parameters are optimized analytically, given a desired response, a model of the
process and an optimization criterion.

In control theory based upon analytical models, the choice of the controller structure and
the settings of its parameters require accurate process knowledge. This process knowledge
can be acquired by modelling based on physical laws, but, in many practical situations,
this requires either too much time or it is impossible because of the lack of knowledge
about the system. Only for economically very attractive processes is this modelling done,
but in process industry this is almost impossible.

The design of the controller is a logical use of this process knowledge and the requirements
of the control system. It leads to an analytical description of the controller, for example via
pole placement or Riccatti equations. Using this kind of design method, the main problem
is the availability of a proper model of the system, for example the linear (A,B,C,D)
matrices and the problem of reconstructing (all) states of the process. Modelling and state
estimation are the key issues in these approaches.

Internal Model Control

Model-based control can be interpreted as a special case of Internal Model Control (IMC).
This approach has been described by ([Garcia82, Garcia85a, Garcia85b]), as a possible
view on (conventional) control systems.

The main characteristic of IMC is that a model M is present in the control configuration.
The controller C controls the model instead of the plant P.

IMC is not a special kind of control, but just another way of looking at a control problem
[Garcia82]. This can be illustrated by looking at a conventional discrete-time control loop
as depicted in figure 3.2a. In this graph the controller C, the plant P and additive noise
d'(z) are apparent. Addition of the model part M does not influence the overall behaviour
of the system. When we define a new controller:

C(2)

O = Tremme

the construction in figure 3.2b is created, which is the basis for an IMC structure.
IMC has three interesting properties:
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Figure 3.2: General discrete fezd-back control scheme (a) and the principle Internal
Model Control structure (b).

1. If the model is an exact representation of the plant, then stability of the controller
and of the plant is sufficient for a stable closed-loop system (e.g. dual stability ).

2. Assume that the model is an exact representation of the plant, and C*(2) = 1/M(z).
Then the controller is the inverse of the model and control will be perfect under the
assumption that the closed-loop system is stable.

3. If the controller C*(z) = 1/M(z) and the the closed-loop system is stable then zero
offset is achieved.

The problem arises that an exact model M of the plant P never can be obtained. The
model mismatch gives rise to sensitivity problems, especially with the perfect controller
using the inverse of the model. In the case of a system which is sampled, the process
P always incorporates a delay. This delay can never be avoided and thus appears in the
model as well. A solution is to split the model into a delay part and a separate part without
delay:

M(z) =2*M*(z) (d>1 de N) (3.5)

Time-optimal control is reached by choosing the controller C*(z) = 1/M*(z).
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3.2.3 Advanced control

It was only in the 70s that it was realized that many problems could not be solved adequately
by the classical solutions. Not just because those methods are inadequate, because the
process description does not fit the assumptions made in classical control theory. Later on,
extensions to classic control were developed which take into account external influences,
and disturbances of statistical uncertainty of some of the process parameters, which led
to the principle of dual control. The dual control concept is not very practical, so the
approach has been since simplified using by the certainty equivalence principle, and the
modelling of noise to the concept of stochastic control. The advantages of these methods
is that they are able to deal with certain unknown aspects of a system which cannot be
modelled exactly, but have an a priori known range.

The major problem in control theory is to deal with unknown or partly known pararme-
ters, nonlinearities and varying parameters. To overcome these problems, a number of
techniques are available. In most cases only one of the problems mentioned is solved:

e adaptive control: solving the time-variant behaviour by optimization using hill-
climbing gradient techniques, using local (linear) estimations of the process, etc.

e robust control: takes the uncertainty in the parameters into account during the design
of a controller

e model-based predictive control which uses the limitations and nonlinearities in the
model for predicting future behaviour.

Adaptive controllers

In general, an adaptive controller is a controller which adapts to the observed process
behaviour. Figure 3.3 depicts the general scheme of an adaptive controller. The controller
is adapted by an adjustment mechanism. This mechanism uses information from the
identification of the process in combination with an optimization procedure. This can be
done in two ways [Astr6m89]:

¢ direct methods which adapt the controller parameters directly without building up
a recognizable model of the process

¢ indirect methods which build up a proper model of the process. This model is used
to calculate the controller parameters
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Figure 3.3: Adaptive control scheme. Information of the process P is used for an identi-
fication 1. In combination with an optimization procedure and an adjustment
mechanism A the controller C is adapted.

A lot of adaptive control schemes are available, but only the two most important strategies
are given: Self-Tuning Control and Model Reference Adaptive Control. Details of both
methods are given in more detzil hereafter. Both methods appear in a wide variety of
basic control schemes, using various methods to derive the proper control action. For
example: a predictive control algorithm can be embedded in a self-tuning controller,
using an estimated model to predict the future behaviour of the process.

Self-Tuning Control

This method is an indirect method. The process parameters are updated by some estimation
or learning scheme while the controller parameters are obtained from the solution of a
design problem. In figure 3.4, a block diagram of such a controller is given. The controller
can be thought of as built up by two loops. The first loop is the control loop which uses
an ordinary feedback controller for the process. The second loop is the outer loop, which
consist of two parts: identification and design. The design part gives an on-line solution
to the design problem, which can be the result of the optimization of some criterion. The
identification part generally uses some kind of Least-Squares Estimation routine in order
to build up a model, which in many cases is a linear model.

Model Reference Adaptive Control
This method is, in principle, a direct adaptive control method. The desired behaviour of
the process is given by a reference model.
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Figure 3.4: Self-Tuning Control scheme. Via an identification procedure I an estimation

o of the parameters of the process P is obtained. These parameters are used
to design a controller C.
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Figure 3.5: Model Reference Adaptive Control scheme. The difference between the actual
(measured) output of the process P and the output y,,, of the model M is used
to adapt the controller C via an adjustment mechanism A.
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In figure 3.5 a general scheme of MRAC is given. The parameters of the controller are
directly updated in such a way that the error between the actual process output y and
model output y,, is minimized. Therefore an adjustment mechanism is used to update the
controller parameters. This adjustment mechanism can be derived in several ways, for
example, based on a stability analysis (Liapunov). An extensive overview of MRAC is
given in [Butler92].

Robust control

During the last decade, the philosophy of robust control has become widely accepted
[Kwakernaak88, Doyle92]. A controller is called robust if it is designed in such a way that
the behaviour of the controlled systems remains acceptable even when the plant deviates
from the one the controller was designed for.

The perturbations for which the controller must be robust must be defined at the start of
the design of a robust controller. Roughly, there are two kinds of robustness: stability
robustness and performance robustness. In the first case, the controller is designed to
remain stable despite some deviations from the originally assumed model. In the second
case, the controller is designed to keep the performance of the control system within
certain limits, despite deviations from the originally assumed model.

One of the better known robustness design principles is based on the use of frequency
domain analysis tools: phase-margin and gain-margin analysis. These methods are known
in literature as H, and H, optimization methods.

A disadvantage of this manner of design is the controller, which in general is rather careful.
Being careful is in itself not a bad property, but it can easily lead to slow control systems,
which do not operate on the edges of what is possible. Besides this, in practice, many
PID-like controllers now operating are robust enough.

Model-based predictive control

The use of a model inside the cortrol loop, used to predict future behaviour of the system,
is another possibility to develop controllers. This model-based predictive control strategy
([Richalet78]) uses the predicted behaviour of a system to determine a proper control
action. The model used for prediction is not restricted to linear models, but can be of
any shape, including nonlinear models, impulse response models, etc. This model-based
predictive control strategy offers the possibility to go beyond the restriction of linear
control theory, using linear models.
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The ingredients of model-based predictive control are: (a) the internal model, (b) the
reference trajectory, (c) the algorithmic control structure of the manipulation variables
and (d) a method for error compensation. It is essential that the model is used as a separate
part of the control system for (off-line) evaluation.

3.2.4 Limitations of modern control

In the previous sections, some possibilities of advanced adaptive controllers have been
given. The possibilities of these control algorithms are numerous although in industry not
many of these controllers have yet been implemented. But adaptive controllers also have
a number of drawbacks. Some of those drawbacks are given here.

The main drawback of advanced controllers is that they often need a proper and extensive
model of the process to be controlled. In most cases this should be a parametric model,
which is generally a linear or linearized model. A priori knowledge of the system
concerning the structure, nonlinearities, etc. are very hard to incorporate in the system.
Whenever no proper model is available these approaches fail or result in deteriorated
behaviour.

For adaptive controllers we have more freedom. These algorithms require process know-
ledge in the form of structural process parameters €.g. the order of the process, the
existence of time delay, etc. The parameters are parameters of a predetermined model or,
sometimes, the parameters in a predetermined control law. Therefore, much a priori pro-
cess information is required to determine the structure of the model. The proper choice of
these structural parameters of a model (e.g. order) can be very difficult or even impossible,
but the parameters are very important.

Adaptive controllers can be seen as optimizing controllers using, for example, gradient
methods. However, it is very hard to guarantee stability for the overall case. MRAC is,
however, based upon a stability approach, but this requires a lot of a priori information
about the system (order, time delay, etc.). The disadvantage of all the previously mentioned
controllers is that knowledge of the system has to be translated into a parametric model
(or any kind of mathematical, analytical, discrete model). The control system itself uses
a very fine quantization (A/D conversion) in amplitude to approach the continuous case.
The overall behaviour of the system should meets its requirements (stability, performance,
robustness, etc.).
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3.3 Plant-wide control

In the previous section, the development of advanced and complicated, adaptive control
strategies is shown. But in many cases the real-life problems are different from the
assumptions made in the conventional control approaches. It can be stated that modern
production and manufacturing methods introduce a number of interesting problems which
cannot easily be solved by conventional control methods [Krijgsman92a). Examples are:
- frequent changes in product throughput
- frequent changes in product mix and individualisation of products

- introduction of more advanced and highly complicated production methods

- increases in production and manufacturing speed, using fewer product buffers and
flexible, lightweight mechanical constructions

- the introduction of plant-wide control systems which integrate in one system tactical,
managerial, scheduling, operational, monitoring, supervision and control tasks.

The upshot is that control problems are more difficult to solve because of:

- changing conditions and operating points
- highly nonlinear and time-varying behaviour
- increase of required speeds in relation to the dynamics of the process

- increase of the complexity of the process models (interactions, influence of higher-
frequency dynamics)

- the mixture of qualitative and quantitative knowledge

Therefore, new methods based on an entirely different approach were required to handle
these problems.

In a plant-wide control situation a control system can be split up into various subcontrollers
solving subproblems. Starting at the highest level of a plant wide control scheme, we
see typical high-level intelligent tasks like planning and scheduling. At such a level,
economic, financial and social information plays an important role. The information
processing is done by managers, using rough information about the functioning of the
complete control system. The lower levels of automation are much closer to the actual
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(physical) processes to be controlled. At these levels, operators are controlling the actual
process using digital control, and trend information about important parameters of the
process play an important role. At the lowest level of automation we face the actual
control loops like temperature, pressure control etc: task for direct measurement signal
manipulation. In a plant-wide control set up a number of these levels of automation can be
distinguished. The key issue in such a system is that every level passes information to the
levels below and above. Only the necessary and requested information is passed to another
level. This process of knowledge passing requires the introduction and use of tools which
can handle this flow of information in a natural and easy way. Knowledge-based systems
are possible candidates for this job, because they are built for knowledge handling. The
other problem related to the hierarchical set-up of a control system is the timing problem
in such a system.

3.4 Towards Intelligent control

In the previous sections we have examined why the use of classical and advanced control
methods, based on mathematical and analytical models of a system, have to be extended
to cope with real-life problems.

In real-life problems a lot of uncertainty is apparent in our model, so why should we
use a fine quantization, as in the classical approaches?. Why not use an alternative
modelling and model evaluation technique like a knowledge-based model with a rough
quantization? This rough quantization into symbolic variables offers the opportunity to
incorporate other symbolic knowledge in the controller. It is not necessary to throw away
all ’exact’ information about signal values, but we can use them in combination with
symbolic variables. In doing this, we are no longer bound to fixed controller strategies,
parametric models, etc, although they can still can be used. Using these knowledge-based,
or, in general Al-based methods is a way to extend the possibilities of modern control
towards multi-variable and nonlinear control. It was indicated that AI research offers
some tools which can be helpful to the control community. This thesis is an investigation
of the application of Al-based methods in a (real-time) (direct) intelligent controller.

The aim of the research to develop such components is to find the answer to the question of
which methods are the best to be applied and the question whether they can be implemented
in real time. In chapter 2, an introduction is given in both Al research fields: symbolic
and subsymbolic AL At first glance, these methods seem to be completely different from
each other. In table 2.2 the major differences from the Al point of view are listed.

In the control objective, as stated in section 3.1 it is shown that we are dealing with a
mapping C which has to be determined. In conventional control methods (classical as well
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as advanced control) this mapping is determined using a mathematical description which
relates every point in the input space to a control action to be taken in a very concise form.

In practical situations we meet 'real-life problems’ where we have to deal with a number
of issues listed below:

e heuristic knowledge which is available for many practical systems can hardly be
incorporated in conventional control methods.

e a practical control system consist of many interconnected control loops. In such a
plant-wide control situation no overall model is available due to the complexity of
the plant.

e uncertainties in the system description, or (partly) unknown systems

e if the system is not functioning correctly, a model description is perhaps different
from the one the controller was originally designed for. Proper fault diagnosis tools
are therefore required.

e several levels of automation which are interconnected (operational, design, eco-
nomic and control information processing, etc). Each of these disciplines looks
at the problem from another point of view, and therefore requires its own problem
description, although in rnany cases the results or objectives can be translated to
another domain.

Looking at these real-life problems, we can conclude that their properties often conflict
with the requirements of the available methods. In other words: the limits of modern
control’ based upon analytical models have been reached. Alternative methods have to be
developed to cope with these difficulties, the subject of this thesis.

3.4.1 A brief history of intelligent control

During the last decade much attention has been given to expert system applications. In
control engineering several applications have been proposed. But the idea of combining
Al techniques with control theory is older, see Crossman and Coole’s Heuristic Decision
Program [Crossman62]. In fact, it is an old research subject in control theory.

In the 1960s, much research was performed in attempts to model the human brain using
a neuron-based structure. This subsymbolic processing is based on a model of biological
neural systems in which a large number of simple processors (neurons) are connected
together in a highly interconnected network. Information is distributed among these
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connections. Machines based on these techniques are called artificial neural networks
(ANN) or, simply, neural networks and they exhibit many of the properties of intelligent
behaviour. One of the first results of this research was the Perceptron, introduced by
Rosenblatt [Rosenblatt61] and the Adaline as introduced by Widrow [Widrow60]. These
ideas were the basis of learning control. In such a control system, the controller learns
from experience during its operation. Several learning schemes have been studied. In
fact these systems were early attempts towards adaptive control, which has been the main
subject of research during the last 20 years. Because all the attention paid to adaptive
control, not much progress was made with subsymbolic control systems.

The rule-based approach in control was introduced by Mamdani [Mamdani75]. He used
fuzzy logic in combination with rules for controlling cement kilns. This fuzzy control
approach is based upon the work of Zadeh [Zadeh65].

In spite of Zadeh’s work there was not much attention paid to Al in the 1970s. This
situation lasted till the beginning of the 1980s.

Modern computer technology led to a renewed revival of Al research, while the failure of
the General Problem Solver led to the introduction of expert systems. These expert systems
initiated the research for the application of these systems, including control purposes.

With this renewed attention, a boom in research seeking for applications of Al methods
began, based on the use of expert-system-like technology. For subsymbolic systems, it
lasted until the second half of the decade until fundamental progress was made in using the
neural-network-type of learning. Since the introduction of an appropriate learning scheme
for multilayer networks, much research has been done on the use of this methodology for
both identification and control applications. Many algorithms and their applications have
been described in literature [Miller90].

3.4.2 Possible application areas in control

Artificial Intelligence techniques like expert systems can be used in many areas of control.
A classification can be made according to the field of application where the technique
is used. The field of application can vary from plant-wide control operations to single
loop operations. Another classification related to the use in the control loop can be made:
off-line, on-line or in-line.

Other application areas can also be classified according to the criteria previously men-
tioned, although, in practice, many mixtures falling between the extremes are possible. In
control engineering the most important application areas are:

Control. In this kind of application the knowledge-based system is in some way a part of
the control loop. It is used either in a closed-loop configuration, as a direct controller or
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outside the direct control loop where the knowledge-based system supervises a controller
in the direct control loop. These two control application can be distinguished by the time
scale on which they operate. The supervisory applications can be compared with the
introduction of an adaptive loop in a control scheme.

Design. Designing a control system or controller requires a lot of specialist knowledge.
Many methods are available. Expert systems containing knowledge of experienced de-
signers may guide inexperiencec! users in solving their control problems, given the process
configuration and the required control specifications. In many cases, the role of such an
expert system can be seen as an intelligent advisory system for a specific applications.
Automatic teaching and training is an interesting application area here.

Monitoring. Within industrial applications this is the most important application area of
Al technology. Monitoring systems are meant for plant-wide and on-line applications.
The aim is to assist the operator. Monitoring can be used to optimize the control loop
according to a criterion but also for alarm monitoring and fault diagnosis. To trace the
cause of the trouble, these systems contain specific knowledge about the processes in
the plant. An advice is given to the operator as how to solve the problem as quickly and
accurately as possible by reschecluling the the system [Terpstra93]. Especially in chemical
plants and nuclear-power systems, research is being done in the application of these kinds
of systems as useful assistantee for the operators.

Optimization. The optimization of control configurations is potentially an interesting area
of expert system technology exploration. At the operator level, such a system could e.g.
be used to give the operator advice to change set points in order to achieve an optimal
result. In such a situation, the loop could be closed, although very few applications are
known that actually apply these techniques in closed loop.

3.5 General aspects of intelligent control

In the previous section, it was reasoned that modern control theory has met its limits,
because of the type of control problem faced today. The trend is towards plant-wide control,
including nonlinear and (partly) unknown systems. Application areas are possible at all
levels of automation. The general set-up of an intelligent control scheme should, therefore,
be a multi-level control system. In such a structure various levels of knowledge handling
and precision of calculation play a role. Looking at the lowest levels of automation
precision is one of the requirements, while intelligence is of less importance. At the
higher levels of automation, precision is no longer the most important issue anymore,
but decisions have to be more intelligent. This principle of Increased Precision with
Decreasing Intelligence (IPDI) Las been described by [Wang90] as the basic architecture
of intelligent machines.
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This IPDI principle can be used for the classification of intelligent control components.
In the following sections, attention is paid to the role of quantization (section 3.5.1) on the
precision that can be achieved, and the need for learning behaviour (section 3.5.2).

3.5.1 Quantization

In 'normal’ low-level control without uncertainties in the information, only low-level
knowledge (e.g. signal levels, etc.) is used, however high precision is used and is re-
quired. In (digital) control this comes down to accurate analog-to-digital conversion and
high precision calculations. In the problem area we are focussing on, information is
uncertain, the process is (partly) known etc. Therefore it is useless to work with precise
information-processing methods like conventional control algorithms. Besides, in prac-
tice, it is not always necessary to handle all data with the highest level of precision, because
a lot of uncertainty can be involved - although high precision is required. A good example
of such uncertainty is concerned with long term planning of the production in which very
uncertain information is used: prediction of the demand of a product, economic situation
of a country, etc.

Using knowledge-based systems, we are able to handle symbolic information rather than
numeric information, and, if necessary, information with a measure of uncertainty. Ap-
plying this principle, a signal-dependent quantization is a property of systems applying
Al-based techniques like Boolean and fuzzy classifications.

As an illustration of this kind of precision and quantization, an example is given in which
a simple controller is chosen, applied to a SISO system for reasons of simplicity. The
measured variable is the output of the system: y. This value is mapped into the working
space of the controller by comparing it to the reference signal r. The error signal e is
used to calculate the control action. It is assumed that a sufficient control action u can
be calculated based only on this value e, while, in practice, more information is required,
containing information about the dynamic behaviour of the system as well. If a linear
proportional controller is used, for every value of e a value of u is calculated using a
multiplication factor K. Every control value u is calculated with a certainty of 100%,
denoted as the relationship shown in figure 3.6a as a thin wall. Outside this thin wall there
is no relation between e and u.

When we take a look at a nonlinear system, things change only a little bit. Using a
nonlinear continuous mapping the relation changes. No longer is a straight line in the
control space the result, but a (nonlinear) curve. This is shown in figure 3.6b. The result
is again a thin wall, but now a nonlinear curve. Outside this wall there is no relation at all.

Introducing rule-based control, we see the influence of the quantization and precision
required, as an effect of the number of classifications put on the input and output variable.
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Figure 3.6: Landscape of control. Figure (a) depicts the result of typical linear control: a
strict linear relation, with strength p, between e and w is observed. In figure
(b) a nonlinear control approach is given: a nonlinear relation, with strength
u, between e an u is observed. Figure (c) gives an example of rule-based
control: a discontinuous relation, with strength p between e and u. Figure
(d) finally gives a fuzzy approach. A simple representation of a fuzzy rule (if
eis...thenuis...)is depicted by means of fuzzy relation.
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For subsets of the complete set of error signals, relations are defined for such subsets.
The result is clearly a discontinuous mapping (see figure 3.6c). For a class of input
combinations there is a relationship with a value of ». This relationship can easily be
expressed using rules. Such a rule expresses whether an input variable is a member of a
subset or not. Combining this kind of control with fuzzy sets imposed on the input and
output variables, the relation becomes complex. In figure 3.6d we show an attempt to
illustrate the mapping when a fuzzy rule base is used to determine the output u. Fuzzy
sets are defined on both the error signal e and the control signal w. The result is a
landscape in which the relationship is not always 1 but can have some intermediate value.
Introducing this kind of technique it is possible to create very complex nonlinear relations,

Figure 3.7: An example of a complex nonlinear mapping between input variables e, € and
the control signal u.

in order to implement control mappings, using various kinds of relations (rule based,
neural networks). Referring to fuzzy PID control ((Mamdani75]), the control map is a
multidimensional relation between the error signal e, its derivative é and the control signal
u. Figure 3.7 depicts such a multidimensional control map in detail.

The control space in the knowledge-based approach is filled by a knowledge engineering
technique, in contradiction to a classical approach where the control action is com-
pletely mathematically determined. The knowledge-based techniques clearly allow for
application-dependent quantization and certainties. The disadvantage is also obvious:
the control space has to be determined completely by a knowledge base, so it has to be
complete, which is a problem for those cases where it is not possible to derive all rules to
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describe the relations.

Another advantage and possibility is to use different Al techniques for several areas in
the relations space. So for parts of the relation space where it not required to have a high
accuracy, a technique can be used to roughly approximate the mapping (for example by
using rule-based techniques). For parts where high precision is required other techniques
can be applied, like ANN approaches to implement and learn complex nonlinear mappings.
In other cases, a linear model, which is accurate within a certain working area, can be
used.

3.5.2 Learning in control

In section 3.2 is was stated that it is necessary to look for methods other than the conven-
tional and adaptive controllers treated so far. Al techniques can offer such an alternative
in difficult situations (nonlinearities, unknown processes etc.) But what do we mean by
an intelligent controller using Al techniques? What do we mean by intelligent? With-
out going into a detailed philosophical discussion about intelligence, it is clear that an
intelligent system has a learning behaviour. Learning from examples, experiences etc. A
good example of something intelligent is a human being. Thus, when we want to add
intelligence to a controller we can take a close look at a human being. Without complex,
high-order dynamic models of the system a human being can perform complex tasks like
walking, gripping, cycling etc. Human beings are also able to solve complex decision
problems, without complex models but by reasoning and using "common sense".

Whenever we want to use a human being as an example for an intelligent controller, we
have to look at human capabilities. It is obvious that a human being has two main sources
of intelligent behaviour: reasoning and learning. We can state that we store information
and knowledge in such an efficient way that we can recall and reason about it in a very
flexible way. But before we can do so, we have to go through a learning phase in which
experience is built up. In our carly childhood, this learning is closely supervised by
our parents, but after that period most of our knowledge is gained by observation and
experiment.

Learning can be obtained by applying two strategies:

e learning the principle. This phase is characterized by a very rough form of learning.
Only a rough image of what has to be learned is stored and details are forgotten.
Walking is a good example of that. When we start walking we are taught that we
have to put one foot before the other. This leads to a very rough form of walking
with no attention paid to the details.
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e learning the details. This phase is characterized by storing and learning detailed
information. Again walking can be used as an example. As soon as we have
learned the basics of walking, we start to learn the details of walking. After a while
we are able to walk without much reasoning and without any great difficulty, just
by recalling what we have learnt. Only in those cases where we meet unknown
situations we do return to the reasoning level.

Walking is an example of a learning strategy which starts by learning the principles first.
Other tasks are learned more efficiently by applying a technique of learning a number of
details first. In practice, it is even possible that a human being performs a task very well,
learning only at one level. As an example, we can take an operator who knows a lot of
details about the control system and the behaviour of the process, without knowing the
exact behaviour of the system. The fact that learning can be performed at several levels,
corresponding to the two basic techniques available is essential.

These two parts can also be described as two levels of reasoning used by human beings.
The first level is the reflex level. At this level only reflex actions are taken. The reasoning
at this level is very simple, in fact, we are only recalling what has been learned. The second
level is the reasoning level or symbolic level. At this level we use extensive reasoning to
make our decisions and perform actions. Therefore, the analogy of reasoning and thinking
(making logic combinations for example) is very appropriate.

3.5.3 Multiple views

Looking at a system to be controlled, various objectives are present. In the previous
sections a number of objectives and possibilities were mentioned: control, supervision
or monitoring, diagnosis, design, etc. These objectives lead to a multiple view principle,
where the view depends on the type of application, depending on the accuracy required
and the objective of the automation level. At the higher levels of automation, global
information is processed and, therefore a global model of the system is required. At
such a level, symbolic description methods are appropriate. These models, for example a
qualitative model, describe the system in terms of causal relations. To give an example:
if the input flow of a tank is increased the level in the tank will rise. This describes the
system in a global way, without going into (mathematical) details. Such a view can be
used for diagnostic purposes, for example when it is concluded that the level in the tank
is rising. By applying the rule described above, it can be concluded that the input flow of
the tank must have been increased.

At other levels of automation other views are required. Such a multiple view on a system
requires also multiple solution and description methods. Some of these views are:
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- topological view

- diagnostic view

- instrumentation and maintenance view

- system engineering view

- supervisory control view

- direct control view

Depending on the type of view of the system, the (un)certainty of the information, the
level of automation, the complexity of the relation to be described and the question of
whether relations have to be learned, an appropriate method has to be chosen. The choices
to be made deal with:

- high versus low precision

- qualitative versus quantitative knowledge processing

- learning methods versus static system description

- uncertain versus certain knowledge processing

In the previous section, the levels of a controller were described from the viewpoint of the
control loop. At the reasoning level of a controller, views will be used for the diagnostic
type of control tasks, including supervisory tasks. This requires tools to handle this
qualitative information in a proper way. When uncertainty in the information is involved,
fuzzy logic can be used to deal with this uncertainty.

At the reflex level, the actions are just recalled or calculated, merely operating on a
numerical level. At this level there is no logical path to explain why a conclusion is drawn.
Learning is a more complex property than adaptation. When the system is changing
rapidly, or only local approximations have to be made, adaptation is the appropriate way
to handle the problem. Learning, however, requires (much) more time, but it is meant to
extract global features. Depending on the type of application, a choice between learning
and adaptation has to be made.

Looking at systems today it is clear that they fit into a multiple view strategy. However,
in direct control systems, the reasoning level, dealing with supervision and diagnosis
for example, is used only in a very limited way. In this thesis, we want to investigate
the possibility of applying Al-based methods like reasoning and learning in a direct
control configuration, where we have to keep in mind that it has to function in a real-time
environment. The aim of the work can therefore be summarized as:

Investigate the possibility of applying Al-based strategies in a real-time (direct)
control scheme.

To questions to which thesis wans to provide an answer are:

e How can AI methods be uszd in a real-time environment?
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e Which AI methods are suitable to implement an intelligent controller structure with
several layers of abstraction, several views on the control problem?

e Can we develop a knowledge-based system to control a system which is (partly)
unknown?

Referring to the fact that learning and reasoning are done on two levels, it is important that
an intelligent controller also works on (at least) two levels, just as a human being, who
also controls on two levels, corresponding to symbolic and subsymbolic reasoning. In this
thesis both methods, symbolic and subsymbolic methods of control, are investigated.

3.6 Intelligent control configurations

In the previous sections, it was stated that an intelligent controller in many cases consists
of a number of components, as a part of a hierarchical structure obeying the Increased
Precision with Decreasing Intelligence (IPDI) principle. The precision, quantization and
learning obtained depends on the method applied. An intelligent controller includes
in most cases two strategies: symbolic and subsymbolic components. These two parts
correspond to the way an intelligent (human) being learns its environment and (eventually)
controls it.

The use of symbolic and subsymbolic reasoning opens up a new perspective in control:
intelligent control. In such an intelligent control approach, a control mapping can be
any relation. Not only formulas but also: logic, fuzzy decisions, nonlinear mappings
etc. Therefore intelligent or Al-based control as it is more generally referred to is not a
complete new philosophy but an extension of modern control theory and a very natural
way to look at a control system. A normal (conventional) controller can also be described
as an intelligent control structure, where the knowledge part is minimal and the controller
part is totally numerical. However, it is also possible to use a knowledge-based approach
(or other Al techniques) at the level of the controller. This complete configuration is
then supervised by a supervision module. Although many configurations are possible
in knowledge-based control, we can distinguish two main approaches direct intelligent
control and indirect intelligent control or supervisory control . A short description is given
of both methods. In principle, every type of reasoning is possible at any level.

Direct intelligent control
In a direct intelligent control loop the intelligent system is included in the control loop,
analogous to a direct digital controller (see figure 3.8).

In such an approach, an intelligent system, for example a rule-based system or a neural
network, is embedded in the kernel of the direct digital controller. The system influences
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Figure 3.8: Basic scheme of a direct intelligent controller.

the process every sampling instznt. In a real-time environment this approach puts a very
high demand on the performance of the system. An Al-based or intelligent controller uses
both quantitative and qualitative information to replace or supplement the more traditional
type of knowledge based on mathematics. The design of the controller can be based on
the experience of both the operator and the design engineer, as well as on observations of
variables in the process itself. The relations between the variables may either be known,
expressed in terms of qualitative values, or have to be learned by the controller itself.
Usually the control system consists of a mixture of qualitative and fundamental process
knowledge.

One of the most famous direct intelligent control approaches was proposed by Zadeh.
It uses a fuzzy rule-based system to determine the control actions for the system to be
controlled. The input of the controller is given by a measurement vector, containing the
output of the system and the required set point. This vector is used to construct the error
signal and its derivatives. The controller itself consists of a set of rules which express the
relation between the error (and its derivatives) and the control action to be performed.

Another possibility is the use of a neural controller, which is trained to map the input
vector, using the measurements and the knowledge of the system, into a control action.
This neural type of direct intelligent control requires a learning period in which the control
mapping is trained, usually preceded by a modelling phase.

It is questionable whether the approach of direct intelligent control using Al-based meth-
ods, is appropriate for well-defined linear systems. These systems however have shown to
be successful in those cases in which the system is highly nonlinear or extremely difficult
to describe. Inherent to their nature, these systems tend to lack conventional, desirable
characteristics such as the (global) guaranteed stability of the control loop, consistency and
well-defined performance. However, by careful supervision of these systems, acceptable
performance can be achieved.

Indirect intelligent control

In an indirect expert control approach, a normal controller is placed in the loop such that
in the case of a failure of the intelligent part of the controller, a safe control situation
remains.
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Figure 3.9: Basic scheme of an indirect intelligent controller.

Figure 3.9 gives a general scheme of such a knowledge-based controller. The actual
implementation of such a controller can vary from a supervisor for a normal controller
(for example a PID controller) to an orchestration of several control schemes by an expert
system.

Especially for industrial applications the application of knowledge-based supervision and
tuning of a control algorithm is very interesting. In modern industry, there is not only
need for stable and reliable control algorithms, but also for algorithms and controllers
which can be tuned and adapted in an easy way, using the knowledge of the process. This
is especially because today the throughput of a factory is no longer constant, but varies
from time to time. Therefore automatic tuning and autonomous control are required.
Sometimes operators know how to perform this task, or the designer knows it. For safety
reasons, it is good to store their knowledge so that it can be used by inexperienced people,
and in situations where the operator is not operating under ideal circumstances.

The basic structures of intelligent control have to be embedded in a control strategy, oper-
ating in real time, which provides the necessary conditions to create a control framework
in which stability can be achieved. The schemes presented above are special situations of
the internal model control structure, which is described in section 3.2.2. It is a suitable
control strategy which incorporates the plant model by in internal model.

The IMC control configuration can be extended by allowing every component to be a
nonlinear mapping, such as depicted in figure 3.6. In this general nonlinear IMC setup
(see figure 3.10), the nonlinear operator C, P and M are included one scheme. Note that
due to the nonlinear operators the usual block diagram manipulations do not hold.
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Figure 3.10: The IMC control scheme, including nonlinear elements. In this scheme the
controller mapping C, the process mapping P and the model M are used.
The controller mismatch between model and process is fed back using a
mapping F.

3.7 Conclusions

In this chapter it is explained why many real-life problems cannot be solved satisfactorily
using conventional methods. This is because of the introduction of complex, nonlinear,
partly known and plant-wide corntrol schemes. This change indicates a shift towards the
integration of information at all levels. Therefore it is required that future, intelligent
control schemes can handle:

¢ (partly) unknown systems
e systems incorporating uncertainty
e systems which cannot be controlled without actually learning their behaviour

¢ nonlinear systems

The main problem is that in a multidimensional space a control mapping has to be
determined, which is a complex mapping between the input space (measurements, etc.)
and the control space. When this mapping is described using various pieces of (uncertain)
heuristic knowledge, conventional control methods are confronted with their limitations.
New methods have to be explored. which can handle these heuristics, uncertain knowledge,
etc. in their algorithms. The applications of new methods can be found at various
levels in the control hierarchy: irom *low-level’ direct control to ’high-level’ planning
and scheduling problems, depending on how the system to be controlled is viewed.
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This multiple view concept with various levels of precision and knowledge description
corresponds to Al-related problem solving techniques offering appropriate solutions. For
those systems which are only partly known, the knowledge which is available can be
implemented in a knowledge-based system, where uncertainty can be handled by using
fuzzy logic. Fuzzy logic offers the possibility to express a model in a qualitative way and
to reason with this model in a qualitative way. These aspects can be used for modelling,
control, diagnosis, etc.

When learning behaviour is required, the technique of Artificial Neural Networks is an
appropriate candidate, offering tools to implement any complex nonlinear mapping. These
techniques can be used to implement nonlinear input-output behaviours, for example by
implementing a NARMAX model. The precision which can be obtained by applying this
neural network modelling technique is very high because the method is used to implement
continuous mappings.

Thus it can be concluded that for the problems encountered by looking at real-life prob-
lems in control, appropriate Al-based methods are available. These methods are being
developed especially to handle uncertainty, implement qualitative knowledge and to im-
plement learning behaviour.

The same properties can be used for design problems and off-line scheduling and opti-
mization. Those problems have the same properties e.g. uncertainty in the model, partly
unknown systems, etc.



Symbolic reasoning
INn real-fime control

4.1 Introduction

In the previous chapter, an explanation of the necessity for Al-based control methods
was given, ending with the possibility to use these methods to solve the problems in-
dicated. Two main philosophies have been proposed: symbolic information processing
(knowledge-based systems) and subsymbolic information processing (neural networks).
This chapter focuses on the use of knowledge-based and expert-system technology to
implement control mappings to deal with symbolic and uncertain (heuristic) knowledge.

During the past decade, the emergence for Al-techniques in control became evident
[Verbruggen89]. Traditionally, however, these knowledge-based problem-solving tech-
niques have been applied in domzins where the data is static, and no time-critical responses
are required. Many of the early applications in problem diagnosis, off-line design and
system configuration exhibit these characteristics. In the field of Al-research, real-time
requirements give rise to a new set of complex problems [Rodd91]. These problems are
related to the influence of time in such a system. In section 4.2, the requirements for a real-
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time expert systems are highlighted. The important role of time is discussed. In section 4.3
the architecture of a real-time expert system is discussed. Al-based control methods, in
which an expert system is included in the controller, are discussed in section 4.5. It is there
illustrated how such techniques can be used in a direct control configuration. The effects
of these symbolic techniques on precision and quantization are very important and have to
be taken into account during the design of an intelligent control strategy. Using intelligent
techniques in an indirect intelligent control configuration (section 4.6) opens interesting
possibilities using conventional expert system technology combined with fuzzy logic.
Finally, some conclusions on the applicability of these methods are given in section 4.8.

Further, the development of an intelligent, multilayered controller is described, which
uses both Boolean and fuzzy techniques. Precision and quantization issues are treated and
conclusions are drawn concerning the usability of this approach.

4.2 Real-Time Expert Systems

Because of the time-critical situation, extra demands are put when using expert and other
intelligent systems in the lower levels of automation: the supervisory and control level.
In these layers, the expertise of process operators and control systems designers should
be integrated with the time-varying information obtained directly from the process by the
measurements.

This section is concerned with those levels of automation at which the knowledge-based
and intelligent system is embedded in a real-time environment. The most promising
applications areas are those of alarm monitoring, fault diagnosis, supervisory and adaptive
control, modelling of the operator, indirect and direct intelligent control.

As the complexity of control systems increases, it becomes important to embed these
knowledge-based systems in real-time systems [Krijgsman88b]. This approach makes
it possible to apply these Al-techniques at any level of automation, operating on time-
dependent information in a time-critical environment.

A second, very important reason, to embed Al-techniques in a real-time environment
is the need to develop a new generation of controllers on the lowest level of control.
Many mathematical frameworks for designing control systems are available today, they
are theoretically well backed. However, often it is not possible to use linear system theory
because the system is highly nonlinear or is (partly) unknown. For these cases, it is very
well possible to use knowledge-based techniques in order to control such processes.

Up till now, we have used the phrase real time without giving a proper definition. A real-
time behaviour is often easier to recognize than to define. As discussed by [O’Reilly86],
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there are many definitions of real time. Real time is mostly related to "fast”; meaning that
a system processes data quickly. A formal definition of real time is offered here:

® a hard real-time system is defined as a system in which the correctness of the system
not only depends on the logical results of a computation, but also on the time at
which the results are produced.

The most important item is the response time, if events are not timely handled, the process
can get out of control. Thus, the feature that defines a real-time system is the ability to
guarantee a response before a certain time has elapsed, where that time is related to the
dynamic behaviour of the systemn. If, given an arbitrary event or state of the system, the
system always produces a respoase by the time it is needed, then the system is said to be
real time.

Real-time systems (RTS) in general and expert systems (ES) have a number of incom-
patibilities. These incompatibilities have mainly to do with the management of memory.
In an expert system, garbage collection in the working memory disturbs the response
times, while in real-time systems this is not allowed. The resources used in a real-time
system are known and have predictable computation times. In expert systems this is not
the case: there are no guarantecd response times and unknown resources will be used.
In the higher levels of plant automation, knowledge-based problem solving techniques
have been applied in domains where the data was static. No time-critical responses were
required. But in a time-critical system the problem must be solved real-time, including
the knowledge-based parts. Because the data is not static but changes as a function of
time, interesting problems arise:

e Nonmonotonicity: incoming data does not remain constant throughout the com-
plete run of the system. Tt.e data is either not durable or loses its validity during the
run (by external events). Then all dependent conclusions have to be removed.

¢ Temporal reasoning: time is a very important variable in real-time domains. A
real-time system needs to reason about past, present and future events.

o Interfacing to external software: a real-time system must be integrated with
conventional software for signal processing and application specific I/O.

e Asynchronous events: a real-time system must be capable of being interrupted to
accept input from unscheduled or asynchronous events.

e Focus of attention: when something serious happens, the system must be able to
change its focus of attention. The system will be divided into several knowledge
sources, each with its own area of attention. The system must be able to focus
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very fast on a specific knowledge source without the behaviour of interrupted tasks
deteriorating.

These special requirements are not found in most commercially available expert system
shells. For control engineering purposes, only a few toolboxes or programs are avail-
able, offering the user some some real-time primitives, like scheduled execution of rules.
Besides, they exhibit much overhead because they are developed for a wide range of
applications. In the following sections, an expert system environment is described, based
upon a blackboard architecture using a multiple number of expert system kernels.

4.2.1 Progressive reasoning

In real-time (digital) control, an important parameter is the sampling period to be chosen.
The minimum sampling period which can be used is defined by the amount of time required
by the system to make the necessary calculations. The time required by the inference
engine to evaluate the rule base directly determines the calculation time. Because the
process itself and the changing number of inferences has a great influence on which
sampling period should be used by the controller, progressive reasoning is implemented
[Lattimer86].

The idea behind progressive reasoning is that the reasoning is divided into several rule
bases. Every part of the rule base goes into more detail about the problem. This approach
can be summarized as progressive deepening. When a rule base has been evaluated and
there is still time left, another deeper rule base is evaluated in order to try to produce
a better conclusion. At any time, the system can make use of one of the intermediate
solutions generated by the system, as long as at least one solution has been produced,
determining the minimum sampling time.

The progressive reasoning principle is very well suited for process control purposes. With
the application of a direct digital controller using Al-techniques, a problem arises when
the sampling period is chosen smaller than the time required to evaluate the complete rule
base. This will cause a situation where the inference engine cannot prove a hypotheses.
Since all hypotheses are indirectly coupled to a control signal, the expert system will not
be able to control the process. To solve this problem, the rule base is divided into a set of
different knowledge layers, each with its own set of hypotheses and therefore its own set
of control signals. The minimum length of the sampling period which can be used is now
defined by the time required to evaluate the first knowledge layer. The first knowledge
layer will generate a fairly rough conclusion about the control signal. The next layers are
used to produce a better control signal using more information about the process to be
controlled.
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In a typical example using this progressive reasoning principle, the lowest (fastest) layers
of the system are used to implement a direct expert controller, while the next layers are
used for a more advanced type of control (intelligent control) such as supervisory and
adaptive control.

One of the assumptions made on the use of progressive reasoning is that the problem can be
decomposed into smaller subproblems. However this may not be easy or straightforward,
it might be even impossible to define appropriate progressive reasoning levels. This
problem is left to the system designer. The second problem which can arise is that the
maximum time available for reasoning may be so small that only the lower reasoning
levels are processed and the higher levels are never reached. This problem can be solved
by introducing adaptive sampling. Whenever many things are happening in the system
(start of a step response for example) a lot of information can be obtained from the system
and fast sampling can be used for the controller. For steady state situations the sampling
frequency for the controller can be decreased, leaving more time for other procedures to
be evaluated (optimization, monitoring, diagnosis, etc).

4.2.2 Truth Maintenance System (TMS)

When knowledge is evaluated, for example a production rule, the consequent part is set
true if the antecedent part was satisfied, else it will be set false. The consequent part
will be stored as facts or knowledge in a data base. Knowledge remains in this data base
until it is explicitly removed. In a real-time control system we are dealing with time-
dependent information: data can be valid during a certain period. A Truth Maintenance
System (TMS) takes care of these problems. Such a TMS system provides nonmonotonic
reasoning , so the growth of knowledge is not monotonic with time. At certain time
instants, knowledge can lose its validity and all dependent conclusions should therefore
be removed. There are several events which can make knowledge invalid:

1. Knowledge can lose its validity, because new knowledge is acquired by evaluating
the rule base. This new knowledge excludes the old knowledge. To remove the old
knowledge, special commands must be added to the syntax of the expert system,
in order to wipe knowledge out of the data base of known facts. By removing this
knowledge, all dependent information will be removed.

2. Knowledge can only be valid within a specific time interval, for values expressing
the performance of a process. These values will only be valid within a limited period
of time due to the fact that the system can change, or the fact that the performance
depends on the controller applied to the system. All knowledge which depends on
these derived performance values, should be wiped from the data base, containing
all known facts, at the end of the interval during which the knowledge is valid.
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The TMS has to keep track of every inference step in the reasoning process. In general this
can be a time-consuming task, but necessary for the correct functioning of an automated
reasoning program.

4.2.3 Temporal representation

In real-time expert systems the use of logic which can express temporal information is an
important issue. Time and its properties must be represented explicitly. Temporal models
in Al can have either an explicit time representation based on time points or can be based
on intervals. In literature several temporal logic-based models are proposed for both point-
based models ([Dean87, Perkins90]) and interval based models ([Allen84]). Allowing for
temporal representations in an expert system requires the definition of object structures in
which this information is stored. The main temporal information of an object is given by
the past values of information, the current value and eventually a list of (predicted) future
values. The values are also temporal information expressed in an object which stores the
begin and end time of a value and the time at which it was taken.

The Truth Maintenance System has to keep track of this temporal information in order
to maintain the validity of the knowledge base and the data base and offering temporal
reasoning facilities.

4.3 Real-Time Expert System Architectures

A blackboard architecture is seen as one of the best alternatives to implement knowledge-
based systems in a real-time framework [Hayes90]. In a blackboard system several
knowledge sources are communicating (in parallel). In the blackboard data base the
values of some variables are stored, like in a memory. This blackboard data base, or short
term memory, can be accessed by several knowledge sources. Each knowledge source has
the following features:

It contains the knowledge about one subproblem

e Data is stored in a common structure

Knowledge sources share information through a mechanism by the blackboard

A knowledge source can not access data of another source directly
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For areal-time expert system such an architecture using the multiple knowledge source idea
to implement several expert systems running in parallel is convenient. Each knowledge
source can be used to solve a subproblem. In figure 4.1 a blackboard architecture using

knowledge source

knowledge source

|

blackboard

control information |—

Figure 4.1: A blackboard architecture

several knowledge sources is depicted. A blackboard consists of three components: (a)
the data base of the blackboard (b) the formalism of each knowledge sources and (c) the
control component. Each of these components is described in more detail hereafter:

Data base

The data base of the blackboard is used to store the data of the knowledge sources and
provides means to manage and access them. The main problems are connected to the
concurrent access of several parallel inference tasks, trying to access data (or objects) in
the data base. Important issues in the organisation of this data base are:

() a possible representation of tzmporal knowledge (see section 4.2.3)

(b) updating and retrieving of information from the data base

(c) uncertainty management

A well-structured approach for the protection of data is the principle of message-passing
between objects.

Formalism of knowledge sources

In a knowledge source, a collection of activities is combined. It represents a separate
task which has to be executed using its own inference engine. The reasoning mechanism
in such a knowledge source must be efficiently implemented. Several algorithms are
proposed in literature, which were developed to provide real-time pattern matching. The
best known algorithm is RETE [Forgy82]. This method builds a network compiled from
the conditional parts of the rules and inputs are changes in the working memory. Another
formalism which fits into this concept is the progressive reasoning principle.
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Control component

This component plays an important role. It determines which knowledge is scheduled with
the highest priority to meet the deadline. The control module decides when a knowledge
source is allowed to access the blackboard data base. Scheduling the tasks to be performed
by the knowledge sources can be carried out in various ways common to solutions used in
real-time operating systems. The most common solutions in literature are ([Young82]):

e Priority scheduling
o Deadline scheduling

e Progressive reasoning

A blackboard configuration using multiple knowledge sources allows for a distributed
knowledge-based approach. Each knowledge source can use its own problem-solving
technique. For a KB control system, each knowledge source can be used to implement a
view on the control problem, using the appropriate tool to solve the problem. A typical
KB control system, using a blackboard approach, will contain various methods in parallel
solving subproblems from different views upon the system. These views correspond to
various Al-related methods to solve the specific problems.

4.4 Control with Embedded RTES

In the previous sections, the principles of real-time expert systems (4.2) and their architec-
tures (4.3) have been given. The use of time dependant information introduces a number of
extra difficulties to cope with during reasoning cycli. Especially in a control environment,
these properties are necessary, as has been previously explained. In the previous sections
a framework has been described, with some important parameters for real-time intelligent
control: progressive reasoning, blackboard communication, multivalued logic, focus of
attention, etc.

This sections focuses on the consequences of the use of a (real-time) expert system inside
a control loop, either for direct or indirect control, using symbolic reasoning methods.

Precision and quantization

In chapter 3 the landscape of control was introduced. Using symbolic control in the form
of rule-based control, a rough quantization is introduced. The space is set up by all the
input variables of the control system: measured variables, reconstructed variables, states
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etc.). The symbolic approach uses a kind of knowledge description (e.g. rules) to describe
relations between areas in the input space (not necessarily completely described) and the
control space. In the case of a rule-based knowledge representation, this results in a
(multidimensional) lookup table method. The quantization level in a symbolic approach
is relatively low because of the dimensionality. Using such heuristic methods to solve the
control problem generally leads to a rough quantization of the input space. The relations
used at this level are (normally) very high-level relations between areas of the input space
and the control space. The kernel of this symbolic approach is the translation of the
measurements into a symbolic description of the input space. This information is used as
the input for the reasoning mechanism, which applies the knowledge base (or rule base)
to come to a conclusion, which is a ’state’ in the control space. After that, this ’state’ is
translated into an actual control value. Again the quantization level can be very low.

By introducing fuzzy sets and overlapping membership functions, the rough quantization
effects can be considerably smoothed. The smoothness of the mapping is determined by
the number of membership functions and the degree of overlap between these functions.
The procedure of such a direct fuzzy controller can be illustrated efficiently by looking at
direct fuzzy control (see figure 4.3 where the same procedure is used (taking into account
the fact that the translations are based on fuzzy logic)).

The precision required in describing the actual situation (’state’) of the process to be
controlled depends on the number of quantizations put on the variables setting up the
input space.

It can easily be seen that fuzzy control fits very well into this concept of symbolic control.
This kind of control transforms actual measured values into symbolic descriptions of the
state” of the process to be controlled. At this level, the symbolic description of the system
can easily be mixed with other reasoning procedures (e.g. given by the user of the system),
concerning other high-level decisions.

Another possibility is the use of a conventional control algorithm, which adapts the pa-
rameters of the controller (or switches to another model of the process with corresponding
controller) according to the required behaviour of the process. The mapping of the input
space to the control space is now performed by the conventional control algorithm, but an
extended input space is created with more symbolic descriptions of the process behaviour
in order to adapt this mapping (= algorithm). Symbolic descriptions used at this level are
typically about the total performance of the system (overshoot, rise time, damping, etc.)
or structural information (order, time delay or not, damped or not, etc.). This symbolic
information is in most cases not related to actual information about signals or measured
variables but to information which is valid for a longer period.

The (fuzzy) rule-based controller described before is able to handle various practical
nonlinearities is SISO systems. The problem of tuning the controller properly has been
shifted from tuning the parameters of a more classic type of control towards the choice
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of the membership functions and the rules in the knowledge base. Experiments have
shown that this type of control is rather robust. The results for simple systems, exhibiting
nonlinearities, are rather insensitive to the choice of the membership functions and also
to the number of functions. In critical situations, with highly nonlinear systems the
positioning of the membership functions is more critical. One of the possibilities is to
obtain the rules directly from people used to operating the system manually. The other
possibility is to add learning facilities to the expert system.

Looking at the precision which can be obtained, it is clear that it depends on the number
of classifications put on the (input) variables of the expert system. Learning in this type of
control yields the adaptation of the rule base, its classification procedure (e.g. membership
functions), the number of classifications, decision procedures, etc. This is by no means
an easy task. In many cases it is not known which relations should be modified to achieve
the desired result. Learning methods to update the rule base have been applied in Self
Organising Control [Procyk79] (SOC) or other forms of supervised learning (for example
by using neural networks). Other methods are based on random search methods for rule
selection like genetic algorithms [Goldberg].

4.5 Direct intelligent control

In this section, a description is given of an intelligent control scheme at the lowest
level. This Direct Knowledge-Based Real-Time Control (DKBC) is a knowledge-based
system using qualitative information which replaces a controller based on fundamental
knowledge in a closed loop control system (see figure 4.2). For the implementation, the
reasoning strategies of the expert system have to be incorporated in a real-time platform
(see section 4.2), in which a number of extra features are added in comparison with
traditional expert systems. In the following sections, a real-time environment including
expert system technology has been used: DICE. The details of this environment are
described in [Krijgsman90, Krijgsman92b}.

4.5.1 Principles

In a conventional control system, the controller design is based on fundamental knowledge,
described by mathematical equations (state equations, transfer functions, etc), deduced
from physical laws and experimental data. In a direct intelligent control configuration
the use of Al-related techniques is included inside the control loop (section 3.6). This
Direct Knowledge-Based Real-Time Control (DKBC) is a knowledge-based system using
qualitative information which replaces a controller based on fundamental knowledge in
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Figure 4.2: Knowledge-based svstem as (in-line) controller for a SISO system. The mea-
surement m(k) and the set point value r(k), in combination with the control
goal(s) are used to determine the control signal, using a symbolic AI-method.

a closed-loop control system (sce figure 4.2). DKBC is based on the experience of the
operator and control engineer as well as on the observations of the process and control
variables. Relationships among variables may be known or assessed in qualitative terms.
Usually, the knowledge-based system contains a mixture of qualitative and fundamen-
tal knowledge. A DKBC approach is less useful for linear systems with well-known
parameters, but can be applied successfully in those cases where the process is highly
nonlinear or hard to describe while existing theories do not cover the analysis and design
of those systems in an adequate way. Because of their very nature, DKBC systems lack
conventional characteristics such as guaranteed stability of the control loop, consistency
and desired prescribed performance.

4.5.2 Fuzzy control

An appropriate method to translate signal values into linguistic descriptions is the use of
fuzzy logic. By introducing fuzzy sets and overlapping membership functions, the rough
quantization effects of a Boolean rule-based type of direct control can be considerably
smoothed. The smoothness of the mapping is determined by the number of membership
functions and the degree of overlap between these functions. The procedure using fuzzy
logic is depicted in figure 4.3. The input vector m containing all measurements and
(re)constructed signals is translated into fuzzy values using a fuzzification procedure F.
These fuzzy values are used in the inference procedure Z, applying the rules R in the
knowledge base. The inference engine applies the rules to the incoming data (linguistic
descriptions with membership functions), propagating the degree of (un)certainty. There
are many possible ways to propagate this uncertainty. In table 2.1 some possibilities for
uncertainty propagation for relations are given. The result of the reasoning procedure is
a fuzzy conclusion F'U about the control action to be applied to the system, a variation
in the control action or an adaptation of the parameters of the controller. The conclusion
is expressed in terms of a membership function, which is translated into a crisp value
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Figure 4.3: Fuzzy control concept. The measurements m are fuzzified into FM and, via a
reasoning mechanism based on rules (R), the resulting fuzzy sets (FU) for the
control actions are determined. The actual control actions u are obtained via
a defuzzification procedure.

using a defuzzification procedure D. There are many defuzzification procedures and three
are known as: the Centre of Area/Gravity method , the Indexed Centre of Area/Gravity
method, and the Mean of Maxima method . Detailed information is given in [Jager91].
Such defuzzification methods determine the shape of the resulting control mapping created
by the rule base. The type of interpolation between points in the control space which are
not uncertain (so fully known) is determined by the type of uncertainty propagation and
the defuzzifaction procedure as well. The shape of the control space can therefore be
shaped by modifying either 7, Z, R or D.

Fuzzy PID control

Using fuzzy membership functions and fuzzy logic, it is possible to create an equivalent of
the well-known linear (discrete) PID controller, the most widely spread and used control
strategy. Instead of a linear relation between the error signal e(k), Ae(k) and Au(k)
a nonlinear relation can be defined by using a multidimensional mapping. Using this
principle an enhanced nonlinear (PID) type of control can be obtained which has powerful
properties with respect to applicability and robustness.

Using simple rule bases many research has been done to develop such standard fuzzy
controllers ((Mamdani75, Kickert76, Mamdani81, Jager91]). These rule bases are set up
using the same signals as the ”normal” PID controllers: the error signal e(k), its first
difference Ae(k) and the second difference A%e(k). The rules in the rule base typically
look like:

IF e(k) is positive big

AND Ace(k) is negative small
AND AZ?e(k) is almost zero
THEN Awu(k) is medium positive
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When using such rule bases for control, rather good results can be obtained with only a
few membership functions imposed on the input variables.

A fuzzy PI controller is described as an illustration. The input of the controller is given
by the error signal e(k) and its first difference Ae(k). Membership functions are defined

He(k) A
NB NM NS AZ PS PM PB
A -
e(k)
Hae(k) 1\
NB NM NS A

V4 PS PM PB
\ ‘>< >< >< -
Ae(k)
Figure 4.4: Membership functions for a direct fuzzy (PI) controller defined for the variable
e(k). In this example 7 sets are defined, labelled with linguistic expressions:

NB = negative big, NM = negative medium, NS = negative small, AZ = almost
zero, PS = positive small, PM = positive medium, PB = positive big.

for each signal (e(k), Ae(k) and Au(k)). Figure 4.4 depicts a possible choice for such
membership functions, in which each function is labelled to a linguistic interpretation of
that signal. The actual control signal is determined using the following equation:

u(k) = u(k — 1) + Au(k) 4.1

The rules for the fuzzy controller determine the output of the fuzzy controller. In figure 4.5
the rules are given as a simple look-up table.

IF (k) is PB
AND Ae(k) is NS
THEN Av(k) is PB

Using such (simple) rules, the controller behaves as a nonlinear PI controller. By modifying
the shape of the membership functions, the rules and the number of membership functions,
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| | NB[NM|[NS |[AZ | PS [PM| PB |
Ae(k)l NB [ AZ

PS |PM | PB | PB | PB | PB

NM| NS |AZ|PS |PM|PB | PB | PB
NS |[NM|NS |AZ | PS |PM | PB | PB

AZ | NB [NM| NS | AZ| PS |PM | PB
PS | NB|NB |{NM| NS | AZ | PS |PM

PM | NB |NB |NB [NM| NS | AZ | PS
PB | NB | NB|NB | NB |NM| NS |AZ

Figure 4.5: Rule base for a fuzzy PI controller. As a result of a classification of e(k) and
Ae(k) the corresponding conclusion on Au(k) is given by the contents of the
table.

more complex control mappings can be obtained. Where the tuning of classic PID
controller consist of tuning the proportional, integral and differential action, the tuning of
the direct intelligent controller consists of tuning the position of the membership functions.
The type of control obtained is an interpolation between various types of controller for
each classification of the input space.

The system which is controlled is a second-order linear system, preceded by some non-
linearities on the input of the system. These nonlinearities are described in appendix C,
section C.1. In this case, all signals concerning signals in the control system are scaled
down in the interval [—1.0 1.0] using the minimum and maximum values of the signals
involved (in general these values are known and related to physical limitations in the
system).

For the fuzzy PI controller, the resulting behaviour can be visualized in a phase plane set
up by the two signals e(k) and Ae(k). The various regions in the phase plane correspond
to the table locations given in figure 4.5. For time-optimal control switching lines can
be drawn. The resulting behaviour of the system is a trajectory in this phase plane. The
curves in the phase plane, as the result of a set point change, typically have a shape as
depicted in figure 4.6. Due to the quantization of all signals, in many cases a (small) limit
cycle around the origin can be observed.

It is obvious that in those case where more input signals are used, more complex types of
control can be obtained. Nonlinear MIMO systems in which the behaviour can be very
asymmetrical require the setting up of complex rule bases with many inputs. Complex
multidimensional mappings must be derived by knowledge-acquisition techniques. In
general, the nonlinearities do not depend on the error signal and its derivatives, but on all
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Figure 4.6: Curve in phase plare; * denotes normalization of the signals in the interval
[-11]

kinds of signals and measurements in the system to be controlled.

4.5.3 Development of a general rule-based SISO controller

Based on the idea of a direct intelligent controller, a knowledge base is set up, designed to
control various processes with the following minimal a priori process knowledge and crite-
ria provided by the user: range of reference and control signal, sampling time and general
performance criteria like maximum overshoot, undershoot and settling time [Jager90].
The task of the rule-based controller is to determine a new control signal increment each
sampling time. To increase the performance of the system, the controller adapts itself to
the process to be controlled, holding the adaptation of the membership functions or the
rules.

To develop an accurate and generally applicable knowledge base, we have to be aware
of the fact that we will definitely need more knowledge sources to evaluate the current
situation, look at the past, evaluate the future and adapt the views concerning the control
of the process. These knowledge sources are connected to a general data base in which the
information concerning the process is stored. This data is available for each knowledge
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source and consists of long-term and short-term data.

One of the most appropriate and frequently applied techniques is based on the PID type
of control. In many practice, in many systems, PID control loops operate quite well.
The shortcomings of this kind of control were illustrated in chapter 3, which dealt with
uncertainties in the system, nonlinearities, complex relations, etc. "Normal” PID type
of control needs some adaptation to cope with these difficulties. This necessitates the
construction of more complex control mappings. As reasoned in chapter 3, rule-based
(fuzzy) control systems can be used to construct this complex mapping. This is the reason
why a rule-based direct intelligent-control approach as described hereafter is merely based
on a PID type of control, using the error signal and related signals as the main sources of
knowledge about the system to be controlled. In the case of a linear (SISO) system to be
controlled, PID control results in curves in the phase plane set up by the error signal e(k)
and the derivative Ae(k), which can easily be described.

The knowledge contained in the several sources is concentrated on a specific part of the
control problem. The following parts can be distinguished:

e Direct feedback: a rule base which implements a nonlinear form of PID control.
For every region in the input space a kind of PID controller is implemented. This is
a combination of several controllers which are called upon according to the status
of the system.

e Model following: a knowledge base which evaluates the model-following proper-
ties. This servo information deals with longer term data than the previous knowledge
source. It can be used to overrule the first conclusion and to trigger the adaptation
knowledge sources to adapt the first one.

¢ Set point control: a knowledge source which is concerned with the regulator be-
haviour of the controller. In a region around the set point this module takes over
control to keep the controlled variable in a specified interval around the required
value.

e Adaptation: aknowledge source designed specifically to adapt the rules in other rule
bases in order to meet the required specifications. The rules in the first knowledge
source concerning a kind of PID control especially need adaptation for varying
conditions.

The example presented here is chosen to be a SISO process, although this is not essential
to the kind of problem solving. The ideas can easily be extended to MIMO systems as
well, although a number of difficulties because interaction between the various inputs has
to be described as well. This can easily lead to a situation where a large number of rules
is required, while not all relations are known in practice.
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The first knowledge source implements rules to map the measured state of the process to
a solution in the control space. The input of the knowledge base is give by a symbolic
description of the error at the current time (e(k)) and the error change (Ae(k)). The
second difference (A%e(k)) is only used when noise is absent in the control loop, to avoid
unnecessary noise sensitivity.

The knowledge description is given by a rule base, set up using fuzzy membership
functions on the variables to be mapped into a symbolic description. Using such a state
classification, one, two, or at most four symbolic states are possibly to be (partly) *true’,
when assuming that no more than two fuzzy sets per input (error or error change) overlap.
Rules in this part of the controller are like:

IF error is big positive
AND error change is small negative
THEN change control signal medium positive

in the case of a PI type of contrcl. When the second difference of the error signal is taken
into account as well, a PID type of control is obtained. The total input space, set up by
the measurements and related signal, can be seen as a combination of P, PI, PD and PID
types of control actions, combined to a nonlinear control mapping. The total mapping is
created using a combination of linear controllers.

The second knowledge source contains knowledge which reasons about the (symbolic)
description of the actual servo and predicted servo behaviour. Actual and predicted
behaviour is compared with the desired (reference) behaviour. Rules in this part are of the
form:

IF predicted behaviour is too fast
THEN change control signal big negative

The inputs for this knowledge source module are the required behaviour and the predicted
behaviour. This predicted behav.our is determined by a curve, which is in the phase plane
represented by a line through the current and the previous state. The reference behaviour
is determined by the behaviour of a first order reference model, which in the phase plane
is represented by a straight line through the current state and the origin of the phase plane,
so each sampling time a new reference behaviour is determined. The angle between these
two lines is taken as a measure of the deviation between the predicted and the desired
behaviour. In figure 4.7 is shown that the classification of the predicted behaviour is
determined by two angles, ¢y and ¢,, representing the maximum allowed ’faster’ and
"slower’ behaviour, and a radius, &, representing the ’alertness’ of the controller. The
vector ey, stands for the measurement vector [e(k) Ae(k)]”.
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Figure 4.7: Classification of behaviour. The measured values for e(k) and Ae(k) are used
to define areas in the phase plane, corresponding with desired or undesired
behaviour of the controlled system. (Figure adapted from [Jager90])

The change in the control signal depends on whether the behaviour is classified as too
fast, allowed or too slow. In the fuzzy version of the controller, two classifications can be
partly true, because the limits are fuzzified.

In this case, this is the curve in the phase plane (set up by the error and the error change)
and a region around the present state in which both the desired and predicted next state
are confined or not (alertness). For the predictions, local estimations are made combined
with interpolation of the observed behaviour. Whenever (local) models of the system are
available they can be introduced at this level.

Regulator behaviour

The knowledge source concerning the regulator behaviour (steady-state control) decides
when to invoke a zoom mechanism on the first knowledge source and to disable the servo
knowledge source during this situation. The zoom mechanism is designed in such a way
that the changes in the control signal are asymmetric, thus avoiding a limit cycle. The
zoom mechanism adapts the membership function used for classification of the predicted
behaviour. One of the aims of this mechanism is to achieve a constant steady-state value
for the control signal. To achieve this constant value a scaling of the range of the control
signal change is performed: every time the set point is crossed the scaling is decreased.
Using this mechanism a limit cycle will be damped.
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Local estimations of the behaviour are made and used to generate proper settings for a
local backup controller (e.g. Ziegler and Nichols’ rules for P(I)(D) control).

Adaptation of controller

To improve the overall performance of the control system, adaptation of the rules are
made. The adaptations of the rules are mainly implemented as shifts in the membership
functions put on the input variablzs of the knowledge system or the increase of the number
of classifications put on the input variables.

The required behaviour is expressed by the user in terms of the settling time, the rise
time and the overshoot. These items, all expressed in the time domain, correspond to
the ideas of the user about the scrvo behaviour of a system. The desired values for this
are translated into fuzzy linguistic expressions as well. These fuzzy values are used to
apply the adaptation knowledge base for adaptation of the lower levels of control. The
rules to adapt the rules of other knowledge sources are necessary to improve the overall
performance of the controller. Dietections and classifications are made of the overshoot,
undershoot, rise time and settling time.

The complete (rule-based) controller consists of several fuzzy subcontrollers, as shown
schematically in figure 4.8.

on-line ise time —
error change in-line dantati Settling time
-l adaptations ~gvershoot ~
- CIOT__ ! adaptations p overshoot
eerror change . . redicted
~_emor | dic dric. <t our

-~ control change -« - ,-_’

Figure 4.8: Schematic representation of the general rule-based controller, set up in 4
knowledge sources.

Those parts of the knowledge-based control scheme, dealing with the servo and regulator
behaviour, operate on the same time scale as the sampling time. Those modules are con-
sulted every sampling interval and determine a control signal (direct digital control). The
other parts of the knowledge base, dealing with performance evaluation and adaptation,
run on a larger time scale. Information is processed which is available after the processing
of series of data, like performance measures, criteria, etc. They typically run on a time
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scale corresponding to the duration of an important part of the dynamic behaviour. The
decisions taken at this level will operate on system parameters: either parameters of a
controller or adaptation of knowledge.

A priori knowledge

An interesting question concerns what to do when sufficient or essential information is
available concerning the process to be controlled. It seems rather strange to throw away all
the known information. Looking at the rule-based controller, proposed a priori knowledge
could be invoked at several places. First of all, the choices of the classification of the input
signals of the knowledge based system can be chosen in a way that is closely related to
the system. Second all available information can be used for controller evaluation and the
prediction of future behaviour.

4.5.4 Simulations and experimental results

/ In this section, some results are given using the general rule-based controller, with its
multi-level structure. To implement the controller DICE has been used as a platform for
real-time intelligent control. The progressive reasoning mechanism is used to divide the
knowledge base into knowledge sources. In a (time-critical) real-time situation, priority
is given to the first knowledge source which uses conventional (fuzzy) rule-based control.
If time is left, an evaluation of the servo behaviour is done. Adaptations are put at the
highest level with low priority for the real-time problem.

The presented rule-based controller is able to control various processes even though no a
priori knowledge about the actual process model is required. No restrictions are put on
linearity, order, nonminimum phase character, delay time etc.

Simulations as well as real-time experiments were used to test the knowledge-based
controller. Robustness is an important feature of a control algorithm. Fuzzy rule-based
control has the possibility to be quite insensitive to uncertainties and noisy input signals.
The disadvantage is the degree of accuracy which can be obtained. An input variable of
the controller is translated into a discretized variable, corresponding to the membership of
a specific classification. As an example, a variable z; = 2.0 is mapped into a fuzzy value
of several membership functions (see figure 4.9):

z; 5 (NBNM NS AZ PS PM PB)T
= (0.00.0 0.0 0.0 1.0 0.0 0.0)”
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Figure 4.9: Membership functions for x;

z; 7

In this example, the variable is completely of the category: z; is Positive Small (PS). After
the fuzzification procedure F, tae only knowledge about the system which is left is the
fact that the variable z; lies within the interval between [1.5 2.5].

The IDPI principle is recalled: the higher the levels of abstraction used to describe and
solve a problem the less accurare the decisions will be. Improving the accuracy of this
kind of control requires more input variables and a finer quantization of the input space.
A disadvantage of this finer resolution is the increased sensitivity to disturbances, and
the adaptation, which becomes more complicated. A high number of quantization also
contradicts the original setup of the rule-based system: the classification of variables into
a (relatively low) number of linguistic descriptions.

Example 1

In order to test the robustness of the rule-based controller, several simulations were done.
In appendix C, a description is given of a nonlinear SISO process, depicted in figure C.1.
The process is a second-order nonlinear system, with a combined nonlinearity at the input
of the system. This nonlinearity at the input requires different tuning of parameters of, for
example, a PID controller, around various working points.

In figure 4.10, the results are given of two of the many simulations that were performed to
test the difference in performance between a Boolean rule-based controller and the fuzzy
one. One can see that before adeptation of the controller(s) the fuzzy version (b) has less
overshoot than the Boolean version (a). After adaptation at t =~ 400, both version perform
satisfactorily. The Boolean version initially is more sensitive to signal variations. The
variations in the controller output are considerably smoothed by the use of fuzzy logic.
The adaptive behaviour is important, because in comparison with the use of a classic PID
controller for this problem, the behaviour of the controller is adapted only for the working
point, without disturbing the setting for other working points.

Example 2

In this second example, a system: is taken which has a very nonlinear gain. It is a process
described in section C.2. The knowledge which is used for the control is only given
by the sampling time required and the proper scaling of all signal down to the interval
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Figure 4.10: Simulation results with Boolean (a) and fuzzy (b) version of rule-based
controller for the process of appendix C.2 using default settings. The upper
figures show the process output (dashed line) and the set point. The lower
figures show the control signal.

[—1,1]. The problem of this high nonlinear gain can be solved intuitively by using low
gains around the sensitive point with high gain, and higher gains away from this point.
This situation is reached after an adaptation of the rules as described in section 4.5.3 In
figure 4.11, the unscaled result of the controller is depicted.

From the examples it is clear that the application of this kind of control is rather insensitive
to the process to be controlled. Tuning is obtained by modifying the boundaries of the
membership functions.

4.6 Indirect intelligent control

In practical implementation of control systems, algorithms are only a minor part of the
code in a control system. Apart from the man-machine interface, the major part of the
code in a control system is actually the logic that surrounds the control algorithm. This
logic takes care of switches between manual and automatic control, bumpless parameter
changes and anti-windup in simple controllers. In more complex controllers it also handles
the supervision of automatic tuning and adaptation. It is also a common experience that
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Figure 4.11: Rule-based control of a nonlinear process. The upper figure depicts the
reference value and the actual output of the system, while the lower figure
depicts the control signal.

the effort required to implement and debug this code is significant. Since the supervision
code is easily expressed in logic, it is a natural candidate for use in an expert system.

For supervision tasks, performarce analysis tools are necessary for the on-line detection
and estimation of key parameters to calculate performance measures. These measures are
often defined in the time domain, related to the observed servo behaviour of a system:
overshoot, rise time, settling tirie, damping, etc. Reliable supervision structures have
to be developed, based on standard and reliable methods and algorithms to calculate the
performance measures. In this thesis, no special attention is paid towards the develop-
ment of such algorithms, although they are important for the correctness of supervision
mechanisms. Many methods to determine key parameters of systems are described in
literature ([Liu87]). The main goal of a knowledge-based approach is to express and to
reason about relations of numerical indicators and heuristic indicators.

In the following sections the three main possibilities for the supervision of direct control
schemes are treated, illustrated by examples. First the supervision of a conventional PID
control is described. Second, the advanced supervision of PID control using fuzzy sets for
supervision and autotuning is described. Finally, the supervision of an advanced control
strategy is described
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4.6.1 Supervision of conventional PID control

Many PID controller are only poorly tuned. Automatic tuning, selecting proper parameter
settings, are the basic attempt to cope with varying operating conditions by retuning the
PID controller. Intelligent PID control can be obtained when more process knowledge
is incorporated, that takes into account experimental and heuristic knowledge about the
system. There are several devices on the market that attempt to help a user in tuning
the PID controller. Simple system identification experiments are carried out to determine
some key parameters of the system used to tune the controller. Probably the best known
method is connected to the Ziegler and Nichols tuning approach. From the response
observed, the oscillation period T, and the oscillation gain K, are determined. According
to the tuning rules of Ziegler and Nichols, the parameters of the P, PI or PID controller
are determined using the relation given in table 4.1 For discrete implementations of PID

Controller | Gain Integral action | Differential action
P k = 05K,

Pl k =045K, | = = 0.83T,

PID k=06K, |7 =0.5T, 74 = 0.1257,,

Table 4.1: Ziegler and Nichols tuning rules for a continuous PID control system
([Verbruggen75]).

controllers, similar tuning rules can be obtained [Verbruggen75]. The values for K, and
T,, are normally obtained from an oscillation experiment. The values can also be obtained
by observing the behaviour of a system on-line. In figure 4.12, the observed pattern is
depicted from which the oscillation period and damping factor are determined. Based on
the tuning rules of Ziegler and Nichols ([Bristol84]), these values are used to calculate
new settings for the PID controller.

Related techniques are used in some of the single-loop controllers with automatic tuning.
Other methods depend on determining a number of points of the Nyquist curve. These
points are obtained by the superposition of a relay type of signal to the output of the
controller. The relay signal causes a sinusoidal output from which the amplitude and
the phase shift determine a point of the Nyquist curve. The shape of the Nyquist curve
can then be used to start a (conventional) type of design for a linear system [Astrom88]
Although these devices are useful, it is clear that the tuning of a controller is not always
uniquely determined by the process dynamics, but also depends on the purpose of control.
A typical example is level control, where the purpose can be tight level control, as well
as surge tank operation when it is desired that the level swings over the full range. From
this standpoint it appears reasonable to have a more sophisticated system for tuning and
advice, that considers also the purpose of control. It would also be highly desirable to
handle design data in such a system because sometimes good tuning parameters can be
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Figure 4.12: Pattern recognition for Ziegler and Nichols tuning of a PID controller
(adapted from: [Kraus84]).

computed from design data. It is also clear that applications in control system design and
in automatic tuning are closely related.

As explained in section 4.2, such intelligent devices, implemented using a knowledge-
based system, have to be incorporated in a real-time environment. The concept of know-
ledge sources attached to a blackboard is one of the possibilities in setting up an intelligent
control concept. In [Yue91] a sztup of such a concept is described in which knowledge
sources are implemented on top of the relay tuning concept ([Astrom88]) to obtain appro-
priate information concerning the behaviour of the control loop. The knowledge sources
are concerned with:

¢ Noise estimation rules: rules that oversee the noise estimation and determine relay
parameters.

e Relay rules: rules determining and adjusting the parameters of the relay experi-
ment: determining when oscillation is steady and computing the gain at which the
oscillation occurs and its period.

e Ziegler-Nichols tuning rules: Rules based on the well-known Ziegler and Nichols
tuning rules for PID control.

e Fine tuning rules: rules that refine the performance of the PID controller using
refined formulas of Ziegler and Nichols’ tuning rules, which are based on heuristics.

¢ Performance and analysis rules: rules evaluating the PID controller performance
by observing the plant peak load error.
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e Monitoring rules: rules that handle abnormal conditions, bumpless transfer and
reset windup.

This set-up leads to a local tuning of global parameters. The parameters of a controller
are set using local information from the process. Such a setting should be used with care
because in another working area this might cause undesired behaviour.

4.6.2 Supervision of PID control using fuzzy sets

In the previous section, a local tuning concept for conventional (SISO) PID control was
described. To obtain a tuning concept of local PID controllers a fuzzy PID supervisor
was developed which uses a conventional PID controller as a basic algorithm, which is
supervised by a fuzzy decision algorithm to tune the parameters of the algorithm [Nauta91].
An advantage of the controller with supervisor is that in the case of the malfunctioning of
the supervisor the entire system will fall back on the original PID controller. This offers a
backup controller and a fail safe algorithm. Therefore better conditions have been created
for performing real-time use with the supervised PID controller. By continuously changing
the parameters during control, a time-dependent nature of the controller is effectuated.
This gives some very important improvements:

e a performance improvement, because of the dynamic behaviour of the parameter
settings of the controller.
e the controller with supervisor offers a better interface to the user and his wishes.
e a better adjustment to changing process parameters.
Because the parameters are adjusted during a transient response, the supervised PID
controller is strongly nonlinear.

The nominal settings of the PID controller (figure 4.13) are Zo = [Py, Io, Do), and have
to be chosen by the user as a set of safe parameters’. The fuzzy controller adjusts
these settings dynamically by adding A = [Ap,Ay,Ap] to the nominal settings (see
figure 4.14). The resulting direct expert controller is a combination (addition) of the two
control mappings generated by the conventional controller and the fuzzy controller.

Performance index

The performance of the system is evaluated by a supervising knowledge-based system
which uses a similar structure as the basic direct controller. Its knowledge-based system
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Figure 4.13: Scheme of a PID controller with a (fuzzy) supervisor. The autotuning device
is a mechanism to modify the rules.

M

EE.S.

N,

A +Xt Z

Figure 4.14: Configuration of the fuzzy PID controller. The input vector . is normalized
using Ny. The fuzzy expert system (FE.S.) produces an output Y, which
after scaling N results in an update A of the parameter vector.
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is based on the requirements posed by the process and the aim and wishes of the operator.
The fuzzy rules are of the the form IF A (antecedent) THEN B (consequence), in which
A refers to fuzzy sets on the different objectives (criteria such as overshoot, undershoot,
steady-state error, different integral criteria, etc.) and B refers to fuzzy sets on the utilities
(qualifications). The objective of the control system is expressed in rules. An example of
such a rule is:

IF overshoot is SMALL

AND rise time is MEDIUM

AND the ITAE criterion is SMALL
THEN performance is GOOD

The values for the utilities k are determined using inference techniques. This fuzzy
value is denoted as p.,, (ux). The utilities can be expressed by using a mark -, e.g.
BAD = 1, SATISFACTORY = 3, EXCELLENT = 5 etc. The final performance index
Py is calculated using a weighted sum rule:

5
Z Houy, (uk )7k
k=1

! 42)
Z Huy, (uk)
k=1

Pr =

The inference mechanism determines the operative rules and calculates the resultant fuzzy
performance using a weighted sum rule.

The automatic tuning facility offered by the program is based on a number of standard
settings of the supervisor. These settings are based on the process characteristics. If
the standard settings do not lead to a satisfactory behaviour, the operator can induce
optimization of the settings. Then, it aims at optimizing the performance index which
involves a self-chosen criterion. Figure 4.15 depicts this tuning process: One of the most
important research areas is the development of heuristic rules to tune the supervisor in an
efficient way. Optimization is now performed by a simple optimization strategy, using
variable step sizes in various directions.

Experiment 1
In this experiment, the fuzzy PID supervisor is used to control a linear second-order
process which is described by the following transfer function:

1.0

@7 1)(6s + 1) “3)

H(s) =

The controller is given an initial set of parameters given by Ziegler & Nichols like tuning
rules: Pp = 6; Iy = 0.35; Do = 15; T, = 0.2; Uppae = 15; Upin = —15.  When we
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Figure 4.15: Schematic view on the automatic tuning principle of the fuzzy supervisor.
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Figure 4.16: Results of experiment (a) without supervisor and (b) with supervisor. The
dotted line is the process output and the solid line is the set point value.
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Figure 4.17: Result of two different step responses with the fuzzy PID supervisor. The
upper figures show the output (dashed line) and the reference signal (solid
line). The lower figures show the corresponding control signal.

observe the behaviour of the controller without the supervisor for a step response from +9
to 46 we see a rather large overshoot in the response (see figure 4.16a). The performance
index of this experiment is 2.06. The results of the same experiment but now with the fuzzy
supervisor is depicted in figure 4.16b. The performance index has now been increased to
3.0. It is interesting to observe that in this case a completely nonlinear type of control is
obtained. When we apply the supervisor to a positive step from 0 to 3 and to a positive
step from O to 5 we obtain the result depicted in figure 4.17. The absolute values of the
overshoot are almost the same. In case of a linear controller the percentage of overshoot
would have been the same, but not the absolute values.

Experiment 2

This experiment is set up to illustrate the autotuning capabilities of the fuzzy supervisor.
We took the process described in experiment 1 and carried out a step response from 0 to
+10. In figure 4.18 the result of the autotuning step is depicted. The objective of the
autotuner was given by the user: decrease the overshoot and decrease the ITAE criterion.
The rule base in the autotuning part used fuzzy logic to change the knowledge bases (e.g.
the membership functions) of the fuzzy PID supervisor, with the desired result.

Evaluation

The configuration presented in this section has the advantage of combining a conventional
control strategy and a heuristic. By careful knowledge acquisition, a knowledge base
can be defined which improves the performance of the conventional controller. However,
extracting that knowledge is not straightforward.
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Figure 4.18: Effect of autotuning (dotted line) on a step response of the system with equal
initial conditions. The original response is given as the solid line.

The use of tuning rules has the same problem. Acquisition of knowledge is the bottleneck,
although, from experiments shown in this section it can be concluded that good results can
be obtained. The advantage is that, at two levels of control, knowledge about the system
can be brought in.

4.6.3 Supervision of a predictive controller

The third possibility in indirect control is based on the use of advanced controller strategies,
such as adaptive and predictive control algorithms, where a number of parameters have to
be preset by a control engineer and to be tuned or supervised by an intelligent system. A
few parameters are, however, strongly related to the system requirements and should be
tuned by the operator. These pzrameters represent the key parameters in a control loop
design, such as bandwidth, overshoot and noise reduction. They can be interpreted as the
controller knobs of the controller and are translated to parameters inside the controller
algorithm which can be completely irrelevant to the user. A knowledge-based system
forms the natural link between the idea of the control system designer as to how the
system should behave and the mathematical description of the process. Using the correct
calculations and heuristics, it sets the right parameters of a controller or chooses the right
controller configuration.

Over the past decade, a number of advanced adaptive and predictive control algorithms
have been developed. They can be easily implemented in a real-time environment on the
level just above the direct digital control level. The number of practical applications of
these algorithms is, however, rather restricted because:

e little attention has been paid to simple tuning rules for the relatively large number
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of parameters to be set either a priori or during process operation,

e the robustness of the controllers is sometimes rather poor because of the lack of
sufficient and appropriate jacketing of the controller algorithm.

It is very important to pay attention to these points, and provisions should be provided by
a supervisory and tuning system to support the control engineer and operator.

In this section, a tuning device for such a predictive control algorithm, the Unified Predic-
tive Controller (UPC) [Soeterboek90a], is described.

Unified Predictive Control

The Unified Predictive Controller (UPC) [Soeterboek90a] is an example of an IMC control
structure (section 3.2.2) based upon a predictive control strategy. The UPC unites a large
number of predictive control algorithms presented in literature in the past decade. By
choosing the right set of parameters, a specific algorithm can be chosen which exhibits
certain advantages and disadvantages for a given process. This feature can be interpreted
as a Control-Law Selector. The selection can be performed off-line during the initialization
phase. Reconfiguration can be performed on-line depending on the results of the Control-
System Assessor, which evaluates the performance of the system and compares the results
with the requirements set by the operator. Fine-tuning of a number of parameters is
performed in order to adjust the parameters such that the control requirements are fulfilled.
An additional option involves the redefinition of the requirements via a dialogue with the
operator when the requirements can not be met or could be made tighter.

Predictive controllers are based on a prediction of the future behaviour of the process
output as is illustrated by figure 4.19. Suppose the current time is t = k and u(k), y(k)
and w(k) denote the controller output, the process output and the desired process output
at t = k, respectively. Further, define

w = [u(k), -, u(k + Hy, — 1)
§=[k+1),-, 9k + H)"
w = [w(k +1),---,w(k + H,)]"

~

where H, is called the prediction horizon and the symbol " denotes estimation. Then,
a predictive controller calculates such a future controller output sequence u that the
predicted output of the process ¢ is ‘close’ to the desired process output w. This desired
process output is often called the reference trajectory. The first element of the controller
output sequence (= u(k)) is used to control the process. At the next sample, the whole
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Figure 4.19: The predictive control strategy. (Adapted from [Soeterboek90a])

procedure is repeated using the latest measured information. This is called the receding
horizon principle.

The process output is predicted by using a model of the process. In UPC the following
model is used for this purpose.

7 “Bl(g™")
A(g™)

in which g~ is the backward shift operator, d is the time delay in samples (d > 0) and e(k)
is a discrete white noise sequence with zero mean. A, B, C and D are polynomials in ¢!
with degree n4, ng, n¢ and np. respectively. Further, A, C and D are monic. Note that
the model unifies familiar process models such as ARIMAX (Auto-Regressive Integrated
Moving-Average) and FIR (Finite Impulse Response) models. The parameters A, B and
d can be estimated by using a least-squares method yielding A, Band d. The polynomials
C and D are usually not estimated but are used as design parameters [Soeterboek90b].
Often C is denoted as T while [ denotes the estimated D polynomial which is a design
polynomial.

y(k) = ulk—1) + ﬂl)—_l)em

D(q7')A(q

A criterion function is used in order to define how well the predicted process output
tracks the reference trajectory. In the UPC controller the following criterion function is
minimized subject to the constraint (4.5):

J= Y [Pj(k+i) - Rk + i) +

+=H,
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Hy—d

+p Y [%u(k +i— 1)} (4.4)

=1
NAPy(k+i—1)=0 1<H.<i<H,—d (4.5)

where A = 1 — ¢g~!. The parameters H,, H, and H, are called the prediction horizon,
the minimum cost horizon and the control horizon, respectively. Further, P, R, @Q,, Q4
and N are polynomials in g~!. Finally, 3 is an integer variable > 1 and p is a weighting
factor > 0. Now, the controller output sequence u is obtained by minimization of J with
respect to «. It is shown in [Soeterboek90b] that if the criterion is quadratic and the model
is linear, there is an analytical solution to the minimization problem.

Rules of thumb

As a result of the unified approach, UPC has many design parameters among which
polynomials. In [Soeterboek91] rule of thumb methods are discussed that can be used
to select initial settings of all parameters. These methods are based on a model of the
process and the requirements on the closed-loop system such as the rise time of the step
response and the steady-state behaviour. These rule of thumb methods can be summarized
as follows:

H, = int(t,(5%)/T,) where t,(5%) is the 5% settling time of the step response of the
(continuous) process, T, is the sampling period and int(.) is a function that converts
a real value into an integer.

H,=d+1.
Hc:nA.

B = max(max(p,r) — n,1) where r and p denote the type of the reference trajectory and
the disturbances (r = 1 denotes a constant trajectory, r = 2 denotes a triangular
trajectory and so on) and n denotes the number of integrators in the process.

p = 0. For this value for p, @, and @ can be taken equal to 1.

D = PA®,
.

A.
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P =1—oaq? where a = e 23T+/% and ¢, is the desired rise time of the closed-loop
system. The reference trajectory is in this case equal to the set point (hence,
w = [Sp,---,5p]T). Note that in [Soeterboek91] a second-order trajectory is
suggested. However, for simplicity a first-order trajectory is used.

R = P(1).
N =P.

It has been shown in [Soeterboeck91] that by using the above-mentioned rule of thumb
methods, the servo behaviour and the regulator behaviour can be tuned independently by
P and T, respectively.

Selecting the UPC design parameters by using the rules of thumb usually yields a response
that is quite acceptable. However, in some situations, fine tuning may be desired especially
if the process is different from the model. It is argued that the following parameters can
be considered as fine tuning parameters: P, T', p and H.. Note, however, that by changing
P the parameters R, N and D also change.

Knowledge-based tuning

In the previous section a description was given of the design of Unified Predictive Con-
troller (UPC) is designed. A large number of parameters which are difficult to select
by a novice user of the algorithm were defined. However, based on many experiments
and backed by the knowledge of relationships between process and controller parameters,
much information has been built up on the tuning of the controller parameters for different
situations. This knowledge is used partly to initialize the controller and partly to supervise
and tune the controller on-line. This supervision logic is based on shallow reasoning
(heuristics) and deep reasoning (design) as well. To develop an intelligent tuning device,
we have to develop a knowledge base which contains both deep and shallow knowledge.

One of the main problems in using expert system technology in control is the time de-
pendance of the information. It is essential that during the tuning phase of the system all
decisions and conclusions are stored, such that the system can learn from its behaviour.
Therefore, the system has been extended by the inclusion of state information of the
process. State information about the previous inference cycles and the decisions made are
stored in a state. This state information is necessary to avoid problems when using the
knowledge base. Without state information cyclical actions would be initiated without
improving the performance. A hierarchical tuning concept has been developed to imple-
ment this reasoning method. At each level the system focuses on another subject. Level 1
concentrates on the decisions as to whether the system meets basic stability requirements
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then so the system proceeds with the actual tuning and if not so the problem of stability
requirements is solved immediately. Level 2 decides about the strategy for the tuning
procedure, which requirement has to be focused on (overshoot, speed, accuracy etc.). The
other levels are used to decide about the actual tuning algorithm. At the lowest level of
reasoning, a decision is made about the change of a specific UPC parameter, coupled to an
external routine. Each inference cycle, the system can use the state information to decide
whether the previous action of the tuner has been successful or not.

Knowledge sources

The knowledge base consists of several knowledge sources which can focus on a specific
area or parameter. Such a knowledge source contains the knowledge to solve a very
specific problem. One can imagine that knowledge which is very appropriate to solve
stability problems is not suitable to perform the optimization of the controller parameters.
The main knowledge sources are:

o defaults: this knowledge source provides initial values to the controller algorithm
according to some knowledge about the values of process parameters. When no
information about the process is available a default set of parameters for a worst
case situation is used;

o stability: this knowledge source focuses on stability. Whenever stability problems
arise, detected by the Control-System Assessor, they have to be solved immediately.
The first decision that has to be made is whether a previous change of a parameter
caused the problem or not. If true, this change will be cancelled. When the problems
are not solved quickly, a major change in some of the essential controller parameters
is made to increase the stability and robustness of the control loop;

¢ requirements: this knowledge source contains the knowledge about the relation
between the controller parameters and the required performance given by the user.
Most of the requirements are given in the time domain (overshoot, settling time,
rise time etc). This knowledge source is split into modules, related to the mode of
operation (set point tracking or disturbance rejection);

¢ optimization and redefinition: this knowledge source can be used when all re-
quirements are fulfilled and an even better performance is possible.

In general, we can say that the knowledge sources have been developed to mimic the way
the actual designer of UPC would focus on some specific problem area and tune the UPC.
This tuning procedure can be seen as an optimization procedure which is orchestrated by
an expert system.
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Knowledge acquisition

The knowledge for the UPC tuner was obtained by using a very generally applied tech-
nique: interviewing the expert who developed the UPC algorithm. An extensive interview
with this person gave us some insight into how he would tune the controller under certain
circumstances. Moreover, a number of experiments on different processes have confirmed
this expertise. In several refinement steps, this knowledge was updated until there was
very little difference in the actions obtained by the expert and by the expert system. The
total knowledge base consist of approximately 160 rules.

Control-System Assessor

The knowledge base uses very specific process information like overshoot, rise time,
settling time, variances etc. Therefore several external routines were written to collect
this information from the (simulated) process. As soon as the information is available and
the requirements given by the user are not met, the expert system is triggered to solve the
problem using the actual process information.

Control system requirements

The requirements of the user are given to the system via a dialogue using a special
knowledge source. In this dialogue the user can give the requirements for the control
system in the form of fuzzy sets which allows the user to distinguish between wishes and
constraints. Constraints must be met, wishes should be met if possible. The shape of
the membership functions expresses both the type of requirement and the tolerance on the
required behaviour. In figure 4.20 an example is given to express the required overshoot

“{o #o

soft constraint hard constraint
- O(%) 4 6 "0(%)
(a) (b)

Figure 4.20: Membership function po for the requirements for the overshoot O, for the
expression: overshoot is good (po). Figure (a) depicts a soft constraint
using a membership function, figure (b) depicts a hard constraint.

of the system. The membership function in figure 4.20a describes a soft constraint on the
required overshoot O = 5%. In figure 4.20b a harder constraint with a lower boundary for
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the tolerance put on O is depicted. The dotted line could be used to express an absolute
constraint (e.g. a Boolean expression).

The requirements are given for servo behaviour as well as regulator behaviour:

- maximum overshoot

- maximum rise time

- maximum settling time

- maximum output variance

Note that most of these values are given in the time domain which is closely related
to the way an operator 'thinks’ about a process. The total performance of the control
signal is a combination of the individual requirements. The user can described 7 sets: NB,
NM, NS, AZ, PS, PM, PB. The system can also work with a single description of the set
AZ, from which the other set are generated automatically.

Tuning parameters

In order to meet the requirements given by the user, some of the UPC parameters can be
tuned. It is possible to tune all parameters of the algorithm, but the knowledge of the
expert showed us that only some crucial parameters of the algorithm are used to change
the overall performance of the system. The parameters which can be tuned are: H,, pand
polynomials T'(g~?) and P(g~"). The parameters of the model are kept constant during
the tuning procedure.

Implementation

The actual expert system tuner of the UPC has been implemented in a real-time environ-
ment;: MUSIC (MUltipurpose SImulation and Control) [Cser86]. This is a block-oriented
program for simulation and control. MUSIC is used to simulate the process and to imple-
ment the external routines for the expert system to gather information about the process.
After simulation, the simulated process can be replaced by the real process.

The knowledge base is implemented using the commercially available expert system shell
G2. This is an object-oriented program with a very enhanced user interface to edit and
update the knowledge base. The expert system can be accessed by using the GSI modules,
which can access every variable and object of G2. Both tasks, expert system tuner and
the control loop, can send information to each other and receive information from each
other. The separation of the expert system and the control loop guarantees the real-time
behaviour, which is handled by MUSIC in this set-up. The simulation task is used to
trigger the expert system in an event-driven way. As soon as information is available, a
logic flag is set in the simulation. The information is send to-the mailbox and triggers the
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expert system, and a session is started to reason about the information. The user interface
consists of two parts. The first part is the operator and display window of MUSIC. Via this
window parameters of the algorithm and the process can be set directly . The second part
of the user interface is the expert system window. This window prompts for the essential
information from the user about the process and his demands and requirements for the
performance of the system.

Experimental results using UPC supervision

The complete tuning configuration described in the previous chapter has been tested on
several processes, with different characteristics. In this section, an example is given of
such a tuning experiment.

The process to be controlled is a fairly simple linear process described by the transfer
function:

Ke-Tas e
Hie)= (s +1)(sma +1)  (10s+1)(85+1)

(4.6)

The tuning experiment now starts by a session in which the system asks for a priori
information of the process. When this information is not available, default settings are
used. We provided the system with an initial set of information:

the open-loop process is stable

the open-loop process has no integration
the sampling time is 1s

the reference signal is a block signal

the open-loop process is well damped
there is measurement noise

the process exhibits delay time

Nk L=

The requirements of the user to the controller are given in the time domain. The servo
performance requirements are criteria related to a step response:

( maximum overshoot ) < ( 12% ) 4.7

maximum rise time 8s

The expert system uses the initial set of process information and the appropriate knowledge
source to produce an initial parameter set for the UPC controller. Some of these parameters
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were determined using a second-order model close to the process to be controlled. This
model is also used as prediction model by the UPC. The model chosen is:

_10.029027" 4 0.026922

H(z™') =
(#7) =2 {175,717 0.799,2

(4.8)

Note that the only mismatch between the model and process is a difference in time delay.
The complete set of initial parameters for the UPC is chosen as follows:

H, \ 14

H, 1

H, 2

p 0

J¢; 1
T(g') | =1 (1-1.79¢7! +0.799¢72) 4.9
R(q™) 0.394
P(g™) (1 —0.606g7")
D(q™) (1-0.606¢7")(1 - ¢q7")
Qn(q_l) 1
Qa(g™) 1

Determining ¢,(5%) and using rules of thumb (see section 4.6.3) H,, was determined to be
41. However, experiments show that a value of 14 is sufficient, because the closed-loop
system is much faster. To increase the robustness of the system, the value of H, was
chosen equal to 1. Further, in order to show the tuning procedure, ¢, was selected equal to
4.6s. In figure 4.21, the step responses obtained when using this initial set of parameters
are given. The obtained results of the control loop with respect to the user requirements

are:
overshoot 20%
( rise time ) - ( 10s ) (4.10)
These results did not meet the requirements and thus the fine-tuning procedure was started.
It was decided that to meet the requirements it would be useful to vary the control horizon
H, and the polynomial P(q™'). Actually, the tuning reduces to the variation of two

parameters: H, and ¢,. In figure 4.22, the results of this tuning experiment are shown. At
the end of the tuning procedure the controller has the following set of parameters:

H, 2 ‘
( R(q™) ) = ( 0.154 ) (4.11)
P(g™) (1—0.846¢71) -
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Figure 4.21: Result of UPC control with default settings. The upper figure shows the set
point w(k) and the output y(k). The lower figure shows the control signal
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Figure 4.22: Results of the tuning procedure. The upper figure shows the set point w(k)
and the output y(k). The lower figure shows the control signal (k). The
moments of tuning are indicated with a *.
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Note that P corresponds to t, = 13.8s. The performance is given by the following
numbers:

( overshoot ) _ ( 10% ) 4.12)

rise time 8s

The results of the tuner were compared to the results obtained by the expert. It appeared
that he came up with a set of parameters which were comparable and lead to almost the
same results. Note that for the given requirements there is no unique solution.

Summary

As has already been mentioned, the user interface gives the user the possibility to express
wishes and demands in a straightforward way by using membership functions. During the
reasoning and tuning procedure, these sets are used to generate an extended number of sets
defined on other linguistic interpretations of the requirements (e.g. small, medium, large,
etc.). These sets match the inference rules which are implemented for tuning purposes.

It is very well possible to speed up the tuning of the system considerably by using a heuristic
tuning procedure. In combination with an enhanced user interface, this approach is very
well suited for practical implementations. The tuning procedure, however, can end with a
limit cycle in adaptation of the parameters. Then a numerical (background) optimization
could offer a solution. The concept, however, is suitable for all kinds of advanced control
strategies and, in practice, would extend the applicability of these approaches.

4.7 Evaluation of symbolic AI methods in control

In the sections 4.2 and 4.3, requirements for a real-time intelligent control environment are
given. The important parameters for real-time intelligent control are: progressive reason-
ing, blackboard communication, multivalued logic, focus of attention, etc. Within such a
framework, both direct (section 4.5) and indirect control configurations (section 4.6) can
be implemented using symbolic Al techniques.

The main principle of these Al-based methods is that, in contradiction to classic linear
control theory, a nonlinear mapping between the measurement space (introduced in sec-
tion 3.1) and the control space is used. When using symbolic Al techniques, we are aiming
at explicitly describing some points in this mapping, using a linguistic description. For
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this control scheme the normal analysis tools such as root loci, pole-zero locations, etc.
can no longer be used.

The second possible principle is the use of a conventional control scheme as the basis
of our knowledge-based control system. The measurement space is divided into two
subsets: (a) the space needed as input for the (conventional) control scheme and (b) the
extended space which is used for the knowledge-based system to change the parameters of
the controller. When the controller is a linear controller, normal stability and robustness
analysis methods can be used for the direct control loop. For nonlinear systems, however,
the same problems arise.

A general multilevel rule-based controller, with multiple knowledge sources has been de-
scribed. Based on a phase-plane approach, both acceptable servo and acceptable regulator
behaviour can be reached which results in a nonlinear control approach. The precision is
increased by the introduction of a zoom mechanism around the set point to be achieved.

When indirect approaches are introduced, the controller mapping to be implemented is
described basically by the underlying (linear) control algorithm. The controller is adapted
by modifying its parameters which are either based on each new measurement or on long-
term information. The choice for one of the approaches is based on the a priori knowledge
available about the system and the degree of nonlinearity of the system to be controlled.

Using direct intelligent methods, arbitrary controller mappings can be implemented. The
precision which can be achieved depends on the number of classifications put on the
variables which set up this mapring and the rules which describe the relations. The shape
of the membership functions and the fuzzification, inference and defuzzification procedure
determine the final mapping obtained. Whenever a mapping has to be described more
accurately, the number of classifications can be increased.

For indirect intelligent control methods, the basic structure of the control mapping is
described using a conventional method, for example a PID controller, or a predictive
controller. The only possibility to modify the shape of the controller mapping is to modify
the parameters of the algorithm, but this is a limited possibility. The advantage offered
by these methods, however, is that they suit the human way of thinking about a control
problem. Instead of making a control mapping directly, a mapping (translation) is made
between the numerical details of the system and the heuristic indicators of the behaviour
of a controller. These indicators are then used to modify the controller. At this level, the
use of symbolic Al is the solution to complicated control problems that is the most natural
to human interface users.
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Learning

The (fuzzy) rule-based controller described previously is able to handle various practical
nonlinearities in SISO systems. The problem of tuning the controller properly has been
shifted from tuning the parameters of a more classic type of control towards the choice
of the membership functions and the rules in the knowledge base. Experiments have
shown that this type of control is rather robust. The results for simple systems, exhibiting
nonlinearities, are highly insensitive to the choice of the membership functions and also
to the number of functions. In critical situations, with highly nonlinear systems, the
positioning of the membership functions is more critical. One of the possibilities is to
obtain the rules directly from people who are used to operating the system manually. The
other possibility is to add learning facilities to the expert system.

When looking at the precision that can be obtained, it is clear that it depends on the
number of classifications put on the (input) variables of the expert system. Learning in
this type of control yields the adaptation of the rule base, e.g. its classification procedure
(e.g. membership functions), the number of classifications, decision procedures, etc. By
no means is this an easy task. In many cases, it is not known which relations should be
modified to achieve the desired result. Learning methods to update the rule base have
been applied in Self-Organising Control [Procyk79] (SOC) or other forms of supervised
learning (for example by using neural networks). Other methods are based on random
search methods for rule selection like genetic algorithms [Goldberg].

Bottlenecks

Many of the (rule-based) direct intelligent control applications are based on a description
of the system in a PID related way as described in the previous sections. In many cases, this
is sufficient to solve existing problems because *normal’ PID controllers are implemented
in a linear way. By adding rule-based capabilities, a nonlinear PID controller can be
implemented, which adds extra possibilities to solve the control problems. However, the
main problem is still apparent: What is there to be done when the nonlinearity is not
related directly to the error signal and its derivatives? In that case, a description using a
phase plane approach is not sufficient and an extended space has to be used to describe
and solve the problem. Rule-based systems allow for an easy extension of the input space
of the controller. As an example, the value of the set point level can be taken as an extra
input signal for the controller. This set point level is a classification of the working area of
the control system. Thus for various working areas a (nonlinear) PID type of control can
be implemented, by interpolation between various linear PID controllers. Of course, this
extension only offers a solution when the nonlinearity in the system depends on the signal
level. Whenever knowledge about the nonlinearity is available (e.g. which signals are
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involved) this information can be used to create an extended input space for the rule-based
controller. Obviously, this procedure leads to an extended rule-base which has to be filled
in. In doing this, a higher claim is put on the knowledge acquisition phase of the system.
Again: learning becomes a crucial item.

The application of rule-based direct intelligent control offers the possibility to introduce
heuristics at the lowest level of control. A control system based on this principle is
rather robust and insensitive to disturbances from outside the system. Nonlinear system
behaviour, however, can easily lead to the necessity to introduce an extended input space
for the controller and the result is a high dimensional space, which has to be filled in by
(fuzzy) rules. If high precision is required, a higher number of classifications have to be put
on the input variables, again leading to a higher dimension of the input space. Combining
these two effects, (a) the precision required and (b) the number of variables involved,
confronts one with the dilemma that the application of rule-based direct control can easily
lead to high dimensional mapping of the input space of the controller to the output space of
the controller. This contradicts the basic principle involved in using linguistic descriptions
of a control problem, which is the use of only low number of quantizations.

Conclusion

Symbolic Al methods are proper tools to implement alternative control strategies. The
interfacing between the user’s thinking model and the control algorithms is an attractive
property. However, when high dimensional mappings which are difficult to fully describe
by rules have to be learned automatically, problems arise. Either learning facilities have to
be brought into the system or a (very) high number of classifications have to be introduced
in the system. This contradicts the principle of rule-based control, where knowledge is
brought into the system by using symbolic knowledge description (e.g. rules).

4.8 Conclusions

In this chapter the use of real-time expert systems for control purposes has been introduced.
It appears that special architectures and features are necessary in order to be able to handle
accurately the real-time problems within a knowledge-based environment. The use of
blackboards allows the introduction of multiple knowledge sources which can operate
at different time scales. Each knowledge source can have its own view of the (control)
problem to be solved. Experiments have shown that careful supervision to introduce
structural adaptations during control is necessary and possible.
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In direct rule-based control, the precision which can be achieved is determined by the
number of symbolic qualifications used to describe the input space. These symbolic
qualifications can be obtained from signal descriptions (error signal, derivative of error
signal, etc.) and structural information of the process (time delay, order, etc.). In general,
the symbolic description of the input space of the control problem invokes quantizations
which are rather rough in comparison to those of “normal’ or ’classical’ control systems.
The adaptation of knowledge is a key problem in the applicability of these kinds of
control. The knowledge base has to be complete, which is very hard to guarantee for
(partly) unknown systems. Stability of this kind of systems is hard to prove, because the
overall behaviour of the control system cannot be described in an analytical way. However,
stable and robust behaviour is observed in the experiments.

The use of a knowledge-based system for tuning purposes relies on the stability of the
underlying control algorithm. The key parameters of the algorithm are tuned according to
performance criteria imposed on the behaviour of the controlled system. The input space
of this kind of control problem is set up by feeding in all (measurable) signals and related
performance measures. The key parameters of the algorithm are kept constant for longer
intervals and, therefore, the quantization of the input space is infinitesimally small and
determined by the accuracy of the computer. As soon as one of the key parameters of the
algorithm is changed, we face the necessity to use the same approach as is used in direct
knowledge-based control where rough quantizations are used.

Special measures must be taken to cope with the influence of time in the reasoning process,
especially to avoid a deadlock situation in the tuning of the parameters. The system must
store historic information about previously taken adaptations.



ANN for
identification

5.1 Introduction

An introduction to subsymbolic was given in chapter 2 Al techniques. These techniques,
based on the functioning of the human brain, appeals to the idea of black-box modelling,
using biologically inspired models of the human brain. When using these models, tools
are provided to implement arbitrary complex functions. No explicit knowledge is needed
to apply these techniques, in contrast with that which is necessary in the application
of symbolic Al techniques based on logic. In symbolic Al systems, the knowledge is
represented explicitly, for example by using production rules.

In a subsymbolic approach, a relation is not explicitly given, but coded into a network
structure. Given an input (vector), an output (vector) is produced by using the control
algorithm of the neural network involved (which can be a relatively simple feedforward
calculation). The main characteristic is the learning ability of such networks (via weight
updating).

In chapter 2, it was mentioned that there are many types of neural networks, with a wide

109
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variety of topologies, control and learning strategies. In section 5.2, the mathematical
concept of a neuron used to construct Artificial Neural Networks (ANN), both static and
dynamic, as discussed in section 5.3 is given.

The use of neural networks as universal function approximators is highlighted in sec-
tion 5.4. The choice of network type depends on the degree of generalization required.
For control purposes like modelling and control, we want networks which produce contin-
uously valued outputs. For this reason, a number of neural network architectures are out
of the scope. The second limitation to the neural network architecture is the learning mode
required. In adaptive and learning control systems, the ability to learn from experience is
crucial. For example, in a modelling application, we want to update the weights of the
network using the difference between the predicted process output and the actual process
value. Therefore, besides a continuously valued neural network, we also need a supervised
type of learning. The last demand on the network is the environment, which is described
as a discrete time system.

Given these restrictions (continuous, supervised and discrete time), a number of local and
global generalizing networks are described in section 5.6.

In section 5.5, identification using ANN is described, focusing on the type of models used.
The problem of learning is addressed in section 5.7, where the connection with classic
identification is discussed as the basis for further experiments. A fast heuristic weight
adaptation scheme is given in section 5.8, which avoids a number of common problems
in the use of ANN.

In section 5.9, a new concept is given which uses hybrid structures for identification. The
results of the application of this concept are promising and can be used as the basis for
further research. Experiments which compare the results of various approaches are given
in section 5.11. Finally, an evaluation of the comparison and some conclusions are given.

5.2 Description of artificial neurons

The basic description of the elements of artificial neural networks has been given in
chapter 2. This artificial neuron is the McCulloch-Pitts neuron which is defined by a
weighted summation and a nonlinear function. This description is a subset of a more
general model for an artificial network, which covers a large set of other models (like
the Perceptron [Rosenblatt61] or the adaptive linear element: Adaline [Widrow60]). An
artificial neuron is defined as an arbitrary composition of three elements [Hunt92}:

¢ a weighted summation of the inputs

¢ a linear dynamic system of the SISO type
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¢ a (nondynamic) nonlinea- function to transform the output of the SISO dynamic
system into an output signal

An artificial neuron model includes both static and dynamic neurons. Static artificial
neurons are defined as artificial neurons in which the linear dynamic system is reduced to
a transfer function H,(s) = 1. All other choices for the dynamics of a neuron leads to
more complex behaviour of the neuron itself.

Definition 5.2.1 Artificial neural networks are defined as (an) arbitrary combination(s)
of one or more artificial neurons.

Definition 5.2.2 A static neural network is built up using artificial neurons which include
no dynamics at the neuron level, and no feedback connections.

Definition 5.2.3 Dynamic neurcl networks are networks which are not static, e.g. memory
is included in the network (by using either dynamic neurons or feedback connections).

ynlil __>

yn,iN——>
Sni Tn,i Yn,i
@ by Hy,i(s) O
Un,il —

.

un,i)ll——>
e

Figure 5.1: Basic mathematical model of the i-th artificial neuron in a network. The index
.n Is used to indicate that a signal or variable is related to an artificial neuron.

In figure 5.1, a description is given of a possible description of a dynamic artificial
neuron. Many artificial neural networks known from literature can be described using
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this description [Hunt92]. One should be aware of the fact that other configurations are
possible, for example, they can be obtained by changing the order of the dynamic part
and the nonlinear element. The transient behaviour of the neuron in figure 5.1 can be
described in the time domain. The input vector z of this neuronis a (N + M +1) x 1
vector. This input vector can be decomposed into :

% = [Un1' " Yn,N Un1* - UnM 17

This notation can be seen in analogy with ‘normal’ (linear) system theory. The result of
the summation can now be described as:

N M
8ni(8) =Y Gnijyn () + > bniktine(t) + dn s
k=1

i=1
The weighted sum s,,; is given as a function of the outputs of all elements y, ; in the
network, the external inputs of the network u,, x and the weights @, i, bnix and dy ;. The

index .,, is used to indicate that a signal or variable is related to an artificial neuron. For
N elements these elements s,,; form a vector s,, which can be written in matrix form as:

sn(t) = Apy,(t) + Boun(t) +d,

in which A,, is a N x N matrix, and B,, a N x M matrix.
The dynamic part of the neuron can be written in the Laplace domain as:

mn.i(s) = H,i(8)sn:(s)

where z,,; denotes the state of neuron i. Many choices can be made for the transfer
function H, ;(s). One of the most generally applicable transfer functions is given as:

1
H,(s) = ———
(s) aps +

which corresponds to a time domain description:

1 a
ha(t) = = exp(—;it)
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The dynamic part of the behaviour of a neuron can be given as:

Tni(t) = aio{sn,i(t) — onZni(t)}

Of course, many other transfer functions using higher order dynamics can be used, but in
the literature no clear advantages of these dynamics is found. In this thesis only discrete
models are considered. The discrete time description of the dynamic part of the behaviour
of an artificial neuron is given as:

nsllh 1) = - {oni(k) — czni(K)}

5.3 Artificial Neural Networks

Artificial Neural Networks (ANN) are constructed by interconnecting artificial neurons.
The components of the artificial neurons (summation, dynamics and nonlinear transforma-
tion) can be combined in numerous ways. To give an example a network can be constructed
in which all neurons are static. Then the total behaviour of the artificial neurons can be
described by a set of algebraic equations:

Zn(t) = Any, () + Buttn(t) + d,,

Y. (t) = g(zn(t))

5.1

in which z,, is a vector of N elements. Another possibility is to have neurons which all
have a first order behaviour Hy(s) = 7. Then a network can be described by a set of
differential equations:

En(t) = —2n(t) + Any,t) + Brua(t) + d,

Y.(t) = g(zn(t))

(5.2)

The most important parameters "o describe a network are the interconnection matrix A,
and the dynamic part of the neuron described by H,,. The nonlinear part of the artificial
neuron can be chosen free. A common choice for this function is a differential, step-like,
zero-mean function, like the tangent hyperbolic function. For binary decision problems,
non-differentiable, step-like functions like thresholds are more appropriate. Using these
three ’parameters’ the main networks types in the literature can be described.
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An infinite number of network types can be constructed, using various choices for A,
and, for example, a different transfer function for every node in the network. Such fully
interconnected networks, in which every node has a connection to all other nodes, are
seldom used. It is also very uncommon to use a different transfer function for every node
(e.g. artificial neuron) in the network.

A very well-known method to bring some structure into a network is to organise it in
layers. In such a network some of the connections (elements of matrix A,,) are left out.

5.3.1 Static multilayered feedforward networks

Feedforward networks are networks in which a neuron in a layer receives its inputs only
from neurons in the previous layer. The first layer receives its inputs only from the network
inputs. No feedback is involved in the network.

As described in section 5.2, static ANN networks use neurons in which H.(s)=1. To
construct a feedforward type of network, a special form for the interconnection matrix An,
has to be made. As an example, a feedforward static three-layered neural network has
been taken, in which every layer has N neurons:

zn (1) Y, (t) un’ () d.'(t)
22(t) | = An | 9a2(8) |+ Bn | ua’(t) |+ da¥(t)
wn3(t) Y. (t) un’(t) d.’(t)

In this equation the superscripts correspond to the layer in the network. The interconnec-
tion matrix A, has a special form and is given as:

Onvy Oyy Oyy B.! Oxym Onm
A,=| A2 Oyy Oyny | and B, = | Ony Onm Onm
Ony A,° Onn Onnm Onm Onm

in which Oy is a N x N zero matrix, Oy is a N x M zero matrix, A, %and A,° are
N x N weight matrices and B,,! isa N x M weight matrix.

5.3.2 Dynamic networks

In previous sections the fundamentals of artificial neural networks have been given. In
this section, dynamic neural networks are described, using the dynamic behaviour of
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artificial neurons. The main characteristic of such networks is that, due to the feedback,
the network has (several) stable points. One of the stable states of such a network is given
by the description of networks built up by neurons with a transfer function H,;(s) = 1.
The general equations for dynamic networks are:

En(t) = F(zn(t), un(t), On)

Ya(t) = G(zn(t), ©n)

(5.3)

In this description z,, denotes the state vector of the artificial neurons, u,, are the external
inputs of the network, F' denotes a function representing the structure of the network, G
describes the relation between the states and the outputs and ®,, denotes the parameters
of the network.

Of the dynamic neural networks reported in the literature, most are fully connected
networks with an unlayered organisation as is very common in applications with static
neural networks. The architecture is inherently dynamic and usually one-layered. The
resulting complex dynamic behaviour makes it possible to realize very powerful networks.
In the literature only two (basic) forms of (fully connected) dynamic networks are known.
The first is known as the Hopfield network and is described by:

Tn == diag[Tn,ly e 11171,N]
T'nm’n =—Tn+ Anyn + u, (54)
Yn = g(m")

In this equation a separate state: and output is assumed. The model corresponds to the
example of networks created by dynamic neurons as presented in section 5.2.
The second possibility is to give a linear output equal to the state:

On = Anyn
Tt =—x,+g(o,) +un (5.5)
Yn =Tn

In this context, feedback networks can be seen as associative memories. An uncorrupted
pattern is used as a stable equilibrium point and its noisy versions should lie in the area
of the attraction of such a stable point. The network is trained in such a way that weights
for matrix A, are achieved leading to stable points which correspond to the patterns to
be stored. The function of such networks is that when a corrupted pattern is offered, the
network converges to a steady-state solution corresponding to the uncorrupted pattern.

A special form of a dynamic network is introduced by using a static feedforward network
as a basic component. A layered structure with one output neuron can be used. The output
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u(k)[_
I y(k)

.
E out

Figure 5.2: Construction of a dynamic network using a static feedforward neural network
by addition of a feedback connection.

of this neuron (which is the output of the *network’) is fed back to the input of the network
using a unit shift operation z~L. In figure 5.2 such a configuration is given implementing
a first-order nonlinear discrete time system:

y(k) = fly(k — 1);u(k — 1)]

The output of the network, y(k) is taken equal to the output of the N — th neuron.

5.3.3 Summary

As stated in the previous sections, an infinite number of networks can be constructed by
choosing:

(a) the dynamic behaviour of the artificial neuron. In principle, every neuron can have
its own specific dynamic behaviour.

(b) the nonlinear transformation inside an artificial network. Again every neuron can
have its own nonlinearity.

(c) the interconnections between neurons. The interconnection type can vary from fully
connected to more loosely connected feedforward type of networks.

(d) the combination of both static and dynamic components within one architecture.
In almost all networks presented in the literature, simplifications are made by choosing

all neurons of the same type (same dynamics, same nonlinearity), while an organisation
in layers is used to be able to handle the complexity of the configuration.
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5.4 Function approximation using ANN

The aim of applying neural networks is to build models which are essentially nonlinear.
These nonlinear models can then be used to implement nonlinear relations between a
multidimensional input space and a multidimensional output space. No restrictions are
imposed on the dimension of either spaces. The introduction of neural networks introduces
the possibility of nonlinear black-box models.

In the literature, many possible descriptions of nonlinear systems are given. The two most
important classes of nonlinear systems are:

e Wiener class: Representing a large number of systems with noninfinite memory.
This class is derived from the Wiener theory, which is in fact an extension of the
theory of linear time-invariant systems [Schetzen81].

o Parametric approximating function: This class of system is derived from the the-
ory of multivariable approximation. The class is extensively used in the literature on
neural networks. Parametric approximation functions generally yield less complex
models than Wiener models.

It is stated that by defining an identification problem as a static problem, where the
dynamics are introduced externally (by means of tapped delay lines), every identification
problem can be defined as a multidimensional function approximation. We can use neural
networks for this function approximation (see section 5.5).

Neural networks are special models within the class of parametric approximation functions
that receive considerable attenticn. There are two ways of achieving function approxima-
tion using neural networks:

e Neural networks realizing parametric functions f(u,w) that are nonlinear with
respect to its parameters w

¢ Functional networks realizing parametric functions w.f(u) that are linear with
respect to its parameters «

Both network types are suitable to implement nonlinearities and they both contain several
nonlinearities. For neural networks, it is not an easy and straightforward task to find the
optimal set of parameters as the problem is nonlinear in its parameters. For functional
networks, it is easy to find the optimal set of parameters, because the problem is linear in
the parameters,
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5.4.1 Parametric approximation functions

Given a set of functions f € F (for example: ®* — R) and given ® C F. The aim is to
find the element ¢ € ® which is the closest to the function f. Being close is defined as a
distance d of f from & :

d(f,®) = infyes| f — 4|l (5.6)
If there exists a ¢* € ® such that || f — ¢*|| = d(f, ®), then:

e ¢* is said to be the best approximation to f from ®

e & iscalled an existence (uniqueness) set if to each f € F thereis at least one ¢~ € ®

An ANN can be interpreted as a representation of a set of ® of parametric functions. The
aim of the learning algorithm is to find ¢* € ®.

Approximation theory is a classic field of mathematics. Using the Weierstrass theorem
(see appendix B) it is shown that there are many approximation approaches which can
approximate arbitrarily well a continuous function. In [Cybenko89] it has been shown
that a feedforward type of network can approximate any continuous function arbitrarily
well. This proof is based on the Kolmogorov’s Mapping Neural Network Existence
Theorem ([Kolmogorov57]), which is also given in appendix B. The proof holds that
for the approximation of a particular set of functions F;{z;}, where {z;} are the input
variables z;,z2, ..., Zy, to an arbitrary accuracy, at most two hidden layers are needed.
This desired degree of accuracy can only be obtained given that there are enough units
per layer. Only one hidden layer is enough to approximate any continuous function. The
minimum of two hidden layers is required for approximating discontinuous functions. The
usefulness of these results depends on how many hidden units are necessary, which again
is a problem to which the answer is not known in general.

A proof of the fact that two hidden layers are sufficient is given in [Hertz91], and is
referred to as the “bump approach”. This proof should not be seen as a set of rules for
determining the structure of a neural network. The bump approach only mentions some
sufficient but not necessary conditions.

First, consider layered networks with continuous-valued nonlinear transfer functions g(u)
in the hidden layers (for example g(u) = tanh(u)) and linear transfer functions g(u) = »
for in the output layer. A network without hidden layers produces an output:

Y = Z'wik-’vk -0 (5.7
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Figure 5.3: The bump approach depicted for a network with one hidden layer.

and a network with one hidden layer gives the output:
¥ =) Wig (Z Wik — ¢,~> —6; (5.8)
J k

where w;;, and W,; are the weight values and 6; and ¢; are the threshold values.

Essential points of the proof are that:

1. any function F'{z;} can be represented by a linear combination of localized bumps
that are each nonzero onlv in a small region of the domain {z;}; and

2. such bumps can be constructed with two hidden layers.

With one input variable z the function g(z) — g(z — c), obviously gives a peak at z = ¢/2
and is zero far from there, which is drawn in figure 5.3. The transfer function is again taken
as g(-) = tanh(-). A sharp peak anywhere can be produced with g(ax: + b) — g(az +c). In
this case, the value of a, which determines the sharpness of the peak, is set by the weights
w;, and b and ¢ which are responsible for the location of the peak are determined by the
threshold values ¢;. In two dimensions, for example, the function

g(Alg(az +b) — g(az + =) + g(ay + d) — g(ay + €)] — B)

can be used to produce a localized bump at any desired (z,y). This is exactly the type
of function that can be calculated with two hidden layers. Following this scheme in N
dimensions of the input space, 2N units in the first hidden layer are needed, and one in the
second hidden layer for each bump. The output layer then sums the bumps to produce the
desired function(s), in a manner similar to, for example, the series expansion methods.

In practice, it is possible to construct a multilayer neural network with more than two
hidden layers which contains a fewer total number of units, or which will learn faster. The
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explanation given above does not give any indication about learning or generalization, and
it is possible that some functions are representable but not learnable with networks with
two hidden layers, perhaps because of local minima.

There is a possibility of constructing units that themselves have a localized bump-like
response, each becoming activated only for inputs in some small region of the input
space. Therefore, only one hidden layer of such units is necessary to represent any
reasonable function. Thus, a Radial Basis Function Network (RBFN) is constructed,
which is explained further in section 5.6.2.

5.5 Identification of dynamic systems using ANN

In the previous sections it has been explained why arbitrary functions can be approximated
by neural network techniques. Modelling of dynamic systems can be achieved by using
static neural networks in a dynamic environment and using tapped-delay lines to construct
the input of the network.

The research on the use of neural network techniques in process control attracted much
attention. The learning capabilities of these networks makes them very attractive for those
situations where process knowledge is not complete or even not available. This lack of
knowledge, indicated by the absence of a model or by an approximate model, makes it
very hard to design a proper control scheme. Neural networks can be used to cope with
this lack of knowledge, by modelling the unknown characteristics of the process.

Identification problem definition

In general control applications, a (mathematical) model of the system is derived in order
to design a proper control scheme, which should meet all the requirements given by the
user. A model of a system is expressed as a mapping P from an input space U into an
output space Y. In [Narendra90] the objective of identification is given as: "characterize
the class P to which P belongs. Given a class P and the fact that P € P, the problem
of identification is to determine the class P C P and an element P € P so that P
approximates P (in the way it was desired). In static systems, the spaces U and Y are
subsets of R™ and R™ while in dynamic systems they are generally assumed to be bounded
Lebesque integrable functions on the interval [0, 00). ”

It is important that in both cases the operator P is defined by the specified input-output
pairs. The choice of the class of identification models P, as well as the method to
determine P depends on a variety of factors which are related to the accuracy desired as
well as to the a priori information that is available concerning the system to be identified.

In many cases, the learning is performed by learning input-output mappings: given an
input vector u (k) a corresponding output vector o should be produced by the network. The
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examples provided to train the network are obtained by observation of the actual process.
In figure 5.4 the SISO case is depicted. This chapter examines SISO processes, but by
no means is this identification approach restricted to SISO systems. In dynamic systems,

dl
yo(k) LY S
+
gn(k) X-
+
e(k)
| learning
l algorithm

Figure 5.4: General scheme for plant identification. In this scheme a SISO system is
depicted. The identification error e is used to adapt the model.

the operator P is defined by the input-output pairs of discrete time functions u(t), y(t),
t € [0, T]. The objective of the model is:

19, — yll = |1P(u) — P(w)][ <€, ueld (5.9)

for € > 0. In this equation the cutput of the identification model is given by P(u) =9,

. A . . . . -
and ¥, — y,, = e is the identification error. The output 4, is taken equal to the output of
an artificial neuron in the netwo:k.

Using Stone-Weierstrass’s theorem as described in [Cotter90] and Kolmogorov’s theorem
[Kolmogorov57], it can be stated that neural networks are able to implement any input-
output mapping. Using this progerty, neural networks can be applied for the identification
of static nonlinear mappings. Waen the dynamics of the system are defined externally (by
using tapped delay lines) the network can be chosen to be a static artificial neural network,
which simplifies the identification structure considerably!

The power of neural modelling tecomes even more apparent in those situations where the
input output relation, which is learned by the neural network, is not restricted to a special
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form. The input vector as well as the output vector of the network can contain any kind of
information: control signal values, process signal values, historical data, sensor data, etc.
Neural networks have the ability to approximate large classes of (nonlinear) functions.

The optimization problem can be described by a number of parameters:

e J(®): the cost function expressing the aim of the optimization;

e ©: the parameters which can be used to optimize J(®);
The optimum solution ®" is given by:

©" = argmin J(©) (5.10)

If J(®) is a nonlinear function of the parameter vector © then no general analytical
solution is known. For this type of optimization problem, nonlinear optimization tech-
niques are available. These techniques solve the optimization problem by searching for
the optimum in an iterative way.

5.5.1 Model descriptions for identification

There are many possible models to describe a system. Here, we want to focus on models
using neural networks (or other ’intelligent components’). One of the possibilities is to
look on a system as being a black box, observing only the inputs and the outputs, and
deriving a nonlinear mapping between inputs and outputs.

It is also possible to use a neural model as a submodel of the complete model of the
process. The neural model in this case compensates for the unmodelled behaviour. The
unmodelled part can, for example, be used to compensate for an (extreme) nonlinear
behaviour, unmeasurable influences, etc. Especially for those circumstances in which a
coarse model of the system is available, and only some minor parts of the system are
unknown, this is a very powerful approach.

In discrete form 4 of these (SISO) models ¥; through X4 are given by input-output
equations [Narendra91]:

n—1
T (b +1) =) ouyp(k —9) (5.11)

—ijg[u(k),u(k ~1),--+,u(k —m+1)]
Ty fp(k+1) = Flup(k), yp(k — 1), yp(k —m + 1)] (5.12)
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+3 fyulh - 5)

T3 Gp(k + 1) = flyp(k), yp(k — 1), -+, yp(k — n +1)] (5.13)
+glu(k), w(k — 1), -, u(k — m +1)]
Ly :Gp(k+ 1) = flyp(k),yp(k — 1), ,yp(k — n + 1); (5.14)

u(k),u(k —1),---,u(k —m+1)]

These models have a fairly simple structure: the first three models have a strict separation
between a linear and a nonlinear part. Model ¥, is general because it has no assumptions
with respect to a separation into a nonlinear and a linear part. We have to be aware of the
fact that these four models are only a subset of the infinite number of possible models. In
those cases where we have a priori information about the system to be identified, it should
be used to construct a more detailed identification model.

u(t)
1, et ut) A G
t . — : —
A, ihlt +d-1) i
(a) NARX (b) NOE

Figure 5.5: Configuration scheme for (nonlinear) identification. In figure (a) no feedback
of the output of the model is used (NARX), while (b) depicts a scheme in which
the output of the model is fed back to its input.

Other dynamic models can be set up by adding a feedback term from the output of the
network to its inputs. This gives two different configurations in which neural networks
can be used for identification. The first configuration is the NARX structure as depicted in
figure 5.5(a). The output error structure with a feedback from the output of the network to
the input is depicted in figure 5.5(b). The use of such feedback networks needs alternative
learning strategies, which have to take the dynamics into account.

5.5.2 Prediction model

One of the most difficult items in using this kind of neural identification is the decision as
to whether the model is really implementing a “copy” of the system. Especially in cases
where the model is going to be used off-line, the model has to be very accurate. It is
possible that although the model has converged (e.g. the identification error tends to zero)
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it is not an exact copy of the system. An explanation of this behaviour is the appearance of
a local minimum in the weight space. Apparently it is possible to find a (local) minimum
in such a way that for every input combination an accurate one-step-ahead prediction is
made using a kind of linear interpolation. Good model validation is therefore important.
An alternative is to teach the network directly to learn dynamic behaviour:

yt = flu,ut,y7) (5.15)

in which + denotes future and — denotes history. If the current time is ¢ = k:
u” = [u(k —n),u(k—n+1),--,u(k)
ut =[u(k+1),u(k+2),--,u(k+ H, — 1)]
y~ = [y(k—m),y(k —m +1),---,y(k)]
yt =[y(k+1),y(k+2), -, y(k + Hp)] (5.16)

The network gets an input vector ¢ = [w~,ut,y”] and produces an output 0 = it
The variable H, > 1 denotes the horizon over which the behaviour is learned. The
identification models ¥, through X4 are special cases of this model with H, = 1.

Increasing the horizon over which the process behaviour is learned increases the dimension
of the weight space to be learned (more in- and output signals). In general, this results
in a slower convergence of the network. Taking into account the number of training
steps required in the examples given in the previous subsection, this can easily result in
impractical training times.

5.5.3 Evaluation

In the previous sections, the concept of identification using neural networks has been
discussed. The identification problem can be transformed into a static multidimensional
mapping to be learned. This nonlinear mapping can be described using static ANN, by
assuming various model structures. In section 5.7, attention is paid to the adaptation of
the network parameters. Process knowledge can be translated into a specific network
structure. The most general black-box model is given by 2.

Dynamics are brought into the networks externally, by the use of delayed signals.

5.6 Networks

The basics of artificial neurons (AN) and artificial neural networks (ANN) have been
given (section 5.25.3). The use of these networks as a part of a (black-box) modelling



5.6 NETWORKS 125

technique has been proposed (section 5.5). By choosing the network’s parameters (size,
dynamics of the neuron, etc.) a large number of networks can be created. In this section,
four general network types are given which are used as the basis for identification, based
on a classification according to the generalization property of the network proposed. As
argued, identification can be performed using static networks.

In section 5.6.1, the use of a network with global generalization properties is given. For
these multilayered networks, the parameters to be adjusted are the nonlinear parameters
of the networks. When a very .ocal generalization property is required, a CMAC (sec-
tion 5.6.4) is very well suited. An intermediate generalization property is given by Radial
Basis Function Networks (RBFN, section 5.6.2), where the adjustable parameters appear
linearly in the network description. In addition, single layer networks using an extended
input space is described in section 5.6.3.

5.6.1 Multilayered Static Neural Networks

The neurons which are used in multilayered neural networks (MNN) are usually of the
McCulloch-Pitts type and use a sigmoidal nonlinear function, a continuous monotonically
increasing function and a continuously differentiable function. The function approaches
fixed values asymptotically as the inputs approaches plus or minus infinity. The function
description is:

1—-e™°®

14+e*®

flz) = (5.17)

Every layer in a neural network can be denoted as a weight matrix W, a nonlinear
operator I'; and an offset (bias) vector d;. The output of a layer produced by an input
vector &; is:

N,‘[:t:,;] = I‘,’[W,':l?,' + d,] (5.18)
The output of an n layer network can be described by a multiplication of n layers:
y=T[W,.L[W, ;- I'|Wiz, +-di] + - +dni] +d,] (5.19)

in which y is the output vector produced by the network. In figure 5.6 the configuration
of a multilayered network with three layers has been depicted.
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d, d; ds

+ X+ + X+ + Y+
W1 I‘1 W2 I‘z W3 Fg ——

Figure 5.6: A three-layered MNN structure. The matrix W ; is a the weight matrix, I'; the
nonlinear operator and bmd; the bias of layer 1.

5.6.2 Radial Basis Function Networks

Radial Basis Function Networks are set up using the idea of function approximation.
The network consist of a nonlinear transformation of the input signals. The outcome
of these nonlinear transformations are used for a linearly weighted summation (see fig-
ure 5.7). The network realizes an approximation function f :R™ — R which is described

1

Figure 5.7: Scheme of a Radial Basis Function Network. The basis functions are denoted

as ¢;.

mathematically as:
y = f(u) =) widi(u,c) (5.20)
=1

The basis functions ¢; = &;(||w — ci||) = ¢:i(r) are radial functions. Some common
choices for these functions are:

e ¢(r) = r, a linear radial function
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¢ #(r) = r?, a quadratic function
¢ ¢(r) = exp(—r?/p?), a Gaussian function
e ¢(r) = r*log(r), a thin-plate-spline function

o ¢(r)=(r*+ pz)%, a multiquadratic function

The radial functions are (typically) centred on a subset of the N data points (i.e. ¢; =
u; 2= 1---n < N). The choice of the centres ¢; is part of the optimization procedure
which must be carried out.

An important property of RBEN is its stability, corresponding to the choice of the radial
functions. Because Gaussian basis functions tend to zero outside the region where they
are centred, the network outpul is always bounded, provided that the network weights
are bounded. This BIBO stability property is important, and, therefore, in many cases,
Gaussian functions are used.

5.6.3 Functional link networks

A network type strongly related to the RBFN is the functional link network, introduced
by [Pa092]. The configuratior: of these networks is equal to an RBFN, although the
capabilities can be compared to a fully connected neural network with one hidden layer.
As is the RBFN shown in figure 5.7 the functional link net is linear in its parameters.

The inputs of this type of network are formed by the regular inputs as for "normal” net-
works, extended with combined inputs, representing the functional links. The functional
links can be compared to the outputs of a hidden layer in an MNN structure. These links
FL; can be given by any combination of inputs:

FL; = g(u) (5.21)
where g is a nonlinear function, and u is the input vector.

Example 5.6.1 To illustrate the capabilities of this approach, a standard example of the
neural network community is recalled: learning an eXclusive OR (XOR) problem. The
XOR of two inputs z; and @, is given by:

XOR(wl,mz) =&+ T2 — 2(131-’E2
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This problem can be defined as a one by introducing an extra input z3 = ;3!
XOR(zy,z3) = @1 + 22 — 223

Although the number of inputs of the network has to be increased, the learning behaviour
is much faster thanks to the linearity of the problem. o

The application of functional links is not limited to the scope of one-layered networks
(using a linear combination), but can also be used within the framework of any neural
network.

The approach suggested by Pao, however, states that functional links should be formed
for all inputs, using multiplications, sine operators, cosine operators, etc. In practice, this
results in an exponentially high number of inputs for such a network. Obviously, this
approach is a trade off between the complexity of the network and the complexity of the
input space.

5.6.4 Cerebellum Model Articulation Controller (CMAC)

The CMAC algorithm is a less well-known technique. In 1975, J.S.Albus published his
ideas of CMAC (Cerebellar Model Articulation Controller) [Albus75a, Albus75b]. The
CMAC algorithm is based on the functioning of the cerebellum (a part of the small brains),
which is responsible for the coordination of our extremeties. Albus originally designed the
algorithm for controlling robot systems. It is essentially based on lookup table techniques
and has the ability to learn vector functions by storing data from the past in a clever way.

The CMAC algorithm can be classified as an advanced lookup-table technique, strongly
related to the field of neural networks. The CMAC algorithm is very much like the RBFN
approach and uses receptive fields to produce the output of a ’node’, while the total output
is determined using a weighted summation. Just like the RBFN approach, CMAC uses
only a number of fields to determine the output by interpolation, while the contribution
of the other nodes (in this case table locations with weights) are zero. The concept of
storage, makes the CMAC fit into the category of Associative Memories (AMS).

The algorithm can be characterized by three important features, which are extensions to
the normal table lookup methods. These important extensions are: distributed storage,
the generalization algorithm and a random mapping.

The CMAC algorithm can be split into two parts. These two parts are similar to Rosen-
blatt’s Perceptron architecture, meaning that the stimulus/response mapping is split into
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two functions:

f:S=A4A
A R (5.22)
g:A=

where S is the input (stimulus) space, A is the association cell space and R is the response
space. In this mapping f() is a fixed algorithm but g() depends on one layer of weights,

hashing
\
/ - ' \
m pf o
1 — N jL |
\/ b - Y
A A ' R

Figure 5.8: The basic CMAC configuration. S is the stimulus space; S, the quantized
stimulus space; A is the virtual memory; A' is the actual memory.

which can be adapted (see figure 5.8).

In the mapping from the stimulus space to the association cell, two properties are fulfilled:
only a small number p of the cells will have a nonzero value for a specific input and,
secondly, similar vectors in the stimulus space will map to similar association cell vectors.
This generalization feature is determined by the generalization number p. In normal
applications p > 1, for p = 1 the algorithm reduces to a simple lookup table.

An important part of the algorithm is the part which determines which association cells are
addressed. When a generalization parameter p has been determined, quantization must be
chosen. This results in R; intervals on each component s; of the input vector. Thus the
original stimulus space is mapped to a quantized space S5,.

Basis functions in CMAC

The mapping from the association cell space to the response space is determined by basis
functions, used to cover the association cells and a single layer network. These basis
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functions can also be found in RBFN. The input to this single-layered network consists
of the p basis functions whose output is nonzero. The response y; is constructed by the
normalized sum:

3—1 ¢(SQ’ CQJ) * Wij

Yi = (5.23)
J= Q(S’Q’ Cq,)

in which y; is the CMAC response for the i** coordinate. The basis function ®(S5,, Cy,),
in which C,; is its centre. The output of the ba81s function lies in the interval [0, 1]. The
weight associated with association cell j for the #** output is denoted as w;;.

The choice of the basis function ®() influences the type of interpolation between the
training centres. Albus used a binary basis function for the original CMAC

1 if]|Sq — Cgll < %

0 otherwise (5.24)

®(Sq,Cy;) = {

The result of this function is a piecewise constant output. Of course, it is possible to
choose any kind of basis function, as indicated for Radial basis functions.

Another interesting possibility is to use basis splines (B-splines, [Cox71, Cox84] as basis
functions. Using these kind of modified functions yields smoother output of CMAC,
although the principle stays the same. It is possible to choose the basis function in relation
to the kind of problem to be dealt with.

Learning in CMAC
The error between the actual CMAC output and the desired output is given as (9; — ¥:).
The weight update is performed by a Widrow-Hoff updating rule:

Awy; = Bi(ii — v:)®(Sg, Coy) (5.25)

in which 3 € [0, 1] is the learning rate for the j** association cell. The convergence of the
weights to a set w*, such that the output error is minimized, is guaranteed as long as the
the following conditions for 3;(t) hold:

S Bt =co and 3 B(t) < oo

The first condition ensures that new inputs can be stored, while the second constraint
ensures that learning proceeds in a stable manner.
A typical learning rate, such that these constraints hold is given by:

C

c+k

Bi(k) =
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in which c is an integer constant and k is the number of times the association cell j has
been updated. In general, this indicates that the learning rate decreases (or has to decrease)
during the learning phase.

5.7 Learning

The identification problem (section 5.5) has been given as a multidimensional function
approximation (section 5.4) using ANN. Given the structure of the network, the problem
of identification is translated into a complex optimization problem, in which a vector @*
must be found, expressing the minimum value for a criterion J(@®).

This problem is the ”old” problem addressed in many books on identification, focussing on
linear systems ([Ljung87]). The relation between the network weight optimization prob-
lem and ’traditional’ learning schemes for identification is highlighted in section 5.7.1. In
this section first and second order gradient methods are described for weight optimization.
This section mainly is restricted to static artificial neural networks and only little attention
is paid to dynamic structures. The reason has been given in section 5.5, where the iden-
tification of dynamic systems has been given as a problem of multidimensional function
approximation where dynamic information is brought into the network externally.

5.7.1 Learning varieties: Connections with classic identification

The use of neural networks implies the use of learning techniques. The set of weights used
in the network to describe the transient behaviour of the system have to be optimized with
respect to a (predefined) criterion. In general, a quadratic criterion is used, but this is not
a restriction on the applicability of these methods. Looking at a SISO dynamic system, a
criterion J as a function of the parameter set 8 can be taken:

1 1, .0 .
J(0) = 5€(t,0) = S (u(¥) — 9(t,0))’ (5.26)
Minimization of this criterion with respect to the parameter set yields the gradient:

8J(8)
—— = —¢(t,0)9(t,0 .
20 e(t,0)¢(t,0) (5.27)
with ¢(¢,0) is the derivative of the error e(t,8) with respect to 8. From this equation a
recursive formula for weight adaptation is derived, known as the Robbins-Munro scheme
([Ljung87]):

6(t+1) = 8(t) — ()R (t)g(t)e(k) (5.28)
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In this equation ~(t) is the step size of the search algorithm and R™*(t) is introduced to
modify the search direction. Discrete time versions are easily derived.

Gradient methods
This first-order gradient descent method is given by:

0(k+1)=0(k)— nVo(k)J |0=0(k) (5.29)

For linear networks, a gradient descent method can be interpreted as a least-squares solu-
tion. For multilayered networks we face another problem that of how to adapt the weights
of the hidden nodes. This credit assignment problem was solved by [Rumelhart86], who
introduced the backpropagation rule. This rule solves the credit assignment problem in
an elegant way. It uses a method for weight adaptation comparable to the normal Delta
rule but now for every neuron in the multilayered network. The learning method is also
referred to as the Generalized Delta Learning Rule. In appendix A, the principle of this
Generalized Delta Learning or backpropagation rule is described. The learning rule is
given as:

oJ

AN o (®) T
wiz(1) wi;(1) nc‘)w,'j(l)(’)

(5.30)

One of the main problems of using the backpropagation learning strategy is the global
convergence which cannot be guaranteed under all circumstances. In some cases, it is
possible that the learning procedure gets stuck in a local minimum of the solution space,
this is determined by the criterion function used for learning.

In the literature, several solutions are given to overcome this difficulty. These methods are
based on heuristics and no guarantee about the convergence can be given. The main reason
that the learning procedure gets stuck in local minima is that, in the learning procedure,
the update of the weights is not always in the direction of the steepest descent. By the
phrase “steepest descent”, the direction in the error space is meant which is *optimal’ for
the complete set of patterns which have to be learnt. In general, it is impossible to offer
all possible patterns to the network, especially when we are dealing with continuously
valued networks. Learning is then performed after an example has been been offered to
the network. After presenting a pattern, rather than after presenting a complete set of
patterns, the resultant change in the weight wj; is not necessarily the steepest descent.
However, as long as the weight changes are not too great, the approximation is still valid.
The magnitude in the weight changes is determined partly by the learning rate . In
general, we would like this rate to be as high as possible, without introducing oscillations
in the network. The oscillatory phenomena can be reduced by the introduction of a
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momentum term, & which gives some importance to past weight changes while the actual
weight change is calculated.

8J
ADEHD — o (Y 9
wi;(1) = wi;(1) nc"wij(l)(’)
+a(wi (1)@ = wy; (1)) (5.31)

In many (practical) applications a quadratic criterion is defined, imposed on the difference
between the actual output vector y,, of the network and the desired output vector ¥, of the
network.

J= Z (Ynsi — Ya:)’ (5.32)

In appendix A, the update rules for the hidden and output neurons of the backpropagation
network are given. For any node in the network the following update rule is:

ij,-(k + 1) = n(gpjyd,pi) +- aij,'(k) (5.33)

where k represents the actual (discrete) time event, 5 represents the learning rate and
a determines the effect of past weight changes to the actual weight change. For an
output node, the &p; is the difference between the pth element of the output vector and
the pth element of the desired output vector. We have to be aware of the fact that a true
gradient descent would require a learning rate which would have to be infinitesimally
small. Experiments have shown that a faster way to achieve the results is to use a
substantial learning rate in combination with a large momentum term. But remember
that the motivation for such a momentum term is based on intuition rather than on a firm
mathematical foundation.

Newton methods

In the case of the Newton search direction, the variable R(t) in equation 5.28 is chosen
as the Hessian J”(8), which is the second derivative of the used criterion function with
respect to the parameters of the model. The Hessian can be written as

J"(8) = ¥(t,0)%(t,0)T — ¢'(t,0)€(t,0) (5.34)

Let R(t) = J"(8), then the general update rule results in:

0(t+ 1) = B(k) — 7(t) L e(t) (5.35)
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which is called a Newton method. Calculating the update for n parameters of a model will
take order n® operations every step, because the n x n Hessian matrix has to be inverted.
Additionally, also the second order derivatives have to be calculated.

When approximating the Hessian in equation 5.34 by
J"(0) ~ t(k,0)y(k,0)"=H(6) (5.36)

and choosing R(k) = H(@) an update rule is obtained known as the Gauss-Newton
method. This approximation is allowed when there exists a set of parameter values 8o,
such that the prediction errors €(k, @) are independent. This value yields the global
minimum of the chosen criterion. Close to 8o the Hessian can be approximated by
H(8), since the second part of equation 5.34, ¢'(k, 8)e(t, 8), will be close to zero. This
Gauss-Newton method demands considerably fewer calculations to update the parameters.

Newton methods are designed to give one-step convergence for quadratic functions. How-
ever, when the values of the function between the current iterate and the minimum cannot
be approximated very well by a quadratic function, the effect of the Hessian will not be
too important. It is clear that these Newton algorithms demand an enormous number of
calculations for the adaptation of a neural network, which in general will contain a large
number of parameters. To reduce the number of calculations, pseudo-Newton algorithms
are developed, requiring less calculations and fitting into the backpropagation scheme.

When considering the main diagonal of the Hessian matrix only, the Newton rule is per-
formed separately for each weight of the network and can be calculated by backpropagating
the error through the network. The pseudo-Newton update rule then becomes

wlk +1) = w(k) — goris 5o s

(5.37)
As was mentioned earlier, Newton methods give one step convergence for quadratic
cost functions, and therefore they show better performance when compared to gradient
methods, especially in the neighbourhood of minima. Except for information about the
first-order derivative of the error with respect to the parameters of the model, Newton
algorithms also take the second order derivative into account. Because of the one step
convergence, Newton methods might also avoid relatively small local minima in the
slope of the minimum to where it jumps. Some disadvantages of these methods are the
many calculations needed and the numerical instability that might occur unless the initial
estimation of the parameters is close enough to the global minimum.

Connections with classic identification
The identification of dynamic systems can be performed using batch-oriented approaches
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or by applying recursive identification schemes. The same holds for nonlinear modelling
using neural networks. The algorithms to train neural networks presented before (back-
propagation, etc.) are not suited for on-line identification. Because only a little step in
the gradient direction of the current pattern is taken, the convergence properties of these
algorithms are very poor. Better results are obtained using these algorithms in batch-
oriented approaches. This holds especially for those cases in which the system is trained
in an NARX configuration, in which no feedback is obtained from the estimator. Using a
batch-oriented algorithm, the size of the batch has to be taken with care. A minimum is
defined by the size of the network. Too small a batch leads to overfitting, as the number
of parameters to be adjusted is equal to or larger than the number of data points.

When neural networks are used for modelling dynamic systems, recursive identification
techniques can also be used for training. The methods should take into account the
nonlinearity of the transfer functions of the nodes in the network. The most advantageous
one is the Recursive Prediction Error (RPE) method [Ljung87, Chen90], used to estimate
the parameter vector of the network (set up by the weights and the bias values) in a
recursive scheme. In appendix D, a description of this recursive scheme is given. In this
updating scheme a dynamic networks structure (NOE) is used with feedback connections
inside the network.

For the Radial Basis Function Networks, the link with classic identification becomes even
more clear. Inthis case the well-known field of linear estimation techniques can be applied
(Least-Squares, Recursive Least-Squares, (Orthogonal) Least-Squares, etc.). The "real”
learning procedure has been shifted towards the choice of the number of radial basis
functions and the width of these functions. In section 5.9, a description is given of the
OLS (Orthogonal Least-Squares) procedure to select a proper set of radial centra from a
data set. The essential part is a Gram-Schmidt Orthogonaliztion of the data set.

For CMAC modules, the learning scheme cannot be related to classic identification due to
the local generalizing properties of the algorithm. Batch-oriented approaches are therefore
not applicable. The performance of a CMAC approach is improved by learning patterns
in a random way.

5.8 A fast heuristic learning scheme using backpropaga-
tion

In the previous section, the main strategies for (neural) identification are given: batch-
oriented approaches and recursive identification schemes. The main problems with these
algorithms have to do with convergence problems and learning times. These problems
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are connected to corresponding problems using (standard) identification and optimization
techniques.

To speed up the slow learning of the gradient-descent-oriented optimization procedures, an
extended algorithm has been developed, which uses some heuristics in combination with
some of the extensions to the basic backpropagation algorithm, as discussed hereafter.

Variable learning rates

In the original backpropagation approach, learning rates are advised which narrowly avoid
oscillations in the weights. A value which is optimal in one stage of the learning process,
may not be optimal in another stage of the learning process. Therefore, it is a possibility
to introduce variable learning rates in order to adapt the learning procedure to the weight
space to be optimized. A number of heuristics can be used to tune the learning rate. The
roughest heuristic is to start the optimization with a large learning rate. After a while, the
learning rate is decreased to allow for finding small steep optimal.

Cumulative Delta rule

Training over a number of patterns gives an error for each pattern. When using this
method, the cumulated error over all patterns is used to update the weights, in order to
avoid that the weights are updated only in the direction of one pattern. A more global
adaptation of the weights is achieved by applying the Cumulative Delta rule.

Fast heuristic backpropagation
The strategy is based on the standard backpropagation algorithm. The heuristics can be
formulated as:

e all input and output signals are scaled into an interval [~1.0 1.0]. In experiments
it was observed that it is advantageous if for each input variable the complete input
range is used, while maximizing the variance between these input signals.

e the weights of the networks are taken in a random way such that the weights are
distributed randomly. This procedure is described in [Nguyen90] and can be used
for two-layered neural networks.

e use a cumulative learning rule for batches of training data. The learning must not
be too local which leads to local convergence of the weights. Batch algorithms are
very appropriate, taking a large number of data to train the networks and calculate
one single step in weight optimization.

e whenever an update of the weights of the network was successful, the search di-
rection is continued at increased learning rate. This extension corresponds to the
variable learning step method from optimization methods, based on a line search.
As soon as the minimum value of the error criterion in this direction of adaptation is
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passed, the learning factor is decreased. The decision about passing the minimum
is taken upon the value of the error criterion. As soon as the value of the criterion
has increased by e% compared to the previous situation, it is said the criterion has
passed the minimum value. A typical value is e = 5. Whenever a minimum has
been passed, the momentum factor is put to zero, in order to force the network to
find a new search direction.

e The network has (a) linear output node(s). Using such a linear output node, the
ability is introduced to calculate the least-squares solution of the weights of the
output node, given the weights of the input nodes and the bias. This ensures the
optimal solution for the output weights, given a network configuration [TeBraake92]

The fast heuristic backpropagation is the combination of all these heuristics. In the litera-
ture many heuristic modifications have been proposed, combining some of the heuristics
listed above.

Initialization of weights

The network structure has been described in a detailed way. The learning procedure
depends on the type of network. For RBFN, for example, the learning procedure is a
‘simple’ classic least-squares solution. The problem of the network, however, has been
shifted to the choice of the number of radial basis functions, the shape of those functions and
their centres. There are some (heuristic) procedures to choose these parameters in a more
structured way, by preprocessing the data using cluster analysis. This preprocessing of
data is known as a very important step in an identification setup [Backx89a, Backx89b].
MNN have the same problem. All weights in the network have to be initialized, thus
defining a start position for the optimization process. When preprocessing of data is used,
a sophisticated initial set of weights can be found by using a uniform random distribution
of the weights over the data. This weight initialization is a crucial part in the heuristic
procedure and speeds up the optimization procedure by an order of magnitude.

5.8.1 Conclusions

There are many varieties of learning schemes for neural networks. The well-known
problems of optimization and identification, also occur when using neural networks.
Realizing that this is the case, all kinds of heuristics methods and rules of thumb from this
field of research can be adopted to speed up the convergence of neural network learning.
Perhaps the application of neural networks is conceptually new, but it fits into the well-
known framework of optimization and identification. All theoretical and heuristic results
from this field of research can be applied to solve the problems of a high dimensional
optimization problem such as neural network system identification is.
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Both recursive and on-line identification are possible strategies. Due to the poor con-
vergence properties, non-recursive, batch oriented approaches are in favourite. A batch-
oriented approach, using the heuristic learning scheme as proposed, enables an important
speed-up of the convergence, compared to standard methods like backpropagation.

In RBEN or function link networks, the optimization problem is a classic linear one which
can be solved using standard techniques. The problem has been shifted towards the choice
of the centra for the radial basis functions or the choice of the proper functional links.
Intensive data preprocessing procedures have to be invoked to obtain proper results.

5.9 Hybrid network structures for identification - a new
concept

In the previous sections, identification structures and neural networks have been described
using these black-box approaches all results obtained using linear models are disregarded
and replaced by nonlinear elements. The idea for a hybrid network structure has grown
out of the conviction that throwing away all former results is not intelligent.

Two basic network types are given: static and dynamic networks. Other configurations
can be set up to construct dynamic networks, using static networks as subcomponents.
In [Narendra90], some configurations are suggested in which static networks are used
as a part of a dynamic structure. Using a combination of networks N and filters W(z),
in addition to feedback connections, complex dynamic structures can be realized. In
figure 5.9, some examples of possible hybrid forms are given. In the configurations
where feedback is involved, the learning strategy is influenced by these feedback terms.
Thus when applying backpropagation, this gives rise to the use of backpropagation in a
dynamic system: dynamic backpropagation, which is more complex than backpropagation
in a static environment. For example: using the representation of 5.9(d), the gradient
information for updating the parameter vector @ is obtained via:

?_g _ ON?%[v] [ON[u]
56, = ov | 09

By

+ W(z)a_ej (5.38)

A difficulty in this kind of model is that the transfer matrix W has to be known in advance
because it is used in the update procedure. When W is not known (which is generally the
case) a problem arises. An update mechanism has to be developed to update W' as well
as the neural network(s).

New concept - hybrid modelling

The most advantageous alternative is a hybrid model which consists of a linear component
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Figure 5.9: Hybrid network structures with ANN as subdevices. N denotes an ANN and
W (z) denotes a digital filter (linear) (adapted from [Narendra90]).

and a nonlinear component in parallel. This approach offers the possibility to benefit
from all knowledge concerning the linear system identification, in combination with the
possibility of using nonlinear components for modelling.

This idea is used in a new setup, based on an extension of an RBFN (see figure 5.7). The
combined model is described as a one-step-ahead prediction model:

G+ 1) = 3 wisdi(ri(k)) + wla (k)

=1

ri(k) = || z(k) — < ||
(k) = [ y(k) u(k)]
#(r) = e (5.39)

The weight optimization problem is described as a linear regression problem. The solution
to this problem can be obtained by applying the Orthogonal Least-Squares procedure. The
OLS optimization method is a forward-regression selecting procedure and is described
in [Chen91, Chen92]. The network model is considered as a regression model. Initially
the centres ¢; of the linear regression model

N
y(k) = Zj widn(u(k)) + (k) (5.40)



140 ANN FOR IDENTIFICATION

are fixed, centred on all N data points (i.e. cx = u(k)). (k) is the prediction error or
residual. The OLS algorithm selects an adequate subset of significant regressors { ¢ 1<
k < n < N} that are centred on this subset of the data points {(u(k),y(k)) | 1 < k < n}.
The weights wy, are calculated as the least-squares solution to the linear regression problem.

The selection of significant regressors is based on the idea of maximizing the regressor
contribution to the desired output energy, which is imposed by the data set. In order to
determine this contribution of an individual regressor, all regressors need to be decorrelated
in the regressor space by means of orthogonalization. Rewriting equation 5.40 in matrix-
form (n < N):

y=®w+ E
y =[y(1)...y(N)"
®=[¢;...¢,]

br = [Be(1) ... (V)]
w=[w, ... w,]"
e=[e(1)...e(N)]" (5.41)

All regressors ¢, (columns of ®) are orthogonalized as:
& =QR (542)

Q is an N x n orthogonal matrix [g, . . .g,] with orthogonal columns ;. Risann x n
invertible upper-triangular matrix. The n basis vectors g;, span the same n-dimensional
subspace as the n regressors ¢,.. From (5.40) we have:

y=Qv+e
~ = Rw (5.43)
The OLS algorithm calculates @ and R through @ R-orthogonalization and ~ through

the least-squares computation, from which w can be determined. The Gram-Schmidt
procedure is applied to perform @ R orthogonalization; g . . . g,, are calculated iteratively:

q, =,

k-1 T
q; 9
Qk=bm¢k—§ 3 Tk

=1 a7 q;

q; (5.44)

R is calculated from (5.42) in a straightforward way. From each regressor q;, Y& is
calculated as a least-squares solution:

T
o= kY (545)
949
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The regressor selection procedure works as follows. Define the desired output energy:
¥y =7"Q7TQy + "¢

n
=2 % g +e'e (5.46)
k=1
The contribution of regressor k to this energy, reducing the residual ¢, is expressed by the
*error reduction ratio’ £:

2. T
& = ‘Yk(I; 9 (5.47)

y'y
At the beginning of stage k of the iterative orthogonalization (5.44), we have k — 1
orthogonal regressors g, ...q,_;. All remaining regressors g ... gy are subsequently
orthogonalized during the kth stage. Once these remaining regressors have been orthog-
onalized, the energy contribution of g, ...qy is calculated according to (5.47). The
regressor with the maximum contribution is finally added to the regression model.
During each stage, the reduction of the residual ¢ is maximized. After the n-th step the
procedure is stopped when € has passed a threshold. Another stop criterion is:

1-Y 6 <6 (5.48)

k=1

where 4 is a measure which compromises modelling accuracy and network complexity. In
order to avoid numerical problems, and especially to keep @ nonsingular, highly correlated
regressors need to be discarded. This means that centres may not be too close to each
other. A highly correlated regressor ¢, with ¢, will be discarded if

¢:."9;

Te: e >°

5.10 Model validation

The quality of a model has to be validated carefully . The validation is carried out using
a part of the data set: the test set. The weight updating has been performed on the other
part of the data set: the training set. In the set-up of an identification experiment such
as described in section 5.5 and depicted in figure 5.4, a quadratic criterion is used for the
weight optimization. This error measure can be found in the sum squared error (SSE),
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which is defined for a data set consisting of N data samples. For a SISO process this
performance measure is given as:

SSE= 3" (1K) — 3o(K))" (5.49)

k=1

The mean squared error (MSE) is corrected for the number of data points:

N
MSE = — Z (yp(k) — Jp k)) (5.50)

To obtain a normalized criterion, a variance performance measure can be calculated:

_ ZkN=1 (y(k) — @p(k))z
o= J TN, Wo(k) — Bp)° 2D

where 7, is the mean value of the output. The value of J, should tend to zero, as the
quality of the model improves.

The standard test used in (linear) identification problems is the cross correlation between
the error signal and the input(s) of the network. The resulting error signal should have no
correlation with the input signal(s) used to excite the system. In the case of a noise-free
system, the error signal should be zero. If a model of a system is adequate, the one-step-
ahead prediction error e;(k) = §,(k) — yp(k) should be unpredictable from all linear and
nonlinear combinations of past inputs and outputs [Billings92]. These tests hold:

Teie;(T) = Elei(k — 7)ei(k)] = 6(7) (5.52)
Tue; (T) = E[u(k — T)ei(k)] =0 V7 (5.53)
Tye:(T) = Elyp(k — T)es(k)] =0 V7 (5.54)

The normalized sampled correlation functions ¢(7) are calculated, corresponding to the
above expressions. The function ¢(7) can be plotted against the variable 7, looking at the
95% confidence limits. If we consider N data points these confidence limits are found
at +1.96/+/N. The expectations E[¢(7)] & —1/N and var[¢(7)] = 1/N. The model is
considered as appropriate if less that 1 out of 20 values is outside this range.

Input signals
Thus far nothing has been said about the type of input signals for identification of nonlinear
systems. For linear systems the superposition principle holds, so the response to the sum of
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various input signals is equal to the sum of the individual responses. This makes (pseudo)
white noise signal suitable for identification, because these signals contain information
about every frequency. Therefore, information is obtained for each frequency within the
input signal band. With nonlinear systems this is no longer true [Leontaritis87]. The
consequence is that it is imperative to train neural networks with excitation signals that
are in the same frequency range as the future inputs, and do not contain frequencies far
beyond this range.

The system can also be tested in an NOE configuration. If the model does not deviate
from the actual process data, it might be accurate. The only problem is that sufficient
model validation is almost impossible, because all possible states of the system should be
checked for. Therefore we use the dimensionless performance measure J,, as an indication
of convergence. If J, = 0.2 this is interpreted as the explanation of 80% of the variance
in the data, e.g. the correlation between input(s) and output(s) of the system.

5.11 Identification experiments using ANN

The properties of ANN for function approximation open wide perspectives for nonlinear
systems. Both function approximation and identification are of crucial importance in
the control of nonlinear systems. In this section, the results of a number of experiments
which prove the applicability of these methods are discussed . Section 5.11.1 illustrates
the capabilities of the methods for function approximation. Section 5.11.2 treats some
examples of (nonlinear) system identification.

5.11.1 Function approxirnation

Many nonlinear systems contain a specific nonlinearity. Such a nonlinearity can, for
example, be a nonlinear relation between a number of variables. If those variables can be
measured many possible solutions exist to estimate the function f, for example by curve
fitting. The use of ANN is another possibility as proposed in this thesis. An example of
function approximation is given by the approximation (’learning’) of a function f(z,y),
described by the equation:

f(z,y) = sin®(zn).sin’*(yr), z,y € [0,1] (5.55)

The function is nonlinear with respect to the parameters z and y, which can be shown by
writing the function as a Taylor expansion. This function f(z,y) is depicted in figure 5.10.
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Figure 5.10: 3-D plot of the static function f(z,y) z,y € [0,1]

The aim of this experiment is twofold: firstly to show the learning capabilities of neural
networks and secondly to compare some of the network types given in section 5.6 using
the corresponding weight updating schemes. The methods compared are: (a) standard
MNN, using standard or heuristic backpropagation (section 5.8) for weight adaptation,
(b) RBFN networks and (d) CMAC. In [Mischo92] a similar experiment is described, in
order to compare CMAC with polynomial approximations. The function is learned using
a batch of examples randomly generated.

The network was chosen to be a feedforward type of network, using standard backprop-
agation for weight updating. The multilayered network has 2 input nodes (z and y),
10 hidden nodes and 1 output node, denoted as X*!%!. The nonlinear transfer function
of the nodes is a sigmoid function (equation 5.17). The results of this experiments are
depicted in figure 5.11, they show the superior behaviour of the heuristic weight updating
algorithm compared to the standard gradient descent search method (backpropagation).
The improved convergence is an order of magnitude better.

For the RBFN network, 10 centres are chosen, uniformly distributed in space. The width is
taken as 0.2. Taking the batch of examples, the position and the width are optimized using
conventional optimization. The final step is the least-squares solution of the weights.

The results of CMAC will be depicted in more detail. To show the learning behaviour in a
clear way the results after a number of training runs are depicted. The input resolution has
been chosen such that there are 10® possible input points which are uniformly distributed
over the input space, this is far more than for the RBFN. Each training run consists of 50
training points. Figure 5.12 depicts the result of the CMAC after a number of training
runs. For the CMAC we have chosen some default values: p = 4, table size = 24, input
resolution = 0.001, output resolution = 0.001, 8 = 0.8 and binary basis functions. The
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Figure 5.11: Development of error curve using either (a) standard backpropagation or
(b) heuristic backpropagation for function approximation.
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Figure 5.12: 3-Dvisualization of the learning progress of CMAC learning a static function.
The resulting function is shown after 1, 2, 3 and 5 training runs.
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learning time is much shorter than the learning time for a normal multilayered neural
network as described in section 5.6. To illustrate the effect of one of the parameters of

fl=y)
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Figure 5.13: 3-D Illustration of the effect of collisions in the CMAC algorithm, due to
incorrect parameter choices.

CMAC, an experiment was done with a table size too small for the function to be learned.
This led to collisions in the table space and gave rise to rather big distortions in the table
values (see figure 5.13). In figure 5.14 the results obtained with the various types of

0.25

MNN MNN-fast RBFN CMAC

Figure 5.14: Comparison of the minimum value of J,, which was obtained for function
approximation, using the various networks presented.

networks are summarized. Apparently the differences are very small. Only the standard
backpropagation gets stuck in a local minimum. The other approaches only differ in the
number of calculations. CMAC uses the largest number of parameters, but converges
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Figure 5.15: Identification set-up for a second-order linear process using a R*1%' MNN
network.
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very rapidly. For RBFN the smallest network was obtained, using the largest number of
computations.

One of the warnings which is necessary here is that depending on the type of ’error plane’,
every method has its own strong points and therefore its suitable applications. In my
opinion for every learning variety, it is possible to find a suitable application which proves
the suitability of that specific learning method.

5.11.2 Experiments and results using neural identification

In this section, there is a discussion of a number of experiments carried out to illustrate the
capabilities of neural networks for system identification. Using such models, intelligent
control schemes can be set up. The models are used for consultation by a higher-level
decision mechanism (e.g. a knowledge-based system) to produce a proper control action.

The experiments were set up for 4 test cases. Each test case had its own specific process
characteristic. The various methaods for identification (MNN, RBFN and CMAC) were
tested and compared with respect to accuracy, convergence and extrapolative behaviour.
In the case of RBFN the OLS procedure as introduced in section 5.9 was used to obtain
the complete model.

5.11.2.1 Identification of a linear system using neural networks

To illustrate the capabilities of neural networks for practical system identification, an
experiment was carried out with the second-order system, described in section C.1. This
process is described using an input-output equation. The identification model is set up as
a X4 system (see figure 5.15), using the general black-box input-output model. The results
for the MNN were obtained using a recursive updating scheme, RPEM, as described in
appendix D. The learning has a very local character due to the fact that an adaptation of
the weights is calculated for every data point. Therefore, the forgetting factor A has to be
taken with care. The result which can be obtained was rather disappointing as summarized
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in figure 5.17. The value of J, was too high, and in an NOE test (not shown here) a total
drift from the desired output was observed.

The second method was based on the heuristic weight adaptation algorithm. A series-
parallel configuration for identification was used (see figure 5.4). The outputs of the actual
system are fed back to the neural network to produce the output prediction §(k), so the
parameter H,, of equation 5.16 was taken equal to 1. In figure 5.16a the output of the
model was displayed in the initial phase of the identification. It is obvious that a mismatch
between the actual process and the model is apparent. After a training period, the result
was improved drastically as depicted in figure 5.16b.  After a longer learning period,
the error decreased drastically (see figure 5.16d). A comparison with the other methods,
CMAC and RBFN, is depicted in figure 5.17. The results of MNN in combination with
an RPE method have to be interpreted carefully, because this is a recursive algorithm
and the other MNN training procedure using the heuristic weight adaptation scheme is
a batch-oriented approach. The model validation phase was carried out using a test
configuration in which the one-step-ahead prediction was fed back into the system. This
NOE structure was switched on after ¢ = 200. In figure 5.16¢ the results of this NOE
model validation phase are depicted.

For the RBFN, using a hybrid network structure (section 5.9), a disadvantage is the com-
putational intensive data preprocessing phase. In this case however the linear components
were found in a few steps, and a completely linear model was constructed with (nearly)
perfect model fit.

A disadvantage of CMAC is the local learning behaviour, where in principle only locally
correct results are obtained. This effect becomes very clear when a test data set (different
from the training data set) is given as the input of the CMAC network. Data not used for
training, produces a poor result at the output. In order to avoid this problem, it is necessary
to learn ’all’ (e.g. most) points in the input space for CMAC applications.

When the learning time is compared to a conventional least-squares technique, it is clear
that to find the proper parameters ANN solutions are very time consuming procedures.
Firstly, this is due to the fact that a) either the network is nonlinear in its parameters
(MNN and CMAC) or b) much processing power is put into the data preprocessing phase
(RBFN). Secondly, in most cases, a neural network is an over-dimensioned system with
respect to the problem which must be solved. Many local minima therefore exist, and
these have to be avoided by the weight optimization scheme.

The main importance of this experiment is that multilayered neural networks are able to
implement any mapping between an input and an output space, including a linear mapping.
The relation can be approximated arbitrarily close, although it is obvious that for linear
problems the solutions provided by these techniques are far away from the optimal solution
obtained via least-squares estimations.
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Figure 5.16: Identification of the second-order linear system. The initial result is depicted

in figure (a). The result after 2000 learning steps is given in (b). The
modelling power is demonstrated in an NOE structure in figure (c). The
development of the SSE performance measure is shown in figure (d).
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MNN MNN-fast RBEN CMAC

Figure 5.17: Comparison of the result for various neural network types (MNN, RBFN and
CMAC), modelling a second order linear system.

5.11.2.2 Neural identification of a nonlinear system

In this example, the input-output behaviour of a nonlinear system was identified. This
system is described in appendix C (section C.1) as a linear system, extended with signal
limiters and rate limiters. Such systems are often encountered in practice, because nearly
all “real-life” systems incorporate limiters. Especially for digitally controlled systems,
the signal values are limited because of the A/D and D/A conversions. A model was
taken for which a number of these nonlinearities were used. The open loop response
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time (samples]

1
. 1 M |
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50 100 150 200 250 300 350 400 450 500
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Figure 5.18: Open-loop response of a nonlinear second-order system (upper figure), with
a Generalized Binary Noise Sequence as input (lower figure).

with a Generalized Binary Noise Sequence [Tulleken92] as input, is given in figure 5.18.
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table size 216
generalization width | 2°
resolution inputs 0.01

resolution outputs 0.001
learning coefficient | 0.8
basis function Boolean

Table 5.1: Settings for the CMAC algorithm.

This problem is clearly a combination of a linear system behaviour and nonlinear system
behaviour. Within certain regions the system behaviour is completely linear, while in
other regions the nonlinearity becomes apparent.

First of all the order of the system had to be chosen, e.g. how many signals from history
have to be taken into account. Because the system is second-order in principle, only two
previous in- and output signals were taken as input of the network. The size of the network
is the second choice to be made. Jsing the guidelines of Cybenko, based on the proof of
Kolmogorov, 9 hidden nodes have: to be taken.

The results of the one-step-ahead prediction are given. Minimizing the SSE of the one-
step-ahead prediction leads to gcod results. Acceptable results can be obtained using
all network and learning types, used for the comparison. A typical result is given is
section 5.19, where the error of the prediction is very small. The value for J, is in the
order of 0.2 for this kind of prediction error experiment. This value indicates that when
the model is tested in an output error configuration, the behaviour of the model might very
well deviate from the actual behaviour of the system.

Dynamic network

The nonlinearity is observed as local deviations from the linear behaviour. This property
requires a nonlinear modelling technique based on local generalization. The nonlinearity,
coupled to the local generalizaticn needed, is the reason to repeat the modelling using
a CMAC hybrid model. In this model a feedback connection is added, thus creating a
dynamic network. The set-up is depicted in figure 5.20. The training of the network is
performed, with a random input for the system in an open-loop configuration. The CMAC
parameters are summarized in table 5.1. The training procedure requires a large set of
examples, obtained from the system using random input signals. After the training period
(2500 examples) the learning is switched of. The network is used in an NOE configuration,
in which the only external input is given by the input signal of the nonlinear system. The
output of the CMAC is fed back to its input, as depicted in figure 5.20. It is clear that
the nonlinear behaviour is stored in the system quite accurately, while the model is not
drifting away from the actual (simulated) system. Note the fact that no noise is affecting
the behaviour of the system.
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Figure 5.19: Identification of a second-order nonlinear system. Figure a) depicts the
result of a one-step-ahead prediction; b) gives the error (SSE) as a function
of the number of learning steps; c) the development of the performance
measure J,.
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Figure 5.20: Dynamic CMAC neiwork for identification. The network is second-order
using two external (delayed) inputs.
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Figure 5.21: Result of NOE test for second-order nonlinear system, with a dynamic net-
work configuration based on CMAC. The output of the system is shown in
the upper figure. The lower figure shows the control signal.
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parameter value

training set 250 samples

final error criterion | e¥e/yTy = 2.010~*
width of RBF p=02

Table 5.2: Settings for the OLS algorithm, used to select centres of radial basis functions.

Hybrid network

The fact that the system incorporates a linear part makes it also possible to use a hybrid
model structure. The disadvantage is that this linear model lacks local generalization
properties, which are necessary to model the nonlinear parts. These parts have to be
“compensated” by the nonlinear model part. Despite this disadvantage, good result can be
obtained when applying this strategy. As suggested in section 5.9, an RBFN was chosen,
parallel to a linear structure. The identification experiment was carried out using a data
set of 250 samples recorded from the system (see 5.18). The model order was taken equal
to 2, e.g. an input vector of the network is constructed as:

1.(]6) = (y(k - 1),y(k - 2)’u(k - 1)7u(k - 2))T

The settings for the OLS procedure are given in table 5.2. The radial basis function
are Gaussian functions, width p = 0.2. In figure 5.22 the results of the hybrid network
structure are depicted. The OLS procedure ends up with 4 linear regressors and 27 centra
for radial basis functions. The one-step-ahead prediction gives good results: hardly any
error between the prediction and the actual value can be encountered. The output error
method, in which the output of the networks is fed back to its input, gives more insight
into the quality of the model. The model succeeded in modelling the signal limitations
very well, but the rate limitation was still not modelled perfectly. However, despite the
"free-run mode” the model does not deviate from the actual process. The correlation of
the residuals are given in figure 5.23, which shows that the accuracy of the model lies
within the selected interval of confidence.

The result obtained by the model is good, but not as good as that described when using
a dynamic network using CMAC. This is mainly because that a local generalization
property is required. This property is offered by CMAC, but because of the complexity of
the model a large table is required. The model obtained with the hybrid RBFN model is
very compact.

5.11.2.3 Neural identification of a system with nonlinear gain

A system which inhibits a very nonlinear gain is described in section C.2. The system is
used to imitate a titration curve. The nonlinearity makes it difficult to apply *normal’ con-



5.11

IDENTIFICATION EXPERIMIENTS USING ANN

155

k)

50 100 150 200

time [samples]

(a)

NOE_y(k)

10-step ahead y(k)

Figure 5.22:

50 100
time [samples]

150

(b)

Time responses: input sequence and output sequence of the system (solid
line), compared to the network output (dotted line). The network outputs
represent different interpretations: (a) Prediction error method (prediction
horizon of one sample) (b) Output error method (prediction horizon is infi-
nite) (c) combinatior. of (a) and (b): prediction horizon of 10 samples



156 ANN FOR IDENTIFICATION

. Autocorrelation of the residual

200 -150 -100 -50 0 50 100 150 200
delay time [samples]

Crosscorrelation of the residual and the input
T T T T T

L 1 It

-200 -150 -100 -50 0 50 100 150 200

delay time [samples]

Figure 5.23: Correlation functions of the residuals. The dashed lines denote the bound-
aries of the 95% confidence interval.

ventional (linear) control. The design of such a controller is disturbed by this nonlinearity,
resulting in a very weakly tuned controller. Applying a PI type of controller, for example,
leads to a controller tuned for the area around ph=7, which is the most sensitive area of
the system. From this model a data set was derived which is depicted in figure 5.24. The
objective for modelling is to minimize the total error SSE on the one-step-ahead prediction
of this process output. The model can be given as a difference equation, using a sampling
interval of 1 second:

yp(k) = yp(k — 1) + exp 30Dl (% — 1) (5.56)

The learning procedure is started using the heuristic training procedure mentioned in
section 5.8. The network is set up according to the guidelines given by Cybenko and
Kolmogorov. Using these guidelines a R*®! network is used. The initial result is depicted
in figure 5.25a. The result after a training period of 25 weight updates is depicted in
figure 5.25b. The accuracy which can be obtained using this neural identification depends
on the size of the network and the number of learning steps applied to the network. In
order to illustrate the superior modelling capability over that of linear identification, an
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Figure 5.24: Response of system with nonlinear gain to a GBN input sequence. Figure
(a) gives the GBN input sequence while (b) depicts the output signal.
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Figure 5.25: Identification of a system with highly nonlinear gain. The initial result of the
identification procedure is given in figure (a). Figure (b) gives the result of
the one-step-ahead prediction after 25 training steps.
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experiment was carried out in which a linear model was estimated. The criterion value
for the mean square error value of this data set is J, jipear = 10~%. But when the validity
of the model was tested in an NOE structure in which the model output is fed back to
the input of the model, a large deviation from the actual behaviour was observed (see
figure 5.26a). The same experiment, but now applying the neural network gave a criterion

2 —uk
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Figure 5.26: Figure (a) gives the result of a model validation of a linear model, while
figure (b) gives the result of a neural model in an output error configuration.

value J, MNN = 10~“. Despite the lower value for the mean square error criterion, the
model incorporates the behaviour of the system, especially the nonlinear characteristic.
This is really a remarkable result. The explanation for the relatively low value of the
criterion is the fact that the data set contains only a few points which really excite the
nonlinearity in the system. The influence of these few points in the data set on the criterion
value is very low. Again the necessity of a thorough model validation set was made clear.
Output error configurations are the most appropriate candidates to obtain this validation.

The results of the CMAC approach are encouraging. Using the same data as described for
the MNN, a learning experiment was carried out in which CMAC identifies the observed
behaviour by making one-step-ahead predictions, as explained in figure 5.4. The learning
module is trained in an output error configuration, using the predicted output as an input
for the CMAC module.

The convergence of the three methods (linear, MNN and CMAC) shows some remarkable
differences. The linear identification procedure is very fast. By applying batch-oriented
learning over the complete data set, the least-squares error solution is found within a few
calculation steps. For the MNN approach every weight update corresponds to a correction
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with respect to the complete data set using a cumulative error for the weight updating
procedure. CMAC is trained in a sequential way, because of the NOE structure. The time
in which convergence is obtained is much slower that in the linear case, but faster than
for the MNN case. The other structural difference between MNN and CMAC concerns
the local properties of CMAC. Where MNN are used to get a global model fit (using
continuous nonlinear functions), CMAC uses locally generalizing functions. When a
recall of the system behaviour is required outside the learning range (other values for the
input signal for example) the CMAC model will produce a very poor model fit.

So far the “standard” methods using a full neural model have been discussed. To show
the superior behaviour of a hybrid approach, the hybrid RBFN is here examined.

Figures 5.27- 5.29 show the identification results obtained from the OLS-procedure as
applied to a noise-free data set from the system. Table 5.3 summarizes the identification
specifications. The model is obtained by the evaluation 400 data points. A compact model
of 31 network nodes is selected. With this model, an error criterion value of 2.0E-04
is attainable. The correlation functions show that this model is quite good, as can also
be concluded from the time-responses. To demonstrate the various uses of a dynamic
model, we show the following way in which the time responses of the networks model are
produced.

e Prediction error method (all purposes) in which the one-step ahead prediction is
compared with the actual output:

gk +1) =Y wudi(ri(k)) + w) = (k)

=1

ri(k) =l 2(k) — e |
a(k) = [ y(k) u(k) ]|
Blr) = "

e Output error method (e.g. off-line control synthesis) in which the output of the
model is fed back to the input of the model:

g(k+1) = i_l:wliﬁbi("'i(k)) +wj (k)
ri(k) = || (k) — < ||
z(k) = [ 9(k) o(k) |

B(r) = e 5
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training set 400 samples

final error criterion | e’ ¢/y’y = 2.0E-04
width of RBF p=02

linear model terms | y(k) 4 0.025u(k)

Table 5.3: Settings for the OLS algorithm.

[ Model | J, |
MNN 0.35
MNN-fast 0.12
CMAC 0.15
RBFN 0.12
Hybrid model | 0.0442

Table 5.4: Comparison of J, for 5 modelling approaches.

e 10 steps ahead (e.g. model-based predictive control): Application of the output
error method during 10 successive samples, and application of the prediction error
method during one sample at the beginning of a 10 samples horizon.

The settings for the OLS procedure are given in table 5.3. It is clear that in this case,
where a linear part is apparent, a hybrid model approach is superior to full neural models.
The accuracy reached can be expressed clearly by that of comparison of the J, value.
This comparison is summarized in table 5.4. The use of a hybrid model (linear + RBFN)
produces results superior to those obtained from full neural network models. The greatest
advantage of this approach (OLS procedure) is the fact that when no linear behaviour is
included no linear part is selected. The same holds for the other situation: if a linear
model is identified, no nonlinear parts (centres for radial basis functions) are selected by
the OLS procedure.

5.11.24 Case study: waste water purification system.

The last example in this section is a case study which was worked out using ’real data’
obtained from an industrial process. A typical NARMAX modelling approach was taken,
in which no structural information concerning the process was assumed. The only choices
which had to be made were concerned with the basic dynamics of the system and the
important parameters which influence the output behaviour.

Process description
A waste water purification system was taken for this case study. Such a system is a
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Figure 5.27: Time responses: input sequence and output sequence of the system (solid
line), compared to the network output (dotted line). The network outputs
represent different interpretations: 1. Prediction error method (prediction
horizon of one sample) 2. Output error method (prediction horizon is infinite)
3. combination of 1 and 2: prediction horizon of 10 samples.
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Figure 5.28: Correlation functions of the residuals. The dashed lines denote the bound-
aries of the 95% confidence interval

rather complicated nonlinear system. Many attempts were made to model this system
in a physical way. Especially the amount of silk as a by-product of this purification is
important. In the literature the IAWPRC model is assumed to describe the basic dynamic
behaviour of the system.

The model to be obtained is supposed to have 5 relevant input signals. For this purpose
a data set is taken in which the 5 input signals and the output signal are measured, In
figure 5.30 these input variables and the output variable are depicted. The samples are
taken every hour of the relevant variables for this submodel. The output of the submodel
is a value indicating the amount of silk produced.

Many attempts have been made to obtain an accurate physical model. Until now these
attempts have not been very successful, because no exact physical mathematical model of
this system is available. This prompted us to test the applicability of neural identification
methods with a real black-box model. To apply these methods, the time delays had to be
known in advance because we wanted to identify causal relations between the inputs of
the system and the output svi. The values for the delays between the input variables and
the output were obtained from previous research ([Sommeling92]), and given in table 5.5.
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Figure 5.29: Upper plot: Development of the error criterion of the OLS procedure. Lower
plot: Scatter plot of data points (-) of the system and centres (o) of the
Gaussian radial basis functions, found using the OLS selection procedure
and the first 400 data points.

Variable | Time delay
(hours)

inputl |7

input2 |8

input3 |11

input4 | 123

inputS |5

Table 5.5: Time delays in the measured inputs of the submodel of the waste water purifi-
cation system.
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Figure 5.30: Waste water purification system: Measurements of 5 relevant input signals
and the output signal, as a function of time.
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The values for these delays were determined in an experimentally, using cross validation
techniques.

Identification set-up and results

In the previous examples it has been observed that standard gradient descent methods do
not give acceptable results. The use of very local generalization methods like CMAC
results in a large number of parameters. In this section, first, the use of heuristic weight
adaptation is reported.

The dynamics of the system is globally estimated as a first-order behaviour. Therefore,
one delayed element of the output variable is taken as input for the neural net. The aim
of the identification is defined as the minimization of the SSE value of the one-step-ahead
prediction,

The network dimension is taken as X%'5®, which is close to the guidelines of [Cybenko89].

A performance measure based on the variance of the error signal is given as J,, which
should be close to 0, indicating convergence of the model. In figure 5.31 the development

Performance plot

Output
N

30 40 50 60 70 80 90 100

Time

Figure 5.31: Development of the performance measure J, as a function of the number of
iterations. The solid line is the performance measure for the training set,
while the dashed line depicts the performance for a test set.

of this performance measure is given. The figure makes clear that the performance measure
improves very suddenly, even after an initial deteriorating behaviour. The result of the one
step ahead prediction is given in figure 5.32, which shows that the prediction is very close
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Figure 5.32: Result of the one-step-ahead prediction (dotted line), compared with the
measured output of the waste water purification system (solid line).

to the actual output of the system. Note the fact that only the one-step-ahead prediction is
depicted in a series-parallel identification structure.

The total quality of the model is validated using an NOE test structure, in which the model
is used in dynamic structure using its own output at the input of the network. The test
procedure is as follows: after 100 samples the structure of the test is changed from NARX
to NOE. The result obtained is not shown here, because of the fact that the model drifts
away from the actual process data. From this experiment it is concluded that the model
is not good enough to be used for long-term predictions. Short-term prediction (within a
horizon of 5 samples) however gives results, better than the results obtained thusfar using
linear models.

When the hybrid modelling structure is used, a compact model is obtained. It consists of
a first-order model, combined with a set of 11 radial basis functions. In figure 5.33, the
result of the model is depicted in the case it is used as a 10-step ahead predictor. Although
the result is not perfect, and a prediction error is observed, the results are far better than
the results of a linear model. In NOE configuration the model also drifts away from the
real data. figure 5.33. This example demonstrates again the applicability of hybrid neural
models for black-box system identification.

It is well to realize that the quality of the model can be influenced by the relation assumed.
If the dynamic behaviour of the system is closer to a second order behaviour (or higher-
order) more delayed inputs have to be taken as inputs for the neural model. This was not
the aim of the case study. The aim was to show that black-box modelling can offer a good
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Figure 5.33: Test of the hybrid neural model, used for 10-step ahead prediction. The
prediction is given as a dotted line, while the actual output is given as a solid
line.

alternative when no physical insight is available.

5.11.3 Evaluation

In the previous sections it has been demonstrated that neural networks can be used very
well for identification purposes. Both linear and nonlinear systems can be identified
satisfactorily. Model validation, however, is important to evaluate the quality of the model
in an off-line situation. Output error structures are the most appropriate configurations to
test the validity of the model obtained. The structure of the model to be identified can
be chosen according to the process knowledge available, but also more general black-box
models are appropriate.

The models derived by this technique can be used in a "normal’ internal model control
(IMC) structure, in which a model is used for evaluation purposes by higher level decision
modules, in order to answer the question what happens if a control action is given to the
system. Predictive control algorithms are appropriate candidates for such IMC approaches,
in which the model is used for on-line optimization of the control vector to be applied to
the process.

The final results obtained with either one of the approaches (local or global generalization)
are in many cases comparable. It is, however, clear that the proposed hybrid model
structures have superior quality.
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5.12 Quantization

Using neural networks for modelling purposes offers the possibility to identify systems in
a black-box approach. The precision required is closely correlated with the learning time.
The higher the precision required (within a test set) the longer the learning and training
time in general. The quality of the model obtained this way is therefore related to the
training period.

The quantization can be chosen according to the requirements imposed on the model. The
input and output space can be quantized. The neural net is then trained to map a limited
number of input states into a limited number of output states. This reduces the complexity
of the solution, but reduces the precision which can be obtained.

In the examples shown, it is clear that CMAC has good modelling properties, combined
with fast learning compared to the MNN approach. RBFN networks combine the advan-
tages of the local generalization properties of CMAC, nonlinear functions approximation
of MNN and the convergence properties of linear estimation techniques. But this is the
place to draw the attention of the reader to a disadvantage of the CMAC approach. When-
ever a point in the relation between input space and output space is not previously shown
to CMAG, it is not able to produce a result, except in the case where this point lies within
the generalization width of the CMAC. The CMAC will not remember anything about
things it has not seen. Although this principle seems very plausible, in practice it is a
serious problem. Where MNN will produce an intermediate result if a point in space has
not been trained, CMAC produces a zero output. Thus the generalization width of MNN
is much larger than the generalization width of CMAC. The generalization width of RBFN
networks is determined by the width of the radial basis functions used in the input layer
to transform the inputs. When the function to be modelled is a high dimensional function
(many inputs) and is very nonlinear, the number of radial basis functions to be chosen
grows exponentially. Although the optimization problem remains linear, the dimension
of the solution space leads can easily lead to unpractical systems with respect to their
dimension.

To obtain reliable results using the CMAC approach, the training data must be distributed
over the complete input space, within the generalization width of each point. Therefore,
many more examples must be given to the CMAC for it to produce an overall good
behaviour. This is in sharp contrast to the MNN approach where the number of examples
can be much lower, but the learning performance is also much lower.

The advantage of the proposed hybrid models is the combination of both global (linear
part of the model) and local generalization (RBFN part of the model). In the examples
shown, compact models with high precision have been obtained.

To give the reader some idea about the properties of CMAC-like approaches, compared
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to other more conventional method like backpropagation networks, a comparison is made
between two neurally inspired models: CMAC and backpropagation networks. CMAC
belongs to the category of Associative Memories (AMS), which uses local interpolations
for modelling. RBFN networks are of the same class of networks. Backpropagation
networks use global approximations to model a function. These two neural models can be
seen as a contrast to more classical models, which use polynomial approximations. One
of the problems with these classical methods is that they have (big) problems modelling
nonlinear systems. The number of coefficients in the polynomial increases as the input
dimension increases. Where:

(n+q)!
nlg!

ne(n,q) = (5.57)

in which g is the order of the polynomial and n the dimension of the input. In the literature,
some methods are known which use a local interpolation between a certain number of
known data points near an asked point. This is performed by calculating the least-squares
plane following a procedure suggested in [McLain 1974]. This method is known as the
McClain type of interpolation. An associative memory based on this principle is called a
MIAS (McClain Type Interpolating Associative Memory). The main problem is that all
data points have to be stored and found. Therefore the memory capacity and the access
time are increasing with the number of training points ¢.

In the previous sections however we have seen advantages and disadvantages of both
methods. The choice for a specific method depends on the type of application, and
the possibility to collect data for training. Especially methods, related to memories
and Associative Memories (like CMAC) require a huge training set, distributed over the
complete input space of the relation to be learned.

5.13 Conclusions

In this chapter artificial neural networks have been introduced as one of the ’products’ of
the Al research, as the counterpart of symbolic methods. The attractive idea of systems
which can learn is used as the bas:s for the identification of unknown nonlinear systems.

ANN are universal approximators. By transformation of the identification problem of
dynamic systems, into the learning of a static multidimensional mapping, neural networks
can be used for identification.

Neural networks can be classified according to their ability to generalize. CMAC is a local
generalizing network, where MNN are networks for global generalization.

RBFN networks are positioned in between. The results of RBFN, MNN and CMAC are
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in many cases comparable. The choice for either one of the networks depends on the
demand for local generalization. When a strong local generalization is required CMAC
is the best candidate. When local generalization is desired, but with a somewhat larger
generalization width, RBF networks are the proper candidates. For global generalization
MNN is a good alternative, combined with an improved weight optimization scheme.

Batch-oriented approaches are more reliable and offer faster convergence than in-line and
recursive identification using neural networks. In combination with the heuristic weight
optimization algorithm (section 5.8) good results are obtained for training MNN.

This heuristic scheme is a combination of a number of heuristics reported in the literature
as improvements on basic gradient learning schemes. The heuristics are based on well-
known rules of thumb and the theoretical results of linear system identification techniques.
Common optimization problems, like local minima, will be met in neural network weight
optimization as well.

The introduction of hybrid models, using a combination of a linear network and an RBEN,
has made compact models possible. These models have proved to be reliable. The
disadvantage is the off-line data preprocessing which has to be done to obtain the model.
Once the model has been obtained, a linear (recursive) parameter update scheme can be
used in real time, to cope with small parameter variations.

For all models obtained using neural network identification, model validation is of crucial
importance. The linear part of the hybrid model can be checked for its stability in an easy
way by examining pole/zero locations.



Neural networks for
control

6.1 Introduction

Using neural networks for control purposes is the next logical step in the application of
these techniques. The objective is simple: provide the appropriate input parameters to a
system in order to obtain the desired behaviour. Given the current state of the process,
the controller has to provide a set of control values which allows the system to reach a
given target. There are several possible means and architectures, to use neural networks
for control. In the following sections, the possible configurations to incorporate neural
networks in control schemes are given. The advantages of a neural control approach
are clear: no explicit analysis of a system is required to obtain the controller and its
corresponding parameters. When looking at the hardware implementations of these kinds
of networks, the advantages become even more clear. Because of their structure, parallel
implementations can provide very fast computations and response times. Their application
in time-critical situations is therefore an objective for the future.

The general division in control strategies is set up using two properties: (a) the model
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and (b) the controller. For both properties a number of strategies and approaches can be
used. The first choice is concerned with the use of a model: either the model is a part of
the controller (and can be evaluated to determine the control action) or no explicit model
is used. The second choice is whether a neural network is used to implement a control
strategy or not. And, of course, a number of hybrid forms are possible in which both
mathematical and neural models are used in combination. However, in the interests of
setting up a clear frame of reference, these mixed forms are not considered here. In the
following subsections descriptions are given of the possible combinations of the methods
mentioned above. These combinations are:

e the use of a direct intelligent control approach, in which a neural controller is used
as a signal-based controller without a model of the system

¢ the use of a conventional controller in combination with a neural model

e the use of both a neural model and a neural controller.

In the following sections a number of these control strategies are introduced and derived.

In chapter 3, the general concept of Internal Model Control (IMC) is given, in which a
model is included in the control loop. This concept is used as the basis for the model-
based control structures evaluated in the subsequent sections. In section 6.2, a number of
strategies are discussed in more detail: reinforcement control, inverse control , translated
error control . The predictive control configurations are discussed in section 6.3 using both
model-based and model-based predictive strategies. A basic comparison of the methods is
given in section 6.4. The controllers presented are experimentally evaluated in section 6.5
with respect to their accuracy and convergence. The evaluation of the results is given in
section 6.6. Finally, conclusions are reported in section 6.7.

6.2 Neural control configurations

The IMC is a reliable configuration to test all kinds of neural control methods. This
section describes configurations which use ANN as a part of the control loop, either as the
controller, the model or both. Throughout the sections introducing the control concepts
an example is used which is rather simple, but it illustrates the learning and control
capabilities of neural networks. This SISO system is described by a nonlinear difference
equation:

y(k) = y(k 1)

= W(—I—c——l) +u(k—1) (6.1)
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Using this example, a first impression concerning accuracy, convergence, training time,
etc. is obtained, without going into detail and avoiding high order problems. In figure 6.1
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Figure 6.1: Open-loop response (upper figure) of the test process for a GBN input sequence
(lower figure) with a switching probability of 0.95.

the open-loop response of this system is given. The control of this system is simple when
the transfer function is known. From equation 6.1 the value for the control signal can be
derived by substitution of the process output value y(k) by the the desired process value
at the next sample:

y(k)

(6.2)

The control thus obtained is shown in figure 6.2. The control is perfect. Between the
reference value and the process output only one sample delay appears.

First, two direct approaches are given using a direct intelligent control approach, in which
a neural network is trained for control purposes without an evaluation of a (neural) model.
Second, a description is given of the use of a (neural) model to obtain a control strategy,
which can be either neural of conventional.

6.2.1 Reinforcement control

In a direct intelligent control configuration, using a reinforcement technique for signal-
based control, the learning is based on the following idea: if an action is followed by a
satisfactory result or by an improvement of the behaviour, then the tendency to generate that
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Figure 6.2: Perfect (time-optimal) control of test process; The upper figure depicts the
reference signal (solid line) and the process output (dashed line). The lower
figure depicts the corresponding control signal

action is strengthened or reinforced. In the combination of action selections with methods
to estimate the longer-term consequences of these actions, optimal control strategies can
be achieved for nonlinear systems.

This kind of neural control is based on a direct adaptive control approach using a neural
network. The learning is a supervised learning strategy, in which a critic is calculated
in order to update the weights of the network. This critic can be formulated in many
ways, for example by expressing the quality of the control obtained so far. A well-known
example in the literature is the pole-balancing problem [Anderson87]. A pole is placed on
a little wagon which can be moved over a certain region. The aim is to balance the pole by
moving the wagon to the left or the right at the proper times. This learning procedure is
a typical "trial and error’ procedure, but it is very interesting because no implicit model is
necessary to train the controller. The type of network can be a ’conventional” multilayered
feedforward network.

One of the possibilities to decrease the learning time, is the addition of a stochastic signal.
This stochastic signal helps the network to find the proper relations.

Remarks: The advantage of this kind of control is the fact that any criterion can be
used to optimize the controller. The basic assumption is that there is a clear causal
relationship between the control action and a value of the criterion. When this assumption
is violated problems arise, due to unnecessary and invalid adaptations of the controller
network. Therefor a clear relation must be available between a deviation of the criterion
and a control action. In other words: it is not always known which control action is
"responsible” for a deviation from the desired behaviour. Many experiments have been
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observed in which the controller drifts away from the desired behaviour due to this credit
assignment problem. Only for systems in which there is a clear relationship between
the observed control error and the responsible control action is this method a proper
alternative. Systems for which the dynamics are fast compared to the sampling interval
(first-order systems) are good examples.

6.2.2 Inverse control

Inverse control is a mixture of the model-based and the direct neural control approaches.
The idea behind inverse control is that by learning the inverse behaviour of the process,
a kind of dead-beat control is achieved. The relationship which must be learned by the
neural network is the required control signal (sequence) to generate a future process output
signal (sequence). If the process behaviour is described by the mapping f:

yt = flum,ut y] (6.3)
then for inverse control the function g is learned:
ut =glu”,y",y7] (6.4)

In practical implementations and in the literature, the prediction horizon is taken equal
to 1. If no time delay is involvec and the system is minimum phase this leads to dead-
beat control. Problems arise in those cases where time delays are involved or when the
relationship is not a causal one, due to a limited prediction horizon. A wide prediction
horizon, however, results in a very complex mapping which has to be learned, due to the
high dimensions of the input and output space.

The approach is especially useful when the system to be identified is invertible. A simple
description of invertibility is: a system is invertible when it is in a process state if no
control u; (k) # u2(k) exists such that the resulting process output at the next time instant
is equal: yi1(k + 1) = y2(k + 1). This is a very strong demand imposed on the system
behaviour, but if this is the case, we can state the following: if the model of the plant is
indeed invertible, then the inverse of the plant can be approximated in the same way as
the plant, and can therefore be used for control purposes.

The demand for the invertibility is a strong one, but not always necessary. Even systems
which do not meet the invertibility property can be controlled by using this strategy. But
in many cases inverse control cannot be applied, so that when using the IMC configuration
(figure 3.2) in order to keep the svstem stable, the filter F* has to be chosen such that the
performance is low.
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Control configuration
The training of an inverse controller requires a set-up in which a large number of training
examples must be presented to the network. These examples must be chosen such that
the complete mapping between input and output space (spanned by sets of input-output
pairs) is shown to the network. Such a set-up requires freedom in the choice of the control
signal. In a practical set-up this is not the case, so another (backup) controller is used
during the learning phase, to generate a wide variety of examples. A possible strategy
is to use a classic PID controller disturbed with noise to generate extra excitation of the
process. The network is offered all input signals via Tapped Delay Lines, to generate
the vectors of equation 6.4. After the training period, the control is switched over to the
network, thus performing inverse control. In practical situations, it is advisable to offer
the system a filtered set point (into prevent stability problems and too-large control signal
variations).

The control configuration is trained using a CMAC module to implement the neural
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Figure 6.3: Result of inverse control of the system described in equation 6.1 using CMAC.
The upper figure depicts the output of the system and the set point. The lower
figure gives the control signal.

network. CMAC is chosen because of its fast learning characteristics. The control results
are depicted in figure 6.3, the results derived are close to the optimal control signal which
can be calculated from equation 6.1 by the elimination of u(k).

The system is, however, very sensitive to disturbances. If a disturbance is added, a violent
control action is the result.
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6.2.3 Iterative inversion

As shown in section 6.2.2, problems with inverse control are related to the (global)
invertibility of a system. Iterative inverse methods are used to find the inverse model of
the process in each operating point. This method is especially useful in singular systems
which only satisfy the invertibility conditions locally, and not over the whole operating
space [Hunt91].

This approach can also be used when it is necessary to have small networks because of
memory or calculation time limitations. Although the accuracy is restricted, compromises
between the speed of convergence and storing capacities can be made provided by storing
initial values for the iterative method. The iterative method is used to optimize a criterion
J iteratively:

J = min[ya(k +1) - Gk + 1)) (6.5)

The objective can be summarized as the optimization of the error between the desired
output of the system (ya(k + 1)) and the estimated value of the actual process output
Yk + 1) given the control signal u(k). An iterative scheme to solve the optimization is:

W™ (k) = w () + (galk + 1) — Gk +1)) (6.6)

The value of 4 determines the rate of convergence of this iterative scheme. The initial
value u°(k) can be chosen arbitrarily, but a more sophisticated estimation of a proper
control signal speeds up this iterative search considerably. The main advantage of iterative
inversion over an inverse control scheme is the fact that no inverse of the system is used
for control, thus avoiding the typical stability problems which arise when using inverse
control.

Remarks

The question as to whether this iterative scheme to search for the optimal control action
is valid depends on the accuracy of the model and the validity of the initial value of the
control action. When a good initial control action is generated, the optimization procedure
is a straightforward line search procedure. For a MIMO system this iterative scheme can
be used as well by making use of a vector notation for equation 6.6.

Illustration

To illustrate the effect of iterative inversion, the example described in equation 6.1 is
taken. The model is trained using a MNN in a learning configuration with a PID controller
as described in the previous section. The network is trained with the heuristic training
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concept as described in section 6.2.2, for a configuration with 2 inputs and 7 hidden
nodes. Using this simple network configuration, it is possible to obtain very good results
using iterative inversion, because the network almost never gets stuck in a local minimum.
Therefore, almost any starting value u%(k) leads to convergence to the optimal control
signal. Using v = 0.1 yields results comparable to those given in figure 6.2.

6.2.4 Specialized Learning Architecture

In specialized learning architectures [Miller90] the controller no longer learns from input-
output pairs, but from an evaluation of the network and its accuracy in respect to the
Controlled output of the process. The control scheme is an indirect adaptive control
scheme in which a neural model is used to generate a learning signal for the neural
controller. The control error e., given by an evaluation of the difference between the
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Figure 6.4: An Indirect adaptive control scheme using neural networks for both modelling
and control. The approach is also known as the translated error approach
(TDL = tapped delay lines). (figure adapted from [Narendra90])

actual process output and the desired output, is used to adapt the neural controller (see
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figure 6.4). This error evaluation can be used in many ways. The main difference between
this controller and direct signal-based controllers is the fact that the controller network is
trained by using information about the control performance.

The evaluation signal related to the control error, in order to train the controller network,
can be chosen using a prior knov/ledge of the process (e.g. a model) or by constructing
a performance measure. The first approach is a very interesting one because knowledge
of the process is involved. This knowledge can be used to calculate the error signal to
train the controller. One of the most promising methods is to use a model, implemented
as a neural network. This model can be used for backpropagation of the error through
the model of the plant to be controlled. Therefore, we compute the error in terms of the
outputs of the system to be controlled:

T =55 (k) - valk)) (67

k

in which y4(k) are the desired outputs. A gradient-descent technique is used for weight
updating:

We focus now on the use of the gradient information to implement this kind of control.
To derive the value of ~ We use the chain rule for differentiation

0J Ou(k)
wa z du(k) Ow;;

(6.9)

The values for %“w%l can be obtained by using the backpropagation rule. The remaining

part to be computed is the gradient descent in the control parameter space: au(k) This
term represents the gradient descent in the control parameter space:

8J  _ 87 Oylk) _ Byy(k)
du(k) 2 y(k) Bu(k) > (wolk) — ya(R)) 2= Bu(h) (6.10)

k k

To use this control technique, we conclude that we need the Jacobian of the plant to use the
learning mechanism. To obtain this value a model is required. A neural network model
can be used to generate this approximation of the Jacobian. Under the assumption that this
model is correct and converged, we: can propagate the error back to the input vector. When
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the mode] has been updated using an input vector in which the control signals are used,
we obtain an estimated value for the Jacobian. Using this approach we have translated the
error into a representative value for the Jacobian: the translated error approach. In the
literature [Soquet90] some applications are found in which only the sign of the J acobian
is used. This sign value is obtained from a coarse model of the process. The control

Figure 6.5: Internal Model Control using 2 neural networks, for both the model and the
controller.

structure can be completed by embedding it in an IMC structure (see 6.5).

Remarks

Unfortunately this method requires a long learning period before actual convergence is
reached (if it is reached) and the control can be applied to the actual process. The accuracy
of the controller depends completely on the accuracy of the model obtained. Especially
with respect to robustness, this is an undesired property. Every deviation of the model
from the actual system leads to an unpredictable behaviour of the control system. The
model mismatch is not taken into account during the learning of the controller. However,
an IMC structure can be used to obtain a stable overall behaviour. The main problem
is the adaptation of the controller in accordance with local information. Using gradient-
descent methods to update the network weights, local learning is achieved. However, local
learning leads to local (nonoptimal) solutions.

Illustration

This approach is split into two phases. First the model is trained. In the second phase the
controller is trained. For both networks an MNN is used. The training procedure of the
controller proved to be a time-consuming process despite the relatively simple structure
of the problem to be solved. The result of the controller, after 5000 training examples is
depicted in figure 6.6. This result is achieved with a learning factor 0.02, which explains
why the result is rather poor after such a long training period. Higher values for the
learning factor result into local adaptation and ne learning.
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Figure 6.6: Result of translated error control of the test process after 5000 training ex-
amples. The upper jigure shows the process output (dotted lines) and the
reference signal. The lower figure shows the control signal.

6.3 Predictive Control

Predictive control is an attractive: control strategy (see also section 4.6.3). Using this
principle with the inclusion of a model, an optimization procedure is defined in which the
control signal at the current time is determined taking into account a criterion imposed on
the process behaviour in the future. The use of a model is essential in such a configuration.
There are two approaches:

o neural model-based predictive control: a nonlinear model is used as a model for an
optimization algorithm in searching for the optimal control vector. The model is
only used to evaluate the effect of a control action

¢ neural-model control: a strategy in which a neural network is trained such that
it optimizes a criterion. The model is only evaluated in the training phase of the
controller.

The principle of both approaches is given in the following sections. There is a discussion
of the applicability of these methods to (real-time) control.

6.3.1 Model-based predictive control

Model-based predictive control strategies which use nonlinear models overcome a number
of the disadvantages of predictive control strategies that use linear models. When using
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these linear models, a continuous (local) adaptation of the model is required, e.g. no real
learning of the model is achieved. A typical criterion for a predictive control strategy is:

Hy
J = min 3 [yp(k + ) — ya(k +1)]° + 6A%u(k + 1) (6.11)
u i=1

The (locally) optimal control vector u is obtained when the following condition is satisfied:

aJ

In the optimization procedure, the real future process outputs are replaced by estimations:
HP

J= n&’n) 3 [k + 1) — ya(k +3))° + 6A%u(k + 7) (6.13)
i=1

The future predicted values of the process output (§,(k+2)(¢ = 1,2, - - -, Hp)) are obtained
via the (neural) model. The desired output is described via a reference model (ya(k+i)(¢ =
1)2a et )Hp)-

For nonlinear models, no closed analytical expression to solve the optimization procedure
can be derived in general. The same holds for ANN. This contrasts with methods using
a linear prediction model ([Soeterboek90a]), in which an analytical expression can be
found to determine the optimal control signal vector u(k). When no closed analytical
form can be derived, an iterative and on-line optimization scheme has to be used. Such an
optimization scheme relies on the quality of the model. If no good model is obtained, the
results of the control strategy may cause the system to deteriorate. Therefore good model
validation is required.

The advantage, however, is the use of more general criteria for the optimization of the
control action.

Hlustration

The example of the process of equation 6.1 is given for this approach as well. For this
objective a model is derived using the hybrid modelling discussed in chapter 5 which is
based on RBFN. Without going into detail about the parameters, the result of this model
is shown in figure 6.7a. The criterion to be optimized is described in equation 6.11 with a
prediction horizon H, = 2 and a controller increment weighting § = 1. In figure 6.7b, the
result of the predictive control scheme is depicted,which shows the effect of the controller
increment weighting. When omitting this weighting the control achieved approaches the
time-optimal control, shown in section 6.2 in figure 6.2.
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Result of predictive control. In figure (a) the result of the hybrid model and
the actual system output are given in an NOE configuration (free-run). Figure
(b) depicts the result of the predictive control scheme. The upper figure shows
the set point (solid line) and the process output (dotted line), while the lower
figure shows the control signal,
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6.3.2 Neural Model Controller

In section 6.2.4, a specialized learning architecture using an internal model structure, in
which two neural networks are used to control the system, is described. In this section,
a control strategy is derived where the controller networks is trained using a predictive
control strategy in order to minimize a multistep criterion. If we define the data vector as
¢.(k) containing all inputs of the controller network, the controller signal can be defined
as a nonlinear function g:

u(k) = g(¢.(k), 0:(k)) (6.14)

This nonlinear function and the controller parameters are unknown. This expression can
be approximated:

u(k) ~ g(¢.(k),0(k — 1)) (6.15)

Just as for the translated error approach, the sensitivity of the control error with respect to
the controller parameters must be derived. In the IMC structure we define the identification
or model error e;(k) = yo(k) — gp(k). The partial derivative of the prediction with respect
to the controller parameters is:

5ok
v, (k) = 3’{,’;’—5) (6.16)

This ¥, is the gradient of the predicted output. This expression can be expanded
[Koivisto92]. The prediction g,(k) is a function of the vector 8.(k), and thus of
u(k — 1),u(k — 2),--- and gp(k),Jp(k — 1),---. The prediction is obtained from a
neural model which is assumed to be close to the actual process behaviour:

p(k) ~ f(0,(k — 1)) (6.17)

where 8,(k — 1) is the data vector of the model. Now we can write
9f(pp(k — 1)) Z & Of(Pp(k — 1)) dgp(k — )
o8, o Ogy(k—1) de.

o Of (@K — )) du(k — 1)
t2 Au(k — 7) de. |05—0c(k 1)

U, (k) =

(6.18)

=1
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The first part of this expression is zero, because it does not directly depend on the controller
parameters. Defining:

U, (k) = a;g:) (6.19)
we can rewrite expression 6.18 as:
L Of(dy(k— 1)) £ Of(d,(k—1)) .
U, (k) ~ ?::1 m*‘l’y(k — i)+ ; ——m‘l’u(k —1)  (6.20)

Because f(¢,(k)) is not a direct function of the parameters of the controller network,
variations in those parameters only influence f(¢,(k)) by means of its data vector ¢, (k),
which is given by:

Gp(k) = [Golk — 1), -+, Gp(k — ny), u(k — 1), ulk — ny)] (6.21)

The right-hand side terms of equation 6.18 are the sensitivities of the output of the neural
model g, (k) to its inputs, multiplied by the past values of the gradient. These sensitivities
can be calculated very easily using the backpropagation learning rule.

The only term left is the gradient ¥,,(k). This term can be found by minimization of the
control error e.(k) = ya(k) — gp(ic).

U, (k) ~ [%k—))} + i (k1) +§ T, (k- 1) (6.22)

Now that the gradients have been calculated, the only thing left is to update the parameters
of the controller network. This learning problem is the same as for identification and can
be performed using either backpropagation (BP) or a recursive prediction error method
(RPEM).

Controller parameter update

For both the backpropagation method and the recursive prediction error method, the update
schemes for the controller network are given:
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e Using backpropagation the update rule for the controller network parameters are:
X (k) = Ym X (k — 1) + 75 Py(k)ec(k) (6.23)
6.(k) = 8.(k — 1) + Y (k) (6.24)

o For the recursive prediction error method the update rules yield:
Y(k) = 1 X(k — 1) + v, ¥y (k)ec(k) (6.25)

P(k) = ; [P(k—1)— P(k—1)T,(k) +
(AL + 2,7 (R)P(k - 1), () &, P(k - 1) (6.26)
8.(k) = 8.(k — 1) + P(k)X (k) (6.27)

In these equations <y, is the learning rate, and vy, is the momentum term. In the recursive
equation for the covariance matrix P (k) the forgetting factor A is used to ’forget’ history.

Extensions

The control algorithm can be extended by using a reference trajectory. When using such a
d(k)

u(k)

F

Figure 6.8: Internal Model Control including a reference trajectory, generated by H,.

reference model the desired behaviour can be expressed with a dynamic filter, describing
a trajectory from the current process output to the desired set point value. In figure 6.8,
this has been depicted as H,. When using this reference model one should not only define
a new network output but consequently also change the gradient of the neural network
model output:

B g () (6.28)

iy 6y
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Thus in the update formulas for the controller parameters the gradient ¥,(k) has to be
replaced by ¥, (k). The same holds for the control error:

ec(k) = ya(k) — §-(k) (6.29)

In the criterion thus far no restrictions are imposed on the controller outputs. To impose
weighting on the controller outputs the criterion is extended [Koivisto92]:

lN

J(0) = 5 D lualk +4) = Gk + 4,6 + JAu(k +i,6.))" (6.30)

=1

The second part of this equation weights the controller output increments, which can be
weighted by . The gradient vector, has to be replaced by:

Ty(k) = [T (k) vYTu(k)] (6.31)

where the controller error is replaced with:
ec(k) = [ya(k) — g-(k) — vFou(k—1)]" (6.32)

Comments

A control method has been derived which uses two neural networks in a control configura-
tion. First an identification network is trained to learn the process behaviour. In the second
phase the controller will be trained using the procedure given in this section. During the
derivations some approximations were made. Keeping this in mind we must be aware of
a number of pitfalls of using this methodology:

o accuracy of the model: if the model is not accurate enough the quality of the
controller is immediately influenced. The use of gradient information introduces a
strong sensitivity towards the accuracy of the model.

e learning speed: if the controller is trained with high learning factors, no learning
occurs but there is only local adaptation. The trade-off between learning and
adaptation requires very low learning rates and an (extremely) long learning time.
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e approximations: a number of approximations in the derivation of the control
algorithm have been made. When these assumptions do not hold bad performance
might be observed. The approximations made are made under the assumption that
we are close to the optimal solutions and that updates of the weights of the controller
network are relatively small. Violations of these assumptions cause problems like
those mentioned in the previous two items. This pitfall is a severe one, because at
the startup of the control phase, the solution is far from optimal.

The advantage, however, is that after the training phase a controller is obtained which
is very easy to calculate, and which solves a nonlinear optimization problem. Within
an IMC configuration even stable behaviour can be obtained. However, a huge number
of computations is required combined with a long training period. This disadvantage is
encountered especially in real-time applications.

Illustration

For the neural predictive controller the same example (equation 6.1) was taken. The
training procedure was carried out using the Recursive Prediction Error Method for both
the model and the controller. The dimensions of the network are taken as 8%%1 according
to Cybenko’s guidelines. The training time is an extremely time-consuming procedure.
Especially the training procedure for the controller is very long. The procedure gets stuck
in a local minimum very easy, so learning coefficients have to be taken with care. In this
experiment, the learning coefficient was taken v, = 0.05, a small value indicating slow
learning. The result of this neural model predictive controller is shown in figure 6.9. The
criterion to be optimized is described in equation 6.11 with a prediction horizon H,, = 2
and a controller increment weighting § = 1. The result was achieved as the result of a
learning procedure of 2500 learning steps. The complete structure is embedded in an IMC
structure in order to be sure of a stable behaviour.

6.4 Comparison of neural control methods

In the previous sections, a number of methods for neural control have been introduced
and explained. The big advantage of all of these methods is that no explicit knowledge
concerning the process is required in advance, although some methods cannot be applied
when the process has certain characteristics. A number of problems which arise are:

e nonminimum phase system cannot be controlled using inverse control strategies due
to the unstable character of the controller, iterative inversion is the solution to this
problem.

¢ time delays have to be known in advance, in order to learn the proper causal relations.
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Figure 6.9: Result of a neural model controller. The upper figure shows the output y(k)
of the system (dashed line) and the set point value. The lower figure shows
the control signal u(k).

e when a neural controller is used which uses a model to be trained, high demands
are put on the quality of this model. A structural mismatch of the model will lead to
unpredictable control behaviour. Only the tuning of the IMC filter F' can stabilize
the control loop at the cost of the performance.

e applying the reinforcement type of control is only possible if the controller is
allowed to perform experiments freely, “trying” all kinds of control actions. The
reinforcement type of controllers does not require a model at all, but it requires the
possibility to train the controller on-line, learning from experience. In many cases
this is impossible because only recorded information concerning the (input-output)
behaviour of the process is available.

o for all neural control concefts it holds that they are valid within the interval they are
trained for, unlike linear systems for which the superposition principle holds. The
extrapolative properties of rieural networks are bad (in general).

o the real-time application of control methods in which a control network has to be
trained requires a large number of computations.

If a model of the process is learned, using a neural network it is also possible to train
a neural controller using this neural model, as shown in the previous subsections. The
main problem in using this method is the learning period which is very long, while a
direct relationship between the control error and the previous output of the controller is
assumed. In many cases, this view is too limited to train a proper controller. Especially
systems with a higher-order slow dynamic behaviour are difficult to be modelled using
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this learning technique. Improving the convergence will easily lead to local adaptation
instead of learning. A trade-off between learning and adaptation has to be made.

Despite the disadvantages mentioned before, it has been shown by means of experiments
that the use of neural control structures is very well possible, but it depends on the system
to be controlled. Inverse control, for example, has a very limited application area and will
be out of the scope in most cases. Model-based control strategies are the most relevant
ones, using the model only as an evaluation tool.

For reinforcement control strategies, special requirements are imposed on the training
setup. To train the controller network, the process must be kept inside a desired region.
The control performance can be very bad especially in the initial situation which leads to
unacceptable control behaviour.

Tt has to be stressed that not all configurations can be realized using all the networks
types described in chapter 5. A CMAC module cannot be used within a specialized
learning architecture, because no explicit (backward) calculation of gradient information
is possible. However, in model-based predictive configurations all possible network types
(MNN, RBFN and CMAC) can be used. In the following section, a comparison is made
between the several control strategies based on experiments.

6.5 Experimental results

In the previous sections a number of control strategies using neural networks have been
described. The methods all include neural networks as a part of the configuration, either
as a controller, as a model, or both.

To illustrate the potential power of these methods, a number of experiments are given here,
trying to compare the methods and to give guidelines for choosing the proper method. The
results of the experiments are used in addition to the general remarks made in section 6.4.
Looking at these methods, they can be used as building blocks for a (general) intelligent
control scheme. The experiments are set up using the following two processes:

e A nonlinear system, which incorporates a highly nonlinear gain.

¢ A second-order nonlinear system,

Many combinations and strategies are possible. The choice of the network type and
the control strategy is also the subject of the experiments. An attempt is made to give
the results of the most appropriate network types and control strategies. The control
performance can be depicted by displaying the actual controlled variable and the control
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signal, but in many cases it is difficult to extract information from such a figure. In general,
it is not possible to compare the methods, because there are neural control methods in
which an explicit criterion is used (predictive control) and methods in which ne criterion
is used (inverse control). Therefore only a subjective comparison can be made.

The question of robustness is handled using an IMC structure, in which the F filter can be
used to stabilize the system.

6.5.1 Example 1

The ability to model and control nonlinear systems is the attractive property of ANN in a
control configuration. In appendix C, section C.2 a simplified model of a titration process
which has a highly nonlinear gain is described.

In this section we discuss the various approaches to the control of this system. Because
of its simple description, inverse: control is one of the possibilities. Inverse control is
illustrated using a CMAC model of the inverse of the system. In section 5.11.2.3, the
successful modelling of this simplified model, using RBFN, is given. This model is used
as the basis for model-based predictive control. Neural predictive control is used as the
third alternative to control this system.

CMAC - inverse control

This process is an excellent candidate for inverse control, because the system is indeed
invertible. The system is described in section C.2 as:

Yp(k) = yp(k — 1) + exp™ 3=l oy (g — 1) (6.33)

The optimal control signal can be derived by elimination of the control signal in equa-
tion 6.33 and shift the equation in time using the shift operator z:

va(k +1) — y,(k)
u(k) = dexp_s.o”y,,d)’” (6.34)

in which ya(k + 1) is the desired process value (e.g. the set point) at the next sampling
instant. The criterion optimized is:

J= %1 [ya(k + 1) — gp(k + 1)) (6.35)
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parameter value
table size 2500
generalization width | 5
resolution inputs 0.01

resolution outputs 0.001
learning coefficient | 0.8
basis function Boolean

Table 6.1: Settings of the CMAC model for inverse control of the system with nonlinear
gain.

A CMAC module was used to implement the inverse control strategy. The CMAC was
offered examples according to equation 6.4. The training was performed by controlling
the system with a PID controller, which has been tuned badly. The output of the controller
was disturbed by noise, to excite the system in a random way. The model was assumed
to be of first order. Extension of the dimension only leads to longer training times, but
no essential differences are encountered. The configuration switches to inverse control,

y(k)

50 100 150 200 250 300 350 400 450 500

u(k)

0 5.(] 160 1;0 260 230 360 350 400 4;0 500
time [samples]

Figure 6.10: Result of inverse control using CMAC for a system with nonlinear gain. The
upper figure shows the output of the controlled system (dotted line). The
lower figure shows the control signal.

when the deviation from the actual control signal is within the resolution of the input for a
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period of 50 samples. This value is taken rather arbitrarily and can be chosen as desired.

In figure 6.10, the result of this nonlinear inverse controller was depicted. In the upper
figure the pH value is shown, while the control signal is shown in the lower figure. Note the
typical inverse control signal. The result deviates from the optimal inverse (time optimal)
control, because of the fact that a filtered set point is offered to the system. When this filter
is omitted, the training procedure has to be extended. Looking at equation 6.34 the control
signal must vary in a wide range. Using a PID controller in the training set-up, these
signal values are not offered to the system and thus not learned by CMAC. Therefore the
smooth behaviour of the PID controller is also present in the inverse controller behaviour.

Model-based predictive control

In section 5.11.2.3, the successful modelling of this system, using a hybrid RBFN model is
given. For a model-based predictive control strategy a criterion was used, which contained
a penalty function on the error between the actual output and the desired output and a
penalty on the control signal.

Hy
J = min Y [y,(k + 1) — ya(k + 1) + yA%u(k + ©) (6.36)
u(k) =1

With H, = 1 and v = 0 the conditions for a time optimal controller (dead-beat control) are
given. The quality of the control which can be achieved depends on both the optimization
procedure and the quality of the model. A Fletcher-Reeves algorithm is taken as the
optimization procedure. The protlem is nonconvex, so it is not guaranteed that the global
optimal is found.

The main problem for this kind cf control is that the model must be trained with a wide
variety of control signals (preferably rather noisy). The data set used to obtain the model
must contain all kind of signal levels to get good data. The parameters of the criterion were
chosen as the prediction horizon H, = 2, combined with a weighting of the controller
increments: v = 1. The results are depicted in figure 6.11. The effect of the weighting
of the controller increments can be seen from the smaller steps in the controller signal
which are found as the solution in the optimization process. A clear trade-off between
servo performance and controller energy is realized. The use of a CMAC module as a
neural model leads to a comparatle result, although the number of examples which must
be offered to the CMAC is much higher, because of the local generalization properties of
this approach. Because of quantization effects the system remains more sensitive around
the most sensitive point.
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Figure 6.11: Model-based predictive control of a system with a high nonlinear gain. The
upper figure shows the controlled system (dotted line) and the reference
signal. The lower figure shows the control signal.

Neural-model predictive control

The last experiment with this nonlinear system is using a neural predictive controller
scheme as described in section 6.3.2. The controller network is based on a model converged
to a proper accuracy. To show the results of the controller, a model was taken which is
accurate, like the hybrid RBFN model mentioned before. The training of the controller
was obtained by approximation of the partial derivatives in equation 6.20. The training
was performed in an IMC structure, thus avoiding stability problems by using a low pass
filter F'. After a long training period of more than 100.000 training steps an acceptable
result was achieved. The result is given in figure 6.12. The largest problem to deal with
during the training of the controller is caused by the learning rate. If this rate is taken too
large the network adapts to the local situation, leading to unacceptable behaviour at large
set point variations. This trade-off between learning and adaptation is a key issue in the
application of neural-based control strategies. If the learning rate is taken too large, only
local adaptation is achieved and there is no global learning. In such a case, a number of
well-established adaptive control strategies can be applied as well.

6.5.2 Example 2

In the second example a nonlinear second-order system was taken, with a nonlinearity
at the input (see appendix C, section C.1). The parameters of the system were taken
equal to the default values. Because of the nonlinearity at the input the system cannot be
inverted mathematically. Only local invertibility can be achieved. This is the reason why
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Figure 6.12: Neural predictive control using a RBFN. The prediction horizon H, = 2 and
v = 1. The upper figure depicts the process output (dashed line) and the
reference signal (solid line). The lower figure depicts the control signal.

no inverse control strategy, based on multilayered neural networks is achieved. When a
CMAC approach is used, the local behaviour of this technique is of benefit, but still no
acceptable results for this approach are achieved. Due to the poor results of these inverse
control methods no results are reported here.

The modelling of this system has already been discussed in section 5.11.2.2. It appeared
that a compact model has been obtained using the hybrid RBFN model, but the best model
has been obtained using a CMAC approach, using local generalization. This model is
used in the model-based predictive control approach. For the neural-predictive control
approach a neural model is required, so an MNN or RBFN model is necessary.

Neural predictive control

The results of the neural predictive control approach were obtained in two phases. During
the first phase, a model was obtained from data of the process, and an MNN network was
trained as a one-step-ahead prediction model. After convergence (SSE did not decrease
over a longer period) the modelling was stopped and the training of the controller was
started, based on a prediction horizon H, = 2 and a controller increment weighting
v = 1. Embedded in an IMC structure, a large number of training steps were required to
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reach convergence and an acceptable behaviour (over 100.000). At the time the controller
parameter updates were very small, the learning was stopped and the performance was
evaluated. Although the system remained stable, and the set point was followed, the
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Figure 6.13: Neural-predictive control. The upper figure shows the output y(k) of the
controlled system (dashed line) and the reference signal r(k) (solid line).
The lower figure shows the control signal u(k).

performance was unacceptable. This becomes even more apparent when the results of a
PID controller are given as well. Despite the nonlinearity of the system better results are
obtained, with far less computations and no training period.

Better results were obtained with the hybrid RBFN model. Still the performance is not
much better than the PID controller. This experiment shows clearly that neural-based
control methods can be applied to a range of nonlinear systems. However, in many
cases, the training of the (controller) network gets stuck in local minima, thus preventing
global convergence. Because of this behaviour low learning rates must be used, leading
to unacceptable training periods.

6.6 Evaluation

The use of neural networks for control purposes introduces the possibility of using a black-
box modelling approach. The precision obtained can be very high, because the input and
output signals can be real-valued. The number of quantizations is also infinitesimally
high. In fact, this approach is the opposite of the approach to direct knowledge-based
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control when using a rule-based approach. In the neural network approach, no explicit
knowledge formulation is given (no explanation possible). Learning, however, is inherent
to the use of this technique. When a coarse quantization is imposed on the input space of
the control problem to be solved, we approach the situation in which the mapping which
is learned can also be described by symbolic methods.

The problem of using neural networks in control has already been highlighted in the
previous sections. The main concern is the convergence which must be obtained and the
model validation which is necessary. In many cases, the training period is rather long
and many examples have to be offered to the neural network to achieve convergence.
Improvements of the learning time can be obtained by either faster algorithms (heuristic
extensions) or by data processing, for example, by selecting only those examples which
really contain information about the dynamics of the process.

Besides the improvement of the learning method itself, it is important that the proper
identification structure (¥, X,, - - ) be chosen. This choice is important for the question
of whether the system can be identified or not. If a priori information about the system
is available, this can be used to adapt the model, for example by splitting the model into
submodels.

Another interesting problem is the possibility that during the control phase a situation
is met which is not learned. The mapping learned by the neural network is a global
fit generated by the examples the network was trained for. Networks have a strong
generalization property, which means that after training on a set of examples, the network
generates a useful output for examples which were not in the training set but lie within the
space spanned by the examples.

The comparison of the control methods introduced here is not an easy task. It is made in
global terms, and is intended to give some insight into applicability of the various methods.
The elements of the comparison are:

e the training time (number of training steps)

e the accuracy which can be achieved, given the performance criterion the controller
was designed for

e the number of calculation steps necessary to get the control action during the
application of the controller.

These items are not compared using exact numerical information, but in general terms
where —— denotes a negative and ++ a very positive behaviour with respect to the
attribute. In table 6.2 the comparison is summarized in a subjective way.
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Control type | Training time | Accuracy | Convergence | No. of calculations
I +/- - - ++

II ++ +/- ++ +/-

I - +/ -~ -

v ++ + ++ +-

A" - +/- +/- -

Table 6.2: Summary of the comparison of various neural-network-based control methods.
I:inverse control; Il:iterative inversion; III: translated error control; IV: model-
based predictive control; V: neural-model predictive control

In many cases, all the methods yield satisfactory results, although many attempts have to
be made using various parameters. Inverse control methods have only a limited application
area, because not every process meets the invertibility property which is required to apply
this method. Iterative inversion is a first attempt to overcome this difficulty, because no
inverse model is learned, only the forward model is used to derive the control signal.
Reinforcement control is very appropriate for those systems where this kind of on-line
learning is possible (e.g. nondestructive). Model-based control approaches are in favour
because an explicit evaluation of the model is involved, including the possibility to check
for undesired situations.

Direct approaches, in which neural networks are trained as controllers, can be used for
various problems. When embedded in an IMC structure stable control can be achieved,
but in many applications the learning procedure does not convergence to an acceptable
solution. The appearance of local minima disturbs the convergence. Very low learning
rates are required to avoid this problem, and this leads to unacceptable training times.
Higher learning rates, on the contrary, lead to undesired local adaptations thus preventing
global convergence.

6.7 Conclusions

In this chapter, the possibilities offered by neural control are investigated: inverse control,
reinforcement control, model-based predictive control, translated error control and model-
based predictive neural control. The results obtained when using these methods are
interesting, and in many cases a satisfactory kind of control can be achieved.

A number of conclusions can be drawn:

e Neural networks can be used either as direct controllers or within a configuration
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where a neural (nonlinear) model is used. IMC is a proper configuration in which
to include the use of neural networks for control.

e Neural control methods have a limited use because of problems associated with
accuracy and convergence. A trade-off has to be made between learning and
adaptation. When (global) learning is required, very low learning rates have to be
chosen and thus training times are very long. The desire for higher learning rates
leads to local adaptive behaviour instead of learning.

e The are of application of neural-model predictive controllers is limited because of
the convergence problems of both the controller network bf and the model network.
The trade-off between learning and adaptation can easily lead to a situation where
only local adaptation is obtained, or where only very slow convergence is achieved.
Neural-model-based predictive control schemes are computationally very intensive,
but avoid the problem of training the controller. In combination with well-known,
established optimization algorithms reliable results can be obtained.

o Artificial Neural networks can be classified with respect to their generalization
properties. Both networks using local and global generalization can be used in neural
based control strategies, depending on the nonlinearity of the system. For highly
nonlinear systems, very local generalization is required. More global generalization
can be used for smaller deviations of linear behaviour.

e Where neural networks are excellent modelling tools, especially using hybrid models
(see chapter 5), their use as direct control is limited.

¢ In real-time control, the use of neural control strategies is limited because of the
extremely high number of computations required to achieve convergence and ac-
ceptable behaviour.
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Combination of
symbolic and
subsymbolic
fechniques

7.1 Introduction

In the previous chapters, Al-based strategies have been explored and investigated with
respect to their applicability to control purposes. In this chapter, attention is paid to the
possible combination of the two basic Al strategies, for example by the translation of
knowledge from a symbolic systera into an implementation as an artificial neural network.
Another way to look at integration is to use both approaches in a multilevel set up, in
parallel.

The choice of a specific Al technique depends on the objective. A number of key issues
play a role in choosing a method:

o The question whether a priori knowledge is available.
o The type of knowledge which is available.

¢ The quantization desired and the generalization required.

201
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In section 7.2, an introduction is given to the field of intelligent control, in which both
reasoning and learning properties are required. A summary of the available tools is given in
section 7.3. The integration of both methods is given in section 7.4, in which a very specific
type of fuzzy logic mapping can be translated into a Radial Basis Function Network. In
section 7.5, the set-up of a control system which has a high degree of autonomy because
of the use of different Al modules is given. In section 7.6 an example is given in which
such a structure is used in a laboratory setup. Finally, some conclusions are drawn in
section 7.7.

7.2 Intelligent control

In intelligent control, various types of information play an important role. Some infor-
mation has to do with the structure of the system and the controller structure, while other
information has to do with the lower level signals and their interpretation. Every level of
information corresponds to a type of information, requiring a suitable knowledge repre-
sentation. In the higher levels of information processing, explicitly described knowledge
plays an important role. The corresponding knowledge representation can be formulated
in high-level object-oriented descriptions, such as those used in sophisticated expert sys-
tem shells. At the lower levels of automation *normal’ signal processing, as used in neural
networks and conventional methods based on mathematical descriptions is important.

To integrate all these methods in an intelligent control concept, a multilayered and par-
allel structure is required which integrates various methods of information processing
like symbolic Al-methods, connectionist Al-methods (neural networks) or even basic
mathematical computations.

The multilayered structure of an intelligent controller can be seen as the basic structure
of intelligent machines, in which the layers are composed according to the principle of
Increasing Precision with Decreasing Intelligence (IPDI). Moreover, on each level various
methods can be introduced in parallel.

This idea can be generalized for the development of a low-level intelligent controller,
which consists of several parts each with its own type of intelligence. At the lowest level,
user-written routines and simple Boolean logic are very well suited, while at the higher
levels more advanced reasoning strategies (fuzzy logic, object-oriented structures, etc.)
are required.

Neural networks are beginning to play an increasingly important role in intelligent control.
They, in combination with the symbolic Al tools, are the two major tools in Al In my
opinion, neural networks can be used at various levels in an intelligent control scheme. First
of all these networks can be used to model the unknown behaviour of processes or to model
extremely nonlinear processes. In using these models we can also train neural networks
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to perform a specific control task. The main advantage of these approaches to control is
that no exact information about the process structure is necessary. The disadvantage lies
in the fact that the learning process of these networks is a time-consuming process which
has to supervised very carefully. These supervision tasks (is the network converged? is
the network stable? can we prune the network or not? is the model reliable, etc.) are well
suited for a knowledge-based implementation.

It is obvious that in direct intelligent control guaranteed response times are crucial and high
demands are put on the processing speed of the system. A good allocation of tasks between
the real-time monitoring and control environment and the expert system is necessary. It
is very important that the expert system be embedded in real-time software.

7.3 Intelligent control - basic tools

In the previous chapters, we have seen various methods and approaches to the integration
of 'new’ Al-related techniques in control. Methods applicable to both the direct and
supervisory level, include various levels of precision and quantization. In this chapter, the
general framework for an intelligent control approach is given and we focus on the the
question of which is the right merhod in the right place and time.

The key issue in the choice of a proper method to solve a problem is the working model.
What is the model of the process you are working with? Each level of control necessitates
its own perspective and point of view of the working model. The working model is
determined by two issues:

e knowledge available

¢ knowledge extraction / learning abilities
The available knowledge can consist of various sources:

e first principles, a description of the process based on the physical and chemical laws
which describe the system which yields, for example, a set of differential equations.

e 1/O data, obtained from observations and measurements of the process.

e fuzzy rules, describing relations between states in the input space and the output
space of the control problem. The role of the fuzzy data handling is in its ability to
handle uncertain data in an adequate way. Translation from linguistic levels into a
numerical domain is the key facility in the use of fuzzy logic in for example expert
systems by interfacing the user and the system.
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\ fuzzy identification
T

; knowledge acquisition

Figure 7.1: Relation between knowledge (left column), knowledge extraction method (mid-
dle column) and the model obtained (right column).

e regular rules, the same as fuzzy rules but now without the uncertainty handling

The second component in the working model is determined by the knowledge extraction
method or learning method used to extract the knowledge. The most commonly used
methods in control engineering are:

e parameter estimation (identification): a set of well-established or more or less
conventional techniques which is set up to determine the parameters of a fixed
parametric model structure.

e supervised learning: a technique used in neural networks in which specific input-
output relations have to be learned.

e fuzzy identification: a technique to derive the rules for a fuzzy model.

e unsupervised learning: the application of methods to detect clusters of information
by means of the learning process itself.

e knowledge acquisition: a human being (knowledge engineer) extracts knowledge
from experts and the real world and codes it into rules.

In figure 7.1, the relation between the available knowledge, the knowledge extraction
method applied and the model obtained is depicted. In general, this classification can be
summarized by a) the question as to whether the knowledge available is structured or not
and b) the question as to whether the knowledge is numerical or symbolic. At the lowest
level of automation we are dealing more with numerical information in an unstructured
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Symbolic knowledge | Numerical knowledge
Structured Expert Systems Fuzzy systems
Knowledge
Unstructured || - Neural systems
Knowledge

Table 7.1: Relation between knowledge and the knowledge description method.
form while at the higher level more symbolic and structured information is available. Of
course, there will be overlapping areas between the various methods.

In figure 7.2, the various methods are located on a scale which is determined by the two
ultimate situations: a) symbolic and well-structured knowledge and b) numerical and
unstructured information. In correspondence with the IDPI principle at the lowest level,

fuzzy systems

expert systems neural systems

i =1

Figure 7.2: Basic AI-methods scaled according to the organization of knowledge and the
question of whether the system uses numerical knowledge. Point (a) denotes
Sull symbolic knowledge while (b) denotes numerical knowledge.

the highest precision is required. The highest degree of precision corresponds to the neural
network approach, which maps & continuous valued input to a real value in the output
space. The highest levels of automation contain the highest level of knowledge (only
global relations are assumed) expressed in a symbolic way.

The overlap between the various approaches is determined by the quantization. In general,
the quantization at the highest levels is rather low (looking at principles, qualification etc.)
while at the lowest level the quantization is very high (signal level).

An intelligent control scheme is a scheme which exhibits the following properties:

e The scheme is set up according to the IDPI principle
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e The scheme has various levels of knowledge handling and description.
o The scheme has various levels of quantization

e The scheme should be embedded in a real-time scheme, especially when integrating
the lower levels of automation

The question of which level knowledge is brought into the system depends on two things:
the precision required and the knowledge available.

To illustrate the effect of the knowledge available, we use the example of a SISO system
from which only the observed input output behaviour is available. This knowledge is of
a highly unstructured origin and therefore this would almost automatically indicate the
application of a neural modelling technique. Only when some symbolic descriptions of
(important) states of the process are available can the data be used to extract the proper
relations between input conditions and output states (e.g. rule extraction).

7.4 Equivalence of fuzzy systems and neural networks

In the previous chapters, the two main Al modelling techniques have been given together
with a wide variety of applications:

e Symbolic knowledge processing, based on logic concepts. Expert system technol-
ogy using fuzzy logic is the best application of these techniques to control purposes.
The main advantage of these techniques is that they can be used to describe know-
ledge at a high level using only a coarse quantization of the antecedents in the
knowledge.

e Subsymbolic knowledge processing, based on simplified mathematical models of
the functioning of the human brain: artificial neural networks. The knowledge
processing is a pure numerical procedure, in which well-known techniques for the
optimization of weights can be used. Both local and global generalizing networks
can be used, depending on the problem to be dealt with.

Both methods have their weak and their strong points. At a methodological level, the
methods can be combined to obtain the best of two worlds: the description of the system
at a linguistic level, translated into a network structure which can be adapted by using the
techniques for neural networks.
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It can be shown that under some assumptions the two methods are equivalent. The proof
is based on Radial Basis Function networks, combined with fuzzy rules, in the literature
known as Sugeno/Takagi rules ([Takagi85]). In order to keep simple the example we give
here is restricted to 2 Sugeno (if-then) rules:

Rule 1: If z; is A; and z, is By, then f; = ayz, + biza + ¢
Rule 2: If z; is A, and z; is By, then f; = axzy + bezs + 2

The fuzzy reasoning mechanism is used to determine the firing strength of a rule. Usually
this fuzzy reasoning is implemented as a T-norm (usually a multiplication, a minimum
operator, etc.). For the multiplication operator, the output of each rule is given as the
multiplication of the membership functions y,:

w; = pa; (21) B (2) (7.1)

Using the two rules as given above, two values for the output f are constructed: f; and
f2. The real output f, as the result of the two rules is given by the (normalized) weighted
sum of the components:

N
f=Y w"f; (7.2)
=1
w;™ = normalized weights
w;
= 7.3
S (7.3)

This procedure to construct the output can be written in a network form as well, illustrating
the close relation with other network structures. The relation between the network depicted
in figure 7.3 and a Radial Basis Function Network is caused by its structure, and the use
of local input functions using a kind of distance measures. Comparing the output of an
RBFN given by equation 5.20:

f=9(x)= ﬁ:w,@i(m, c)

These two approaches using a fuzry mapping and a Radial Basis Function based mapping,
are equal when some constraints are put on the two approaches. These constraints are:

1. the number of receptive fields (e.g. centres in the RBFN) must be equal to the
number of fuzzy if-then rules
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Figure 7.3: Fuzzy reasoning structure depicted as a network; 11 denotes multiplication.

2. the output of each if-then rule is a constant (so0 a; = b = a; = b, = 0) and so the
output of each rule is f; = ¢, in the literature known as Sugeno type of rules.

3. the membership functions for the fuzzy mapping are taken as Gaussian functions,
as for the RBFN

4. the fuzzy inference mechanism for the AND function which is used in this set-up is
based on a special T-norm, e.g. a multiplication

5. both the RBFN and the fuzzy approach use the same method to calculate the output:
e.g. weighted average or a weighted sum

For the case in which only two sets for each variable are defined (sets A;, A., B, and B;).
The membership functions for A, and B, are defined as Gaussian functions:

_ 2
pa, (21) = exp[— (wl—al;:él—)—] (7.4)
_ 2
g (z2) = exp|— T2 = B (7.5)

0'12

Using these functions, the firing strength of rule number 1 can be determined by multipli-
cation of the two membership functions p 4, (z;) and up, (z2):

wi (21, 23) = pa, (21)pB, (z2)
“‘E — Clllz]
0'12

= & (x) (7.6)

— exp[-
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In this equation the multidimensional centre ¢, is given by the coordinates of the two
linguistic labels A; and By: ¢; = (ca,,cp,). Using the same procedure w, can be
determined. Under the restrictions as given before, the two methods are equal, e.g.

e the learning rules of RBFN can be used to optimize the network and thus the inherent
learning ability is available for a fuzzy inference system as well.

e the structure of the fuzzy approach can be used to find the structure of the network.
Starting with a linguistic description an initial network can be defined.

When this procedure is used to define an initial model, the linguistic description must
be in the same domain, as is common for mathematical models. The hybrid modelling
technique as introduced in this thesis (section 5.9) for example requires the input signal to
be signal vectors w and y containing delayed process input and output values. If an initial
model is used for the hybrid modelling approach, this restricts the linguistic description
possibilities.

The functional equivalence of a fuzzy approach and an RBFN-based approach is important.
It provides the insight that both approaches have much in common, e.g. both are able to
implement universal approximators. It has been shown in [Wang92] that a fuzzy inference
system with Gaussian membership functions:

u(z) = kxexpl -

is a universal approximator. Such an approximator is able to approximate any input-output
data arbitrarily well on a compact set.

To illustrate the functional equivalence between the two methods, an example is worked out
in which a nonlinear function has to be modelled. This function is depicted in figure 7 .4a.
As an initial situation a fuzzy model is described, in which 10 initial membership functions
are taken. (figure 7.4b). Thus the functions has been described by 10 points, given by the
user in the form of triangular membership functions. These functions are translated into
Gaussian membership functions with equal centres, and a width (given by o) equal to the
width of the triangular membership functions. In this particular example, an arbitrary (and
probably not optimal) width of 0.1 has been chosen. These sets are used to be translated
into a network structure which is based on radial basis function networks. The output of
the network of radial basis functions is given by a weighted summation:

10
y=> . _ wd (1.7)
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Modelling of a nonlinear function using fuzzy sets as an initial setting for
an RBFN. In (a) the function to be approximated is depicted, (b) gives the
position of the final set of radial basis functions. Figure (c) gives the function
approximation using 10 nodes, (d) gives the function approximation using 25

nodes.
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This network structure is used as the basis for an optimization procedure in which the
weights, the centres of the basis functions and the widths are the parameters to be op-
timized. This optimization procedure is solved using a gradient search algorithm fmins
which is available in the Matlab Cptimization Toolbox ([Matlab]). The resulting model of
the function is given in figure 7.4¢. In figure 7.4d this procedure is repeated using an extra
number of basis functions (25), leading to a higher accuracy than expected. It must be
noted that the optimization carried out in this example can also be defined as an extended
problem in which the number of nodes is part of the optimization, in order to obtain a
higher degree of accuracy on the modelling of a function. In this case, the description can
be used as a start situation for the optimization.

However, despite the fact that the two basic methods (learning and reasoning) are combined
in such a network, some remarks must be made. There are restrictions imposed on the
configuration. As explained, the membership functions must be Gaussian shaped, which
is not very common from the logic side. Further, only a special implementation of the
AND operator can be taken, in the form of a multiplication. From the (fuzzy) logic point
of view this is a restriction as it does not allow for other reasoning methods. The advantage
however is that the weights in the networks can be used to optimize the network according
to a criterion. This optimization is a procedure in which the classification (set up via
membership functions) is modified, either by shifting the functions or by modification of
their shape.

The disadvantage, however, is that it is hard to interpret the optimized situation from
the logical point of view. The result of the optimization process is a modification of the
position of the radial basis functions, their widths and the weights. During the optimization
process, it might happen that two sets are shifted such that they swap position. When
the result of the optimization is translated back into membership functions, the original
linguistic interpretation of the labels no longer holds. Therefore one has to be aware of
the fact that translation of know!edge from a linguistic level into a network description
is a unidirectional operation in which the shapes and positions of the functions can be
modified without constraints. The final result obtained after optimization may no longer
be interpretable using the initial linguistic interpretation. As an example, we take a look
at a situation where three sets are defined on the domain of a variable, with their linguistic
interpretation: negative, almost zero and positive. When the functions describing these
membership functions are part c¢f an optimization, the resulting situation might be that
the set representing “positive” is shifted to the left side of the set representing “almost
zero”, e.g. “positive” is smaller than almost zero”. From a logic point of view this is not
possible and the labels of the optimized sets have to be changed. Therefore it is possible
that original classifications of the variables no longer hold after optimization. To avoid
this situation constraints have to be used during the optimization. One of the constraints
could be: the original order of the sets must remain the same.
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Figure 7.5: Translation from a linguistic knowledge level into a network structure of
Radial Basis Functions.

These constraints, initiated from a logic point of view, are not common in neural networks.
Weights and other network parameters are adapted without constraint in such a way that
a better performance (e.g. a lower value of a criterion) is achieved.

The general procedure to translate a linguistic knowledge description into a network
structure is a straightforward one. First the relevant input signals are defined, with
their corresponding range. Within these range the membership functions are defined.
The knowledge must be given in the form of Sugeno/Takagi rules. This knowledge
initialization procedure is given in a schematic way in figure 7.5. When non-Gaussian
types of membership functions are used, a translation has to be made into gaussian
functions. This translation is not unique, because a number of criteria can be chosen to
define the function. A possible solution is to take the centre of gravity as the centre of the
Radial Basis Function. The width should be chosen in correspondence with the width of
the membership function.
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7.5 Towards autonomous control

The aim of autonomous control schemes is to create controllers which are built up by
using several intelligent components. By combining these various components in control,
we tend towards autonomous controllers with both learning and diagnostic tasks, in order
to make them more self-supporting and autonomous. A combination of both qualitative
and quantitative information is cf crucial importance in the application of autonomous
control.

7.5.1 Multiple agents - real-time expert systems

The various Al-based methods and solutions for both modelling and control require multi-
ple solutions. These modules must operate in parallel, processing data from the process to
be modelled or controlled. Blackboard approaches and object-oriented structures are the
appropriate implementations, as explained in chapter 4. They offer a structure in which
various knowledge-based modules operate in parallel. The modules to be implemented
correspond to the various phases an autonomous control approach runs through:

e description of the desired behaviour of the control system. This phase is used to
express the desired behaviour of a system and the constraints which must be met.
In chapter 4, section 4.6.3 this principle has been described.

¢ handling a priori informaticn in a dialogue with the user of the control system. This
phase is used to set up a knowledge base (or fact base) with known facts, relations
etc. to the benefit of the complete control scheme. In the previous section, it has
been explained that, under some restrictions, an initial neural network model of the
system to be controlled can be derived from a specific linguistic description of the
system.

e starting up the control. During this phase the a priori knowledge is evaluated as
a preliminary set-up of a basic control scheme. The main task of this scheme is
to keep the system stable and to control it by looking at some basic requirements
(stable, controlled variable in a range, safety, etc.). In chapter 4 a setup for such a
rule base, in which only basic knowledge concerning the process is necessary, has
been described.

e learning while running. During this phase, the required model is derived using,
for example, neural modelling or rule adaptation. During this phase decisions are
made concerning the signal to be provided to the system in order to excite it and
record the information concerning its dynamics. In a supervision situation, this is
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the phase where, for example, relay tuning experiments [Astrom88] are planned.
Another possibility is that of checking the linearity characteristics.

e switching control. During this phase, the obtained model is evaluated and eventually
used to tune or redesign the controller (using design packages running in the back-
ground, or in a dialogue with the end user). Decisions are made as to whether the
initial control scheme can be applied or other control schemes (for example using
neural nets, fuzzy rules, etc) have to be invoked. Supervision of the performance
obtained is of crucial importance during this phase in order to keep track of the
stability of the control system.

Unless a fitting conventional control strategy is available or suggested, the aim is to get a
knowledge-based control strategy using various knowledge sources based on Al methods.
Using intelligent control concepts, the system can be described at various levels. The de-
scription of the system depends on the accuracy desired and the knowledge available. This
basic idea of intelligent control is somewhat contradictory to traditional control methods
as the system is described using high precision notations like differential equations. In
intelligent control, every level requires a problem-specific system description.

As explained in section 7.3, for every level of problem description there is a favoured type
of solution. This implies that the various levels of the control scheme have to be able to
access the process information and to submit information to other levels. Every level of
the control scheme is interpreted as an “agent” in a real-time expert system set-up.

7.5.2 Proposal of an intelligent control framework

In the previous sections, it has been pointed out that under certain constraints two methods,
a fuzzy description of a model and aradial basis function model, are equivalent. This offers
the designer the opportunity to translate a linguistic level into a network representation.
Instead of a black-box approach to modelling, a priori knowledge can be used as an initial
set-up of a network representation which is ready for adaptation by a learning mechanism.

This set-up facilitates the mixture of various Al-oriented solutions. Each of these compo-
nents is capable of handling as a toolbox a specific kind of problem. The components of
the toolbox are characterized as:

e expert system and fuzzy logic technology, suited for high-level problem descriptions
and Man Machine Interfaces (MMI). At this level, low quantized signals are used in
combination with global generalization. This in contrast to approaches where local
generalizations are used in combination with a (very) high number of quantization
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intervals.

It has been shown that from a specific structure based on the use of fuzzy membership
functions, a Radial Basis Function Network that is ready for parameter adaptations
can be constructed. In this approach, fuzzy sets are used for interface purposes.

o ANN’s are suited for modelling arbitrary static and dynamic functions. The type of
network is chosen according to the level of quantization required and the demand
for strong or weak local generalization properties. A set of tools is introduced which
has successfully been used in hybrid modelling is here discussed.

¢ for the development of an Al-based controller the model-based control strategies
are in favour. Despite their success in neural control strategies, the learning time
and large number of learning steps is not very suitable for real-time applications.
The off-line training of such controllers, however, remains a serious possibility that
offers the possibility to use optimized nonlinear control.

Al components should be seen in the right perspective. Each component or method has
its own weak and strong points. Every method can be characterized according to a proper
quantization and generalization level. By applying extreme choices in the selection of the
parameters of each approach, every method can be shifted into the working area of another
method. For example: the introduction of a very high number of membership functions
(e.g. alarge number of linguistic classifications) the choice for the methodology of fuzzy
logic would shift to methods with more local generalizations like Radial Basis Function
Networks. If the number of classifications is increased further, a CMAC solution using
a very fine quantization of the input signals combined with a (very) local generalization,
to this problem would seem to be more appropriate. Under some circumstances, methods
can be transformed into each other as shown is section 7.4.

Bearing in mind the concept of intelligent control in which both reasoning and learning
elements are used, a set-up is here proposed in which multiple modules operate. The
structure of the proposed intelligent control approach is based on the use of direct control
in a real-time environment. Data from the process to be controlled is directed towards
the AI module for evaluation purposes. This module interfaces the control structure with
the various components using Al methodologies. The components use methodologies as
described in the previous chapters of this thesis.

The various components denote a knowledge model which incorporates the knowledge
set out in the previous chapters of this thesis. These components are given schematically
in figure 7.6.

Initialization
The knowledge of the user concerning the process to be controlled is translated into an
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Initialization module
- initial model
- initial control

Controller decision
Data selection and - strategy
experiment planning - convergence
- optimization

Evaluation of performance Monitoring, history keeping
and stability and data handling

Figure 7.6: Schematic view of a multilevel intelligent control set-up, using several
knowledge-based control modules.
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initial set of classifications of the relevant input variables. Based upon this knowledge,
two main steps in a controller design procedure are carried out:

o description and initialization of a controller, based on a linguistic approach. The
proper platform for implementation is a fuzzy controller. A control matrix, de-
scribing the relation between the inputs and outputs of the controller has to be
filled.

e description and initialization of a model which can be used for the evaluation of
system behaviour. If the model is set up according to the requirements of a hybrid
model based on Radial Basis Functions, an initial model can be achieved (see
section 7.4).

Model decision module

In this module the knowledge to select between various models which can be built using
the data obtained from the systern is available. If it is known a priori that the model is
(very) nonlinear, it is then clear that a local kind of generalization is required, with a
very small quantization. In such a case, it is advisable to try a CMAC-based model. If
a larger generalization width can be used, it is advisable to select a network exhibiting
this property: RBFN. The questicn of whether a model is suited to the task it was trained
for depends on the reliability measure J,, as given in equation 5.51. If J, = 0 the
performance is judged to be excelient. Increasing values of J,, are considered to be worse.
If the required accuracy cannot be obtained, it can be decided to increase the order of the
model and restart the modelling procedure. Because perfect models are not obtained in
general, a threshold is used which can be updated if desired. From chapter 5 it can be
concluded that neural models can be obtained where J, < 0.1.

Control-decision module

This module has to select a proper control scheme for the system to be controlled. The
controller selection problem cannot be solved in general, because no generally applica-
ble solution can be found. A corresponding control scheme can be selected, which is
appropriate to the state of the system.

e The first stage of control is characterized by the lack of a proper model. During
the start-up of the control system only a priori knowledge can be used, if it is
obtained from the user. In other cases, the default KB controller (see chapter 4
(section 4.5.3)) is selected. If a priori knowledge is available, the system is initially
controlled using the KB controller (fuzzy controller). The performance of the
system or the constraints imposed on the system (for safety), determines whether a
backup controller has to be used.
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o The second stage is when the model selection module reports that a proper model is
available. Now an alternative control strategy can be evaluated that is based on the
availability of the mode]. The first strategies to be evaluated are the ones without
a learning phase for the controller: iterative inversion and model-based predictive
control. In a later stage neural controller strategies can be evaluated as well. The
performance of the controller is checked with respect to the J,, criterion, using the
output of the controlled model.

The procedure in which a number of control strategies are evaluated off-line is interrupted
when a controller is available which meets the requirements and the constraints. The
moment a controller is achieved which has a better performance than the former controller
it is invoked in the control loop. The fact that the controller is based on a model of the
system requires careful checking of the performance and a very accurate model.

Data selection and experiment planning module

To obtain a good model, the experiments have to be planned carefully. Before a model
is assumed to be accurate, a proper data set for the working area of the controller has
to be obtained. For nonlinear systems no standard evaluation criteria for the data set are
available. However, if the data set covers the working area, in many cases a proper model
can be obtained. No modelling method is started before a proper data set is available
because it is known that without such a set no good modelling results can be obtained.
The data set is generated by applying random steps within the working area. It is assumed
that a proper data set is obtained, although attention has to be paid to proper data selection.

Monitoring and history keeping

While the system is running, the performance has to be monitored. Data obtained from
the system is stored, and actions taken by the KB are recorded as well (decisions about
the correctness of the model, performance of a controller selected, etc.). The history can
be used to decide whether the evaluation of an alternative modelling or control strategy is
useful. If an alternative has already been evaluated without a change in the system, this
alternative can be skipped. The assumption made is that the system is time invariant.

The combination of these procedures result in a proposal of a framework for intelligent
control. The knowledge sources include knowledge which gives a framework for ini-
tialization, data acquisition, modelling, controller development and the supervision of
control systems. A number of alternatives can be evaluated at every stage. A preference
in the order of evaluation can be set according to a priori information. For modelling for
example, this preference order is based on the degree of generalization required.
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7.6 Case study

In this section, a case study is reported which shows the applicability of an intelligent
control system framework. The system to be controlled is a water level system. This
laboratory set-up is described in section C.3. The system behaves very much as a linear
system, but has the property that the behaviour depends on two attributes:

o the level of the water in the vessel. The relationship between the outflow and the
level is nonlinear. The other problem is the limitation of the outflow to a maximum
value.

e the question of whether the level is rising or falling. Raising the level can be
influenced by the input signal, while decreasing the level is limited by the maximum
outflow.

y(k)

50 100 150 200 250 300 350 400 450 500

50 100 150 200 250 300 350 400 450 500
time [samples]

Figure 7.7: Open-loop response y(k) (upper figure) of the water level system using random
step signals u(k) as input (lower figure).

The response of the system gives some idea of this asymmetric behaviour. In figure 7.7,
the response of the system is given in an open-loop response with random step signals at
the input.

The knowledge of the system is based on the observed behaviour. In order to create
an initial controller, we can use the knowledge that the outflow (and thus the system
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behaviour) depends on the level of the water (in a nonlinear way). The other relevant
signals for control are the deviation from the desired set point and the derivative of the
error signal.

The level of the system is limited to between 0 and 120 cm. The manipulating variable is
in the range [0 10]. The error signal is derived from the required set point, which will be
chosen in the range [20 100]. The difference of the level is another important variable to
take into account for control. The sampling interval is taken as 0.5 seconds.

To create an initial controller, membership functions are defined within the ranges of these
variables. Using these functions, a rule base is defined, incorporating basic knowledge to
control the system. The number of sets defined on the variables is chosen rather low (5
on each variable). The knowledge of the system can also be translated into a model. In
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Figure 7.8: Result of level control using an initial (fuzzy) rule-based direct controller. The
output y(k) (dashed line) and the set point v(k) (solid line) are given in the
upper figure. The lower figure shows the control signal u(k).

this case a (one-step-ahead) prediction model. The model is related to the a priori control
knowledge, because in the control matrix the expected behaviour of the system is coded
into control rules. The one-step-ahead prediction is given as a relation between the level
values y(k) and y(k — 1), the control actions u(k) and u(k — 1) and the predicted output
9(k + 1). The accuracy which is obtained is not high. On a test data set, a criterion value
for J, ~ 0.4 is obtained.
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During the period in which the fuzzy controller is controlling the system a data set is
acquired for modelling purposes. Because the degree of generalization required is small,
only the CMAC and the hybrid modelling approach are evaluated, in accordance with the
guidelines given in section 5.12.

Control mode selection

After the model selection phase, it has to be decided whether an alternative and better
control strategy can be applied to the system. In accordance with the guidelines given
in chapter 6, a number of strategies are evaluated. First the performance of various
controllers is determined in a sitaation where the model is controlled. This evaluation
includes the training of such a strategy (for example inverse control and translated error
control) and the calculation of performance measures. A preference set-up in respect to
the various strategies in accordance with performance measures. If a strategy is evaluated
which is better than the start-up controller (in accordance with the performance measures)
this strategy is selected. It is used to replace the original (fuzzy) controller. Using the list
of preferences, the best alternative: is substituted into the control system.

Requirements

The requirements of the control system are defined in the time domain. An overshoot of
4% is desirable, while 7% is regarded as unacceptable. The time response should be as
fast as possible.

The controller phase is started, using the initial controller defined by the user. After
2000 samples a data set is selected for both training and testing alternative models and
control structures. The best model which can be obtained is a hybrid model based on
RBFN. The performance on the test set is J, = 0.05, better than the standard model
retrieved by the adaptation of multilayered neural networks, although the models are not
unacceptable (J, &~ 0.09). The control strategy proposed is a model-based predictive one,
in which the hybrid model is usec. The result of this controller is within the constraints
and requirements defined by the user. The hybrid model can be adapted real-time by a
recursive weight updating scheme for the output weights.

During the control of the system, we were able to integrate a priori knowledge in an initial
controller. During its use, the controller data acquisition offered the opportunity through
the use of neural networks to obtain a mathematical nonlinear model. This in combination
with a model-based predictive control strategy meets the requirements of the control loop.
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Figure 7.9: Result of level control using a model-based predictive controller, based upon
a hybrid ANN model. The output y(k) (dashed line) and the set point (k)
(solid line) are given in the upper figure. The lower figure shows the control
signal u(k).

7.7 Conclusions

A large number of basic tools for intelligent control are available. In this chapter we
have put the methods into perspective and shown the relationship between the knowledge
available and the working model to be obtained.

It has been shown in this chapter that, under a number of restrictions of fuzzy sets can be
used for the initialization of Radial Basis Function Networks. This can only be done when
taking into account a number of constraints imposed on the parameters of the fuzzy system
(membership functions, operator, etc.). The restrictions are severe. When the results of the
network have to be used for translation into a linguistic level, extra constraints have to be
put on the learning process, with respect to the membership functions. If no constraints are
put on the learning the results can be used only in one way. Integration of the two methods
is therefore restricted to an initialization and interface level. The logical interpretation of
optimized network structures is not always possible.

The AI methods presented in this thesis have many tangent planes. A method will
display properties of another method, by choosing its parameters extremely. For example,
applying a CMAC with a large quantization, behaves very much like a fuzzy system. The
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difference between the methods is defined by the degree of generalization.

An intelligent control concept which uses a linguistic interface for the initialization of a
controller or a (network) model has been introduced. The multilevel concept integrates
various methods to enable the evaluation of process information.

Based on the results of the case study, it can be concluded that integration of Al techniques
in a control concept provides a straightforward means of knowledge integration. Good
results are obtained.



224 COMBINATION OF SYMBOLIC AND SUBSYMBOLIC TECHNIQUES




Summary and
conclusions

8.1 Summary

In order to shift the boundaries of modern control techniques, new directions in research
are being taken. The desire to make controllers more autonomous and intelligent led
to much attention being paid to Artificial Intelligence methods. The integration of in-
telligence strategies, incorporating both reasoning and learning strategies, is expected to
be successful. The ideas applied to the exploration of Artificial Intelligence have been
and are obtained by looking at human intelligence incorporating the same two elements:
reasoning and learning.

Chapter 2 gives an introduction to these basic strategies. Knowledge-based reasoning sys-
tems and subsymbolic learning systems are described. The application areas of Artificial
Intelligence are widespread among the various fields of science. In control engineering,
the attractive idea of incorporating intelligent behaviour in a control scheme has generated
much attention for Artificial Intelligence methods. However, the requirements of real-
time operation has hampered considerably the use of these methods in control engineering
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application.

Present control practice, which enables flexible plant operations, makes apparent the fact
that the conventional analysis and design methods for control applications should deal
with three main problems: nonlinearity, time-variant behaviour and uncertainty in the
parameters. These problems can only partly be solved by applying (modern) control
methods, because of the limitations of these methods and the need for highly accurate
models which are not available. These methods meet their limits when a priori knowledge
is available. In chapter 3, the definition of a controller as a multidimensional mapping
in which all kind of strategies can be incorporated has been given. The key issue in
describing a control mapping is the quantization of the input signals of the controller.
Intelligent controllers are multilevel controllers, in which various methods are used to
solve domain-specific problems. At higher levels of automation symbolic methods are the
most appropriate, while at lower levels subsymbolic methods are useful.

The use of symbolic reasoning techniquesAin a control environment requires special
precautions. Real-time knowledge-based systems must incorporate facilities to cope with
nonmonotonic reasoning processes, temporal reasoning, interfaces to external software,
and to react to asynchronous events, etc. The division of a knowledge-based system
into separate knowledge sources, and a system of reasoning in a progressive way is a
appropriate solution to the use of these techniques in a real-time system (chapter 4).

In a direct intelligent control configuration, a direct mapping of the measured inputs and
related values and the output of the controller is implemented. Using this approach a
general rule-based controller has been developed. Using separate knowledge sources an
adaptive controller on top of a fuzzy controller has been developed. The results show
that this kind of control can be applied to processes, from which only basic knowledge
concerning the signal ranges is available. The demand for precision dictates a low level
of generalization using a large number of classifications imposed on the input variables of
the control system. This large number conflicts with the general idea of using symbolic
classifications in such a system.

The use of symbolic techniques in an indirect control approach has been shown to be
very attractive. It offers the opportunity by using membership functions to express the
requirements and the constraints imposed on a control system in a very elegant way using
membership functions. On top of an advanced control strategy which has proven to be
stable and robust, the application of these kinds of controllers can be quite effective.

Learning capabilities are attractive properties in an intelligent controller. In chapter 5,
the general model of an artificial neuron is given. By using this definition a wide variety
of networks can be introduced. The objective of modelling systems can be attained by
describing a system using a static multidimensional mapping. The mapping can be im-
plemented using various levels of generalizations, depending on the type of nonlinearity.
For highly nonlinear systems, a low degree of generalization is desired, so CMAC models
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could be used. For a high degree of generalization, multilayered neural networks are ap-
propriate. When local generalization is required, Radial Basis Function Networks provide
the best results.

The adaptation of the weights of these networks are optimization problems and have
close relationship with classic linear system identification algorithms. Batch-oriented
approaches are the most appropriate, leading to more reliable results than in-line and
recursive schemes. A batch oriented updating scheme, combined with a heuristic weight
adaptation algorithm, when employed in multilayered neural networks delivers fast con-
vergence. The advantage of classical linear prediction models is combined with artificial
neural networks. These hybrid model structures require intensive data processing. The
result, however, is a linear regression model from which the weights can be adapted in-
line. The modelling power of these kinds of networks has been shown by a number of
examples. Compact and accurate models of nonlinear processes are achieved. Model
validation techniques are of crucial importance in investigating the applicability of models
obtained using the (alternative) techniques.

The use of neural networks as controllers has been examined and demonstrated in chapter 6.
A neural model controller has bzen described, in which the controller is trained taking
into account a user-defined criterion. Despite the attractive idea of training a nonlinear
controller, the best results are obtained using model-based predictive control strategies.
Because of convergence problems of the underlying algorithms, neural network controllers
are considered to be less attractive. When convergence is obtained however, fast real-time
implementations are possible because of the simple structure of these networks.

In chapter 7 we have shown that a priori knowledge, expressed in a linguistic way, can be
translated into a network structure. Under a number of constraints, fuzzy networks can
be translated into Radial Basis Function Networks. The general setup of an intelligent
control scheme is described. The intelligent strategies, reported in chapter 3 - 6 can be
implemented in several levels of the control framework.

8.2 Conclusions

In the literature much attention is given towards the use of Al-based methodologies in
various fields of application. In this thesis a broad investigation has been carried out, to
provide insight into the applicability of these methods for control applications. The use
of these methods in a control scheme is the basis on which to develop more autonomous
control concepts, exploring a higher level of intelligence.

From the research described, a number of conclusions can be drawn:
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. Anintelligent controller can be described by a nonlinear multidimensional mapping.

When using linear control theory, many difficulties arise in practical applications
which are attributable to the nonlinear characteristics included in the system to be
controlled. To extend the number of control applications, other methods to cope
properly with nonlinearities have to be explored. By using Artificial Intelligence
techniques some of these inherent problems can be solved.

The use of expert system technology in a real-time environment leads to specific
requirements. An approach based upon a blackboard, in which various objects for
knowledge processing cooperate is an appropriate solution. The system must pro-
vide facilities for temporal reasoning, asychronous event handling, nonmonotonic
reasoning and focus of attention.

Knowledge-based control solutions can be part of direct and indirect control configu-
rations. A fuzzy rule-based controller which can handle a wide variety of processes
has been developed and here reported . A multilevel solution has been used, in
which adaptation facilities have been added to adapt the controller to the system to
be controlled.

The use of expert systems for the supervision of advanced control strategies is an
appropriate method to interface inexperienced users with complex advanced control
strategies. The use of membership functions as an interface to the user has proved
to be an attractive, convenient and intuitively appropriate concept for user interfaces
of an intelligent control scheme. It offers good possibilities to express the ideas of
a user and the tolerances of the requirements in a linguistic way.

Artificial neural networks are appropriate methods for modelling both static and
dynamic nonlinear functions. The choice of a specific neural network type is based
on the accuracy required and the desired generalization properties. A low degree of
generalization can easily be obtained by applying a Cerebellar Model Articulation
Controller approach. A higher degree of generalization is obtained by the application
of Radial Basis Function Networks. The highest degree of generalization is achieved
by Multilayered Neural Networks which are the most widely used neural network

type.

CMAC is an efficient tool for local generalization. It has fast learning characteristics.
The choice of the basis functions can be made in accordance with to the problem
to be dealt with. Using Gaussian shaped functions, a close relationship between
CMAC and Radial Basis Function Networks is obtained.

The training of an artificial neural network is an optimization problem. Using in-
line and recursive learning techniques yields only slow convergence of the weights
towards their optimal values. In many cases, the procedure gets stuck in a local
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10.

11.

12.

minimum. Batch-oriented approaches are more appropriate to deal with this con-
vergence problem. A heuristic weight updating scheme has been proposed, leading
to better convergence results than the standard methods presented in the literature.
When using learning rates in neural networks, the fundamental problem of all (re-
cursive) learning methods is touched on: a balance has to be found between learning
and adaptation.

. In this thesis, we report on a method which has been applied and which combines

the advantage of global generalization using a linear system modelling approach,
with the powerful local generalization properties of RBFN. The network produced
is a powerful tool for modelling nonlinear systems. In combination with an off-line
data preprocessing technique, based on the Orthogonal Least Squares principle, it
has proved to be a reliable tool. The resulting models are very compact and have
a low number of parameters compared to standard ANN. Both linear and nonlinear
systems can be identified properly. This hybrid modelling approach can therefore
be useful in many practical situations. The disadvantage, however, is the off-line
character of the selection procedure. The resulting network can nevertheless be
optimized using a least-squares solution, which can be implemented as a recursive
algorithm. Given a fixed network configuration (number of units and the position of
the fixed centres of the radial basis functions), the weights can be optimized on-line.

Neural networks are the appropriate methods to use for the modelling of static and
dynamic functions. After training, they can be included in a real-time concept
because the type of calculations to be performed are relatively simple. Hardware
implementations can be considered.

The choice of the input data is very important when modelling nonlinear systems
making use of neural network approaches. Data has to be used which covers the
complete working area. There are no standard methods which can be used to
generate a useful data set from which reliable models can be derived.

The use of neural networks as controllers leads to nonlinear control. Despite the
attractive idea of training a network to implement a nonlinear controller, it is more
advantageous to use model-based predictive control strategies. The training of a
neural controller should be performed off-line to avoid too strong an adaptation to
a local situation (which induces nonglobal convergence). In many cases, the use of
neural control leads to only local adaptation instead of global learning.

In this thesis, a framework for intelligent control has been discussed and proposed.
Such a set-up should be based on a hierarchical concept which accords with the
Increased Precision with Decreased Intelligence principle. At the lowest level of in-
formation processing, a very high degree of accuracy is required, while at the higher
levels, the information to be processed inhibits more uncertainty. Neural networks
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are proper nonlinear modelling tools. In a hierarchically intelligent control concept
they should be used as modular building blocks. The use of a priori knowledge in an
intelligent control scheme requires a combination of both symbolic and subsymbolic
processing. The use of subsymbolic processing techniques requires the introduction
of symbolic modules to decide about the behaviour of these networks.

13. Under certain constraints, fuzzy networks can be translated into RBFN. This trans-
lation can be used to initialize a network structure. After optimization, the logical
interpretation of this network is lost in those cases where no constraints are imposed
on the position of the membership functions.

8.3 Recommendations and prospects

From the research described in this thesis, it is clear that AI methods can be usefully
employed in a control environment. The learning and reasoning capabilities can be used
in addition to traditional approaches to thus obtain a higher degree controller autonomy.
However, much research remains to be done before the methods described can be used in
(industrial) applications.

The planning of experiments and data acquisition is very important for nonlinear system
identification. Without proper data, the results obtained using neural modelling are not
reliable. Proper methods have to be developed to assure a proper data set for identification
for these kind of nonlinear systems.

Research on the possibility of on-line techniques to implement the OLS procedure for
hybrid modelling as described in chapter 5. Especially in a real-time environment the ap-
plication area is increased considerably when such methods are available. Using recursive
identification techniques to update the parameters of the hybrid model will enlarge the
applicability of this method.

In order to apply nonlinear neural networks as controllers a mathematical framework has
to be developed to investigate stability properties, taking into account the use of neural
network models, which incorporate model mismatch.

In the near future, the applications of Al techniques in various control engineering ap-
plications will increase. It will be recognized and accepted that alternative methods are
necessary to interface (inexperienced) users to various levels of automation.

With artificial neural networks a new step has been made in the research field of nonlinear
systems. Many nonlinear systems can be modelled more accurately now, using neural
modelling techniques.



Delta Learning

A.1 Delta Learning Rule

The derivation of the Delta Rule as a gradient descent method shows the powerful capa-
bilities of this learning scheme. Lzt us consider the presentation of a set of input and true
output pairs to a neuron. The neuron computes the dot product of the current input pattern
with the current weight vector to produce an output value. The weights are then adjusted
to reduce the error. The adjustment or learning rule can be written as:

Aw; = B(d(p) ~ y(p))1;(p) = Bé(p)Li(p) (A.D)

where d(p) is the desired output for the pth input pattern, y(p) is the output value of the
network, I;(p) is the jth component of the pth input pattern, 3 is the learning factor and
Awj is the change in the jth weight.

The Delta rule minimizes the square error between the output of the network and the
desired output. Now it will be shown that the Delta rule is a gradient descend method.
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The derivative of the error with respect to each weight is negatively proportional to the
change in the weights in the Delta rule.

By defining the error of the pth pattern as:

E(p) = %[d(p) - y(p)f (A2)

we can denote the overall error as the summation over all patterns: E = ¥,E(p). Now
we can calculate the derivative of E(p) with respect to the jth weight:

OE(p) OE(p) 8y(p)
Bw; ~ By(p) Bu; (A3

The first term of this expression is the change of the error with respect to the output of the
network, while the second term expresses the change in the output of the network with
respect to the jth weight. From expression A.2 the following formula can be derived:

9E(p)
9P _ _[d(p) — =5 A4
3(p) [d(p) — y(p)] (r) (A4)
Substitution of the following equation:
y(p) = 3_w;li(p) (A5)
J

in equation A 4 gives:

9y(p)
=1I; A6
Bu; i(p) (A.6)
Substituting equation A.4 and A.6 into equation A.3 gives the following expression:

_9E(p)

7

= §(p)L;(p) (A7)

When we combine this results with expression A.1 it has been shown that the delta rule
changes the weights along the negative derivative of the squared error with respect to each
weight. Combining this equation with the observation that

QE—' = E SE(p)dw; (A.8)

Ow; >

shows that the net change in w; after one cycle of pattern presentations is proportional to
this derivative. Hence the Delta rule implements a gradient descent on E.
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A.2 Generalized Delta Rule

The use of multilayered networks generates a particular problem which is specific to those
kinds of networks. The main question is of how to translate an output error to changes in
the weights in all layers. This "credit assignment problem” can be handled by using the
backpropagation method. For the following derivation a multilayered network is used.
For each input pattern an output vector will be computed by a forward pass through the
activation functions of each successive layer. This output can be described as:

netk = Z Wr;05 (A9)
J

in which oy is given by a arbitrary function:
or = f(nety) (A.10)

which can for example be a sigmoid function, a hard limiter etc. In general, the outputs
opk Will not be the same as the target or desired values £,k. When we define the same error
function E as for the derivation of the Delta rule we obtain:

1
By = 5 Y (tok — o)’ (A.11)
k

and we take the update of the weights proportional to this error function along the negative
gradient of the error function:

OF
Awg; = —0 By (A.12)
with
OF OFE Onet;, (A.13)

Owy;  Onety Owg;
The last term in this equation can be written as:

Onety, K
Bwkj - Bwkj

> wijo; = o; (A.14)
k
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When we define

5 = 2F A5

k= Onety, (A13)

we obtain an update rule:

Awkj = 775],05 (A16)
This rule is similar to the delta rule:

6E 8E Qo
6k o _Bnetk a ~8_ok Bnetk (A'17)
N o N e’
1 2

For an output node we can calculate both parts very easily:

OF

— = —(tx — A.18

o (te — o) (A.18)

Aoy ,
= t A.

Onety, w(nety) (A-19)
from which we obtain:

5], = (tk - ok)fL(netk) (A.ZO)
This expression is valid for any node k so:

5k = n(t;, - o;,)f,'e(netk) (A21)

The circumstances are different when weights do not affect output nodes directly. The we
can still evaluate:

OFE
Bwj,-

OF Onet;
_nanetj Bwj,-

(A.22)

Awj; = —n
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— aE .
=1 Onet; %

(% %9 \
=1 do; Onet; )

OFE\
=7 (— 50—1) fi(net)o;
= né;0;

The difference however is that the factor cannot be evaluated directly as for the output
nodes.

B_E 8F Bnet;.
8o; = Onety, Oo;

2,;( Bnet(k )c’o,,zn: (e Om
S

¥ (- ez e
Zk: kWij

(A23)

So we obtain in this case:
= fi(net;) Xk: kWi (A.24)
For any pattern p we have:
Apwj; = nbp;oy: (A.25)
If the ’j’ nodes are output layer nodes we have:
bp; = (tos — 0p5) f(netp;) (A.26)
If we are looking at internal nodes:

= fi(netp;) D Sprwn; (A27)
k
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We can choose f(net,) such that an easy derivative f’ can be obtained. A good example
of such a function is the sigmoid function:

1
% = 1+ ezp[—(zi Wj;0; + 93)] (A.28)

Using this function it holds that % = 0;(1 — 0;).



Approximation
theorem

B.1 Kolmogorov’s Theorem

Kolmogorov has formulated [Kolmogorov57] a theorem about the existence of neural
network mappings . The theorem is:

Given any continuous function
$:I" — R™,d(x)=y (B.1)

where I is the closed interval [0, 1] (and therefore I™ is the n-dimensional unit cube), ¢ can
be implemented exactly by a three-layered neural network having n processing elements
in the first (z - input) layer, (2n + 1) processing elements in the middle layer, and m
processing elements in the top (y - output) layer.

The processing elements on the bottom layer are fan-out units that are used to distribute the
input vector components to the processing elements of the second layer. The processing
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elements of the second layer have a transfer function:
2= Nep(z; + k) + k (B.2)

i=1

where the real constant A and the continuous real monotonically increasing function y are
independent of ¢ (although they do depend on n) and the constant ¢ is a rational number
0 < € < §, where § is an arbitrarily chosen positive constant. Further it can be shown that
% can be chosen to satisfy a Lipschitz condition:

[ (z) — P(y)| < cle —y|* (B.3)

forany 0 < a < 1.

The m processing elements in the top layer have the following transfer functions:

2n+1
yi= Y gilzk) (B.4)
k=1
where the functions g; 2 = 1,2,---,m are real and continous (and depend on ¢ and ¢).

B.2 Weierstrass Approximation Theorem

It is very common to approximate a given function f(z) by a Taylor polynomial P(z) =
ap + a1 + - -+ + a,z™, where a; are constants (z = 0,1,2,---,n). The computation
of P(z) involves only the three operations of addition, subtractions and multiplication,
and the simplicity of these operatons is one of the reasons why polynomials are the most
widespread means of approximating any continuous function by a polynomial with an
arbitrary specified error. This result was provided by Weierstrass who proved rigorously
that any arbitrary continuous function on a compact set can be approximated to any degree
of accuracy by a polynomial. Weierstrass’s famous theorem can be stated as follows.

Theorem (Weierstrass): Let C|a,b| be the space of continuous real valued functions
defined on the interval {a,b]. If f € C|a,b], then there exists a polynomial P with real
coefficients such that || f(u) — P(u)|| < e fore > 0 and v € [a, b].

The theorem states that any function in C/[a, b] can be approximated arbitrarily closely by
a polynomial. Alternately, the set of polynomials is dense in C|a, b]. It can also be shown
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that if f is a function which maps a compact set U C R" to a compact set Y C ™, then
f : R™ — R™ can be approximated by polynomials is 4y, ug, "+, Un.

The Stone-Weierstrass Theorem: Let U be a compact metric space and F a subalgebra
of C[U]. If F separates points of U and does not vanish at any point of U, then F is dense
in C[U].

In this theorem, the set of polynomials (see the Weierstrass theorem) is replaced by a
suitable subset C'(U,R). Given any function f € C(U,R), it is shown that f € F, the
closure of F. In the classical Weierstrass Theorem, the subalgebra F is generated by the
constant function g(u) = 1 and g(u) = u and hence is the set of all polynomials.

The Stone-Weierstrass Theorem can be used to determine whether a particular class of
neural networks can approximate arbitrary continuous functions. The most important
result is that multilayered feedforward networks with as few as one hidden layer are
capable of approximating any continuous function C(U) where U is a compact set in ™,
which has been obtained independently by numerous authors like [Cybenko89].
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Process
descriptions

In this appendix several processes are described, all of which have been used in this thesis
as test cases for the methods introduced. Every process receives a number, which is
referred to in the text of the thesis. In section C.1, a second-order nonlinear system is
described with an input nonlinearity. A system with a highly nonlinear gain is described
in section C.2. Section C.3 gives a description of a level control system.

C.1 Nonlinear second-order system

In this section a nonlinear second-order process which has been used as a test case for
several experiments is described. The system consists of two parts: (a) a linear part,
describing a second-order linear system and (b) a nonlinear part at the input of the system.
The nonlinearities include: saturation, deadzone, limitation and rate limiting. As default
settings for the systems weused: 4_ = —1,d; =2,s_. = —4,5;, =5, Koo =2,( = 0.7,
wn = 0.14 and 73 = 0s. From this system description, a linear system can be derived as

241



242 PROCESS DESCRIPTIONS

u
u d_ T S+/ _lu Kgwle e |y
A ‘ di u 8% + 2(wns + w2

Figure C.1: Second-order process used in simulations.
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Figure C.2: Implementation of a process with a high nonlinear gain.

well by choosing the limits loosely. This approach would be used when a linear system is
used. For practical reasons it is advised to keep the output of the system bounded.

C.2 Process with nonlinear gain

A very well-known nonlinear system is a titration curve. Such a system is a very compli-
cated and nonlinear system from which a simplified model has been derived. The purpose
of the model is only to obtain a nonlinear model and not to model the ph process accurately.
This model is depicted in figure C.2. The ph level y in this model is described by

Y(s) 1
U(S) - (y); (C.1)
k(y) = eellvl (C.2)

First of all, the model is discretized and learned using input output information. The
discretized version of this system is given by the difference equation using a sampling
interval of 1 second:

yp(k) = yp(k — 1) + exp 3Ol (k-1 u(k—1) (C.3)
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The resulting behaviour of the system is dominated by the integration and the nonlinear
feedback gain. This gain depends exponentially on the state of the system and the
parameter o. The value this parameter in this thesis has usually been taken as o = 3.0,

y ol
-0.:’ 1 ]

06+
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0.8f J_ N
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Figure C.3: Response of simplified ph model to a Generalized Binary Noise input sequence
[Tulleken92].

without any physical reason. The response of the system with respect to a Generalized
Binary Noise sequence (see [Tullecken92]) is depicted in figure C.3 .

C.3 Level control system

A level control system, based on a model of a tank, is an example of a system in which
a nonlinearity is apparent. The nonlinearity is found in the dependancy of the derivative
of the level k in the tank and the actual level h. The level h of the tank (see figure C.4) is
described by the following equation:

i q*'v—Awt*\/Q*g:kmax(h,O)

1 (C4)

in which gq is the pressure before the input valve, v is the opening of the input valve, Ao
is the surface of the output valve, g is the gravitation acceleration and A is the surface of
the liquid in the tank.
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Figure C4: Schematic view of a tank model



Nonlinear models
and idenfification

D.1 Mathematical models

In chapter 3 (section 3.1), an introduction to the general objective of control has been
given. Three components are discussed: model, criterion and algorithm. The setup of
mathematical models is given. The use of software m.odels as a subset of mathematical
models using Al techniques yields rule-based models (with or without using fuzzy logic,
see chapter 4, neural models (chapter 5) or neurally inspired models like CMAC (see
chapter 5.6.4). In the following sections some well-known nonlinear models described in
the literature are given.

D.1.1 Prediction models

Models are used to predict the future behaviour of a system, given the control applied
to that system. This is very useful, because the control performance can be evaluated
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in advance and optimized for the required behaviour, without applying it to the actual
system to be controlled. In digital control systems, the length of the prediction (prediction
horizon) can vary from one sample to co. In many control applications a one-step-ahead

prediction is used.
Such a one-step-ahead prediction model, which can be both linear or nonlinear, is given
by the following equation:

(t10) = g(8;t, z(t — 1)) (D.1)

In this equation ¥ is a prediction on time ¢, based on both the parameter vector 8 and on
the observed input-output data z(t — 1) on time ¢ — 1. The observed data z(t) consists of
a vector with output () and input u(t).

Equation (D.1) can also be written as a state-space model, as given in equation (D.2)
which can be applied to nonlinear prediction dynamics:

o(t+1,8) = £(6;t,9(t,9),2(t)
y(t|0) = h(6;t,¢(t,9)) (D.2)

where ¢(,0) represents the state of the system. Linear and nonlinear parametrical
(one-step) predictor models are included in this description.

One of the most common nonlinearities consists of the nonlinear transformation of the
primary signals before they enter the linear system. An example of such a nonlinear model
is the Hammerstein model (see [Ljung87]), which approximates the unknown nonlinearity
using a polynomial expansion:

flu) = qqu+ au? + -+ + apu™ (D.3)
Another method to describe nonlinear systems is by means of the Volterra functional
power series or Wiener series [Schetzen81]. The input variables (u;,us, - -+, u,,) and the
output variable f(u) can be denoted using the Kolmogorov-Gabor polynomial:

N N N
flu) =00+ agu; + 3 agrujui +
j=1 J=1k=1
N N N
Z Z Zajktujukul +en (D.4)
3=1k=11=1

Algorithms to determine the estimate f (u) of f can be found in [Soeda87], [Leontaritis87],
[Billings84] and [Ivachnenko84]. Some of these models are used in theorems on the
function approximation of functions, like the Stone-Weierstrass theorem, which, applied
to neural networks, proves that networks of a certain size can approximate any (continuous)
function to any degree of accuracy (see appendix B).
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D.1.2 Nonlinear input-output models

The description of nonlinear systems is traditionally based on functional series such as the
Volterra or Wiener series, as mentioned in section D.1.1. These series provide an adequate
description for a large class of nonlinear systems, but for a good characterization of the
system, often, a large number of parameters are necessary. To determine (estimate) these
parameters, a large computational effort is required, and, therefore, a large amount of input-
output data is required. Some examples of applications using functional series methods
can be found in [Ivachnenko84], where the models are referred to as self-organizing
models. System description like these series are limited in its use due to the large number
of parameters and the large amount of data required.

The wide application of linear difference equations for identification purposes is obviously
leading towards the derivation of nonlinear difference equation models that can be used
to represent general nonlinear systems. In [Leontaritis85], recursive input-output models
for both deterministic and stochastic nonlinear multivariable discrete-time systems are
derived. These recursive input-output models are valid only in a restricted region of
operation around the equilibrium point of the system.

The deterministic models are used to create prediction error or innovation input-output
models for nonlinear stochastic systems. These models are the generalization of the
multivariable ARMAX models and are referred to as the NARMAX or Nonlinear Au-
toRegressive Moving Average model with eXogenous inputs.

In linear systems, the existence of recursive input-output equations is closely related to the
ability to determine uniquely the state of the system from a finite number of input-output
measurements, which is called finite-time observability. A similar procedure as that in the
linear case can be applied to determine the recursive input-output equations for nonlinear
systems.

A discrete-time time-invariant system can be described as:

z(t + 1) = glz(t), u(t)]

y(t) = hla(t), u(t)] (D.5)
For the interval [t,t + m], the output of the system can be expressed as:
y(t) = h[=z(t)]
y(t+1) = hlgx(t), u(t)]]
y(t+2) = hlglglz(t), u(t)],u(t+1)]] (D.6)

y(t+m) = hlglalglale(®),u(®)] u(t+ 1)
cu(t+m— 2)] u(t +m — 1)]]
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If the equation above can be solved for the state z(t) in terms of outputs and input values,
it follows that a recursive input-output equation can be derived for the non-linear system
also.

For this to be possible, the system must satisfy two conditions:

First, the system has to be finite-time realizable, which means that the state space of the
system cannot be infinite dimensional.

The second assumption as to the system is that the linearized system around the equilibrium
point has maximum possible order. This will hold provided the system, when operating
around the equilibrium point, can be successfully represented by a linear model.

If the input space U and the output space Y are normalized vector spaces, with dimensions
of respectively r and m, the inputs and the outputs of the system can be represented by
the column vectors

u(t) = [wi(t), ua(t), ..., u. ()"
y(t) = [1:(), 42t), -, Yy ()] (D.7)

Let the vector of all inputs from time 1 to time ¢ be

u® = [(u(t)”, (u(t - 1)7, ..., (u(1))"]" (D8)
and the zero-state response function f of the system be

y(t) = f(u) (D.9)

Now, the following recursive model describes the system (D.9) in a region around the zero
equilibrium point

vt+p) =@l nEt+n—1),...,0(), (D.10)
Yot +n2 — 1),...,92(2),

Yt +7m = 1), um(t),
u(t+p),...,u(t)
us(t + p), ..., us(t)
w45 -y (B)]

where ¢ = 1,2,...,m and p = max(nq,ns, ..., ny).

The integers ny,ng, . . . , 7y, are called the observability indices. The order of the model is
n = ny+ny+- - -+n.,. Every index n; corresponds to the specific y; and the model (D.10)
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can be seen as m interconnected single-output models each of order n;. A multivariable
system can have more than one set of observability indices and each set corresponds to a
different input-output model as given in equation (D.10). The sum of all the observability
matrices is, however, an invariant of the system equal to the order of the system n.

For a SISO system the model reduces to:
y(t+n)=qyt+n—1),...,y(t),ult +n),...,u(t)] (D.11)

which is a generalization to a nonlinear difference equation of order n, using a nonlinear
function q[-].

The deterministic nonlinear model in equation (D.10) can be transformed into a stochastic
nonlinear input-output model. For a SISO system the model of equation (D.11) reduces
to:

y(t+n) =
qlyt+n—1),...,y(@),u(t+n),...,u(t),e(t + n—1),...,e(t)]
+e(t + n) (D.12)

This model] is a generalization of the well known linear “ARMAX” model into a “NAR-
MAX” model. In section D.2, an identification scheme to obtain the parameters of the
both ARMAX and NARMAX models is given.

D.2 Recursive Prediction Error Method for MNN

The recursive prediction error method (RPEM) can be used for the estimation of the
parameters of nonlinear stochastic time series models in the context of neural networks. A
description of such a model can be found in [Chen90]. A neural network can be presented
as a nonlinear d-step-ahead predictor of the output of the system y(t + d). This prediction
can be defined as a function:

y(t+d) = f(e(t),0) (D.13)

where 8 denotes the parameters of the network e.g. the weights of the connections.

Consider the cost function:

W(O) = 3 3 (4(0) - 9,0))° (D.14)
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where the scalar §(¢,8) denotes the prediction of the output y. This cost function is
minimized in a recursive way with respect to the parameter vector 8.

The d-step ahead prediction, based on a nonlinear output error (NOE) model is given as
'g(t>0) = f(‘p(t - d),0) (DIS)

p(t—d)=[g(t—1)---§(t — na) (D.16)
u(t—d)---ult —d+1—mny)]"

The gradient of the predicted output is defined as:

¥(1.0) = | 250 o000 ©.17)

Combining these equations we can define an extended network model ([Chen90]).

[5%0]-[ 2k 20 ]

The resulting RPEM algorithm is:

Algorithm D.2.1 (RPEM for Extended models) For extended model structures the Re-
cursive Prediction Error Method (D.18) is given by the following equations.

9(£,0) | _ | fle(t—d),0)
[ ¥(t,6) } B [g(sa(t—d),o) ] (D-15)
e(t,0) = y(t) — i(t) (D.20)
B(t) = 8(t — 1) + P()T(t)e(t) (D.21)

P(t) = ;[P(t _1) = P(t- 1)¥(¢)
x [+ T P(t - 1)¥()] T ET ()Pt~ 1) (D.22)

In which €(t) is the prediction error, é(t) is the estimate of the parameter vector 0 at time
t and X is the forgetting factor.
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Symbols and
Abbreviafions

Symbols

a denotes scalar values
a denotes a vector
A denotes a matrix
A denotes a mapping
(?) denotes estimated variables
g~ ! denotes the backward shift operator: ¢~z (k) = z(k — 1)
A differencing operator: A =1 — ¢!
J criterion function

9(.) partial derivative operator
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SYMBOLS AND ABBREVIATIONS

p() denotes membership functions

Abbreviations

In this appendix a list of the abbreviations used in this thesis is given. The abbreviations
are in most cases the abbreviations used in the literature to shorten the text.

Al
AMS
AN
ANN
CMAC
DICE
DKBC
ES
IPDI

KBS
MIMO

MNN
NARMAX
NOE

RPEM
RTES
SISO
SOC

Artificial Intelligence

Associative Memories

Artificial Neuron

Artificial Neural Networks

Cerebellar Model Articulation Controller
Delft Intelligent Control Environment
Direct Knowledge-Based Control

Expert system

Increased Precision with Decreased Intelligence
Knowledge based

Knowledge-based system

Multiple Input Multiple Output

Man Machine Interface

Multilayered Neural Networks
Nonlinear AutoRegressive Model with eXogeneous inputs
Nonlinear Output Error

Radial Basis Function Networks
Recursive Prediction Error Method
Real-time expert system

Single Input Single Output
Self-Organizing Control



Samenvatfing

Om de grenzen van de methoden uit de regeltechniek te verleggen worden nieuwe terreinen
verkend. De wens om meer autonome en intelligente regelaars te ontwikkelen, heeft geleid
tot aandacht voor methodieken uit de kunstmatige intelligentie. Succesvolle strategieén
worden verwacht door integratie van zowel redenerende als lerende aspekten. Deze
ideeén zijn voortgekomen door menselijke intelligentie waar te nemen, waar dezelfde
twee elementen: redeneren en leren kunnen worden onderscheiden.

Hoofdstuk 2 geeft een introduktie in de basis ideeén van deze beide strategieén. Ken-
nisgestuurde redenerende systemen en zogenaamde subsymbolische of lerende systemen
worden beschreven. De toepassingsgebieden zijn velerlei en wijd verspreid.

Flexibele proces beheersing vereist meer en meer om in de regelstrategie rekening te
houden met drie problemen: niet-lineariteiten, tijd variant gedrag en onzekerheid in de
parameters. Deze problemen alleen ten dele worden opgelost door de moderne regeltech-
nische methoden, problemen treden op door beperkingen van de beschikbare theorieén en
de noodzaak om zeer nauwkeurige modellen te hebben. De bestaande methoden worden
met hun beperkingen geconfronteerd op het moment dat globale a priori kennis over het
te regelen systeem aanwezig is. In hoofdstuk 3 wordt een regelaar gedefinieerd als een
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multi-dimensionale afbeelding, die allerlei strategieén omvat. Een sleutelrol voor een een
dergelijke afbeelding is weggelegd voor de kwantisatie van de ingangssignalen van de
regelaar. Intelligente regelaars zijn meerlaags oplossingen, die meerdere strategieén om-
vat om probleem specifieke oplossingen te bieden. In de hogere lagen van automatisering
zijn symbolische methoden het meest geschikt, terwijl op lagere nivean’s subsymbolische
methoden bruikbaar zijn.

Het gebruik van symbolische redenerende technieken in een regeltechnische omgeving
vergt speciale voorzorgsmaatregelen. Real-time kennisgestuurde systemen moeten fa-
ciliteiten bieden om niet monotone redeneerprocessen te kunnen behandelen, te kunnen
redeneren met tijd (zgn. temporal reasoning), koppelingen te bieden met externe soft-
ware, reageren op asynchrone gebeurtenissen, etc. ’Progressive reasoning’, waarbij het
kennissysteem wordt opgesplitst in verscheidene is een goed bruikbare oplossing voor
een real-time omgeving (hoofdstuk 4). In een direct intelligente regelconfiguratie vindt
een direkte afbeelding plaats van de metingen en de uvitgang van de regelaar. Gebaseerd
op deze aanpak is een algemene rule-based regelaar ontwikkeld. Gebruik makend van
verscheidene kennis modules is bovenop een vage regelaar een adaptieve regelaar on-
twikkeld. Resultaten hebben aangetoond dat deze vorm van regelen kan worden toegepast
op systemen waarvan slechts basis kennis over het bereik van de signalen aanwezig is. De
wens om zeer precies te zijn verlangt een kleine, lokale generalisatie, waarbij een groot
aantal klassifikaties van de ingangssignalen moet worden gemaakt. Dit conflicteert met
het oorspronkelijke idee om symbolische klassifikaties te gebruiken.

Het gebruik van symbolische technieken in een indirekte regelconfiguratie is zeer aantrekke-
lijk gebleken. Het biedt de mogelijkheid om de wensen en eisen t.a.v. de performance
van de regelaar op een zeer natuurlijke en elegante manier te beschrijven door gebruik te
maken van lidmaatschapsfunkties.

Lerende eigenschappen zijn belangrijk voor een intelligente regelaar, en zijn vooral terug
te vinden in neurale netwerken (hoofdstuk 5). Dynamische systemen kunnen worden om-
schreven als statische multi-dimensionale afbeeldingen. Deze afbeelding kunnen worden
geimplementeerd, gebruik makend van verschillende niveau’s van generalisatie, athanke-
lijk van de mate van niet-lineariteit van het systeem. Voor zeer niet-lineaire systemen
een lage, lokale vorm van generalisatie is gewenst, zoals CMAC. Voor een bredere gen-
eralisatie zijn meerlaags neurale netwerken meer geschikt. Een bredere lokale vorm van
generalisatie wordt verkregen door toepassing van zgn. Radial Basis Function Networks.
De gewichts aanpassing in deze netwerken zijn optimalisatie problemen en hebben nauwe
verbanden met lineaire identifikatie algoritmen. Batch georienteerde methoden zijn het
meest geschikt en leiden tot betrouwbaarder resultaten dan in-line recursieve technieken.
Een batch georienteerd algoritme, gecombineerd met een heuristische gewichts adaptatie
schema leidt tot snelle convergentie voor meerlaags neurale netwerken. Het voordeel
van conventionele lineaire prediktie modellen is gecombineerd met neurale netwerken.
Deze hybride modellen vergen intensieve data bewerkingen. Het resultaat is een lineair
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regressie model waarvan de gewichten in-line kunnen worden aangepast. De kracht van
dit soort netwerken is aangetoond aan de hand van een aantal voorbeelden. Compacte
en nauwkeurige modellen van nict lineaire systemen kunnen worden verkregen. Model
validatie technieken zijn van vitaal belang om de toepasbaarheid van deze modellen te
onderzoeken.

Het gebruik van neurale netwerken als regelaar is onderzocht en vitgewerkt in hoofdstuk 6.
Een neurale regelaar is beschreven, waarin het netwerk wordt getraind, rekening houdend
met door de gebruiker te definieren criterium. De resultaten van neurale regelstrategie€n
worden voornamelijk beperkt door de convergentie problemen die tijdens het trainen van
een dergelijke regelaar optreden. De beste resultaten worden bereikt met een voorspellende
regelstrategie, gebaseerd op een neuraal model. Real-time hardware implementaties
bieden hier een oplossing.

Hoofdstuk 7 geeft aan dat het gebruik van a priori kennis die in linguistische vorm aanwezig
is kan worden vertaald in een netwerk struktuur. Als een aantal randvoorwaarden in
acht worden genomen kan een Radial Basis Function Network worden verkregen. Een
algemene opzet van een intelligente regelstruktuur wordt voorgesteld. Een dergelijke
strategie bestaat uit verschillende niveau’s van dataverwerking, met de daarbij behorende
methode om die specifieke data te kunnen verwerken. De methoden, zoals beschreven
in hoofdstuk 3-6, kunnen op verschillende niveau’s in een dergelijke regelconfiguratie
worden geimplementeerd.
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