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Abstract

Manual tuning of electronic filters represents a time-consuming process which
can benefit from some computer assistance. A prototype computer-based
system for the tuning of crystal filters after manufacture was developed. This
system solved the problem of crystal filter tuning in a novel way.

The system, called AEK (Applied Expert Knowledge), was developed using
crystal filters and is a hybrid system with the following two functions:

(1) Required values of features are extracted from the filter waveform and
passed to the expert system which determines the component to adjust and
the direction to turn, or the end of the tuning.

(2) Sampled values of the waveform are extracted and passed to a neural
network which determines how far to turn the component chosen in (1).

The prominent aspects were:

® Work using the protocol analysis elicitation technique indicated the need
to separate the process into two sub-tasks (stopband and passband). Each
sub-task was divided into three classification parts which determined (i) the
continuation of the tuning process, (ii) the component and direction to turn,
and (iii) the distance to turn respectively. Unfortunately, it was not possible
to extract rules from the operator.

® Three learning techniques (ID3, Adaptive Combiners, Neural Networks)
were used and compared as the means of automated knowledge elicitation.
All three techniques used case knowledge in the form of examples. The
investigations suggested the use of ID3 for the first two parts of each sub-
task employing features with linguistic values. The number of linguistic
values each feature has, was also derived.

® Neural networks were trained for the third part. It was necessary to have
one network for each component/direction combination and to use examples
from just one mal-adjusting process.

u Tests of the hybrid system for a number of cases indicated that it performed
as well as a skilled operator, and that it can be used by novice operators but
situations arose where there was either no knowledge or contradictory
knowledge.

The prototype system was developed using one type of crystal filters but the

generic construction procedure can be followed to build other systems for
other types.
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Organisation of the thesis

The thesis is divided into two main parts. Part A consists of two chapters
devoted to the concepts of electrical filters and arfiﬁcial intelligence. The first
chapter looks at crystal filters and the problems of post-assembly tuning.
Furthermore an overview of expert system components and a review of
knowledge elicitation and representation is given followed by a discussion in
terms of the system constructed. The second chapter covers the procedure
used at the collaborating establishment and the procedures proposed by other
workers in the field. The chapter ends with a discussion about the motives for
employing an expert system approach in the filter tuning domain.

Part B of the thesis has seven parts, which present a chronicle of the expert
system and the neural networks development. Part B represents original
work undertaken during the development of the AEK system. Chapter three
presents the knowledge acquired during the first visit to the company and
identifies the reasons for moving to the machine learning paradigm. Chapter
four introduces a number of techniques which can be employed for the design
of learning systems. These techniques include ID3, adaptive combiners and
neural networks. Chapter five shows the adaption and comparison of the
techniques presented in the previous chapter for the filter tuning application.
Chapter six highlights the problems encountered when using ID3 and
describes additional work undertaken to avoid the shortcomings of the
technique. In the seventh and eighth chapter the induction of rules and the
construction of the neural networks are presented respectively. Chapter nine
presents the software and hardware employed together with instructions of

how to use the AEK system. Chapter ten is entirely devoted to the application



of the rules and the networks to the tuning of a number of filters. This is
followed by a detailed evaluation of their performance.

Finally, the thesis comes to a closure (chapter 11) with a discussion of the
achievements, a critique of the expert and neural systems and an assessment

of the software used.
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1.1 Introduction

This chapter discusses general aspects of electrical filters with particular
reference to the crystal filter used in the study. The requirement for filter
tuning is justified in Section 1.2.5 which also introduces the methods
employed.

Sections 1.3 to 1.4.5 provide an overview of artificial intelligence and expert
systems. This is followed by an overview of the expert system constructed for
this study in terms of knowledge representation and control. AEK (Applied
Expert Knowledge) is the name given to the system and it is used throughout

this thesis.

1.2 Introduction to electrical filters

An electrical wave filter, or just filter for ease of reference, is designed to
receive a signal and to attenuate certain pre-defined frequency regions of the
input signal while passing the rest of the frequency regions without changes.
It is possible to classify filters in different ways’. In terms of the frequency
spectrum, they may be grouped as audio, video, or radio-frequency and
microwave filters. In terms of the circuit configuration of the basic elements,
filters may be classified as ladder or lattice. Categorization in terms of the
character of the elements used in them is also common, for example LC or RC
filters. The most customary division is between analogue and digital filters
which treat analogue and digital signals respectively. Analogue filters may
be classified as passive or active. These constructions are similar except that
the latter has an integral source of energy, usually an operational amplifier.

Digital filters on the other hand utilise software, such as a subroutine on a



computer program, or as hardware, such as a circuit containing registers and

multipliers.

1.2.1 Filter components

Electrical filters contain a variety of components® and it is the responsibility
of the designer to select the appropriate components for any given task.
Filter components come in two forms, namely active and passive. Active
elements may amplify the signal power. By contrast passive elements do not
contribute to signal energy; they can only absorb or transfer it. Capacitors

and inductors are two common passive elements.

1.2.2 Magnitude responses and

approximations

One way for studying any filter is to investigate the magnitude response of
the output signal. The output signal is the product of the magnitudes of the
input signal and the frequency response function of the filter. This means
that if the magnitude of frequency response is equal to zero (or approximately
equal to zero) for a certain frequency range, then the output signal will have
a zero (or approximately zero) magnitude over this freqﬁency band. This
group of frequencies is called the stopband of the filter. Similarly, if the
magnitude function‘ is greater than zero and close to one for another
frequency band, then this interval is called the passband of the filter. In
addition, the band of frequencies between a passband and a stopband is
defined as the transition band. Certain frequency bands are then transmitted
while the rest are rejected. The design of each filter determines the regions,

if any, where frequency is allowed to pass or not and provides yet another
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taxonomy. They can be either lowpass, highpass, bandpass, or bandstop
filters. Lowpass and highpass filters are, respectively, filters that transmit
signals at frequencies below or above a defined cut-off frequency (w, and
attenuate those frequencies above or below the cut-off point (w,). Bandpass
filters transmit all frequencies between defined upper (©,) and lower limits
(0,), and attenuate frequencies outside those limits. Bandstop filters
attenuate frequencies between upper (,) and lower limits (®,) and transmit
all other frequencies. These four basic types of frequency selective filters are
illustrated in Figure 1. Of course, there are filters that do not belong to any
of these four types but in most cases the magnitude specification of filters will
fall into one of those categories. In practice, these characteristics are. not
attained with a finite number of components due to absorption, reflection or
radiation, so a number of well known curves, which approximate the ideal
responses within specified tolerances, are used. The common filter
approximations are the Butterworth, Chebyshev, inverse Chebyshev, and

elliptic® (Figure 2a).
1.2.3 Crystal filters

A crystal, physically, is a three dimensional pattern consisting of atoms,
molecules, or ions*. A variety of classes of crystals exist of which about twenty
exhibit the desired effect of piezoelectricity®. Piezoelectricity refers to the
electric potential being generated whenever an external pressure is applied
to the crystal. Crystals exhibit mechanical resonance which can be excited by
the application of an AC signal. The size and shape of the crystal determine
the frequency of the mechanical resonance which typically varies from 20

KHz to 50 MHz. Figure 2b shows the electrical equivalent circuit. L,, C, and
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R, are the motional parameters and C, is known as the static capacitance and
represents the effective capacitance of the crystal unit at frequencies far
removed from resonance. The quality factor of the motional arm is extremely
high, typical values are between 20000 to several hundred thousand,
compared to other resonators, such as LC circuits. The quality factor and the
unique combination of properties (stability with time and temperature, high
quality factor, strength, inexpensive, small size, low insertion loss) make
crystals attractive and provide flexibility for the practical design of filters
with very narrow bandwidth. The term crystal filter is used to describe
electrical filters incorporating crystal resonators. The principal crystal used
in electrical ﬁItérs, especially bandpass filters, is the quartz cryétal.
Théore_ztically, an electric circuit using inductors, capacitors and resistors can
be constructed to simulate a crystal resonator but the problem lies with the
practicality of obtaining the exact values for these components. Crystal filters
can be either discrete or monolithic®®. The former employ standard
components plus a number of single crystal resonators. In comparison
monolithic crystal filters provide a complete filter on a single quartz wafer

with no supplementary parts.

1.2.4 The benchmark filter

The collaborating esfablishment produces about two hundred separate types
of crystal filters. The filter code number 4716 was used for this study. This
filter is a discrete 4-pole asymmetric bandpass crystal filter. Asymmetric
refers to the passband region because of the steep skirt selectivity on one side
of the passband and the reduced attenuation on the opposite side. Figure 3

displays the top view of the filter. The filter consists of two types of
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adjustable components, namely trimmer capacitors (C,, C,) and inductors (T,
T,, T,). The specification of the filter is summarised in Table 1. The selectivity
requirements are divided into two general areas, namely the passband and
the stopband response regions. Both regions are specified with reference to
a nominal frequency which is the centre frequency (reference frequency). A

typical filter response demonstrating the electrical specifications is shown in

Figure 4.

1.2.5 The need for post assembly tuning

Filter engineers have tackled the tuning problem in two different ways. One
approach takes place during the design stage and the other takes place after
assembly. The post-assembly approach can be further categorised into two
methods, namely functional and deterministic’. The latter method applies
circuit modelling and includes techniques such as response sensitivity. This
research concentrated on the former method. This is the traditional approach
in which tuning is performed manually. The manual tuning procedure is
described in Section 2.2.

In practice, the actual performance of an electrical filter differs from the
specification. This is due to the inescapable effects of using real components
which leads to apparently identical filters having slightly different responses.
This becomes more transparent when, for example, the inductor component
is considered. The use of inductors is a predominant cause of response
deterioration, because obtaining exact values requires winding the component
by hand. This results in inconvenience and further cost. Furthermore the
method used in winding the coil, number of windings, spacing of turns,

permeability of the core are all factors that contribute to the electrical
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Table 1 : Specification of used filter

Filter type

Upper Side Band

Reference frequency

1.4 MHz

Passband width

+0.5 KHz to +2.5 KHz minimum at

4 dB

Stopband width

-0.7 KHz to +5.0 KHz maximum at

45 db

Passband ripple

3.0 dB maximum +800 Hz to +2.0

KHz

Transducer attenuation

5.0 dB maximum 0.5 dB minimum

Attenuation at 1.4 MHz

10 dB minimum

Ultimate attenuation

45 dB minimum to be maintained to +

20 KHz

Termination impedance

1kQ + 15 /// 75 + 10 pF

{ Maximum input powers
I

1 mW

erperating temperature range

-10°C to +65°C

'E/Iaximum weight

75 gms

13




characteristics of an inductor.

1.3 Overview of Artificial Intelligence

In the literature of computer science the task of exploring and simulating
human intelligence has been termed Artificial Intelligence. The objectives are
twofold:
(i) the amplification of the user’s capability in performing intelligent
tasks, and

(ii) the understanding of the principles of intelligence.

One representative definition of Artificial Intelligence is given by Barr and

Feigenbaum?®.

’Artificial intelligence is the part of computer science concerned with
designing intelligent computer systems, that is systems that exhibit the
characteristics we associate with intelligence in human behaviour -
understanding language, reasoning, solving problems and so on.’(page 4)
Therefore Artificial Intelligence is based upon perceptions of human intell-
igence. Although we can recognize intelligence it is questionable that anyone
could provide a definition covering all its aspects. The spread of the interpre-
tation of the term intelligence has resulted in the discipline of Artificial
Intelligence incorporating the fields of engineering, cognitive science,
philosophy, psychology and linguistics. This generated applications and topics
of research. Some examples of application areas are game playing, automated
reasoning and theorem proving, natural language understanding, robotics,
expert systems, machine learning and neural computing. The work performed

for the tuning of electrical filters involved the expert systems, machine

learning and neural computing branches. These areas are explained at the
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appropriate sections of the thesis. The reader is referred to books by

11,12,13

Winston®, Charniak and McDermott!°, and Barr and Feigenbaum for

further background to the theory and pragmatics of Artificial Intelligence.
1.4 Expert Systems

The realization by the Artificial Intelligence community during the 1960’s of
the weakness of general purpose problem solvers led to the development of
expert systems. Expert systems held the greatest promise for capturing
intelligence and have received more attention than any other sub-discipline
of Artificial Intelligence. The term knowledge-based systems is used
interchangeably to avoid the mis-understandings and mis-interpretations of
the word ’expert’. Irrespective of the adjective, each such system is designed
to operate in one of a variety of narrow areas. The design involves attempts

to model and codify the knowledge of human experts.

1.4.1 A review and classification of expert

system projects

The number of expert systems reported in journals is rapidly increasing. But
there are four examples that merit special attention due to the fact that they
were the pioneering attempts. These systems are, the Dendral system which
infers the moleculaf structure of complex organic compounds from their
chemical formulae and mass spectrograms, the Mycin'® system which
diagnoses blood infections and recommends the appropriate drug treatment,
the Prospector'® system which is designed to aid geologists in their search for
ore deposits, and the R1(XCON)"” system whose purpose is to configure VAX-

11 computer systems. These systems are important. First they showed that
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the new technology can work and secondly they provided models (of
representation and inference) that other implementations followed. Since that
era a wide variety of programs, not so much acclaimed, have been developed
in many different fields, performing a range of diverse tasks. For a survey of
recent applications, and a set of references, see Bramer'®, Reddy®, Bremer®
and IEEE Computer?'. There are numerous ways to classify expert systems
but the two that follow are probably the most important. One apparent
practice is by their area of application (Mycin - medical, Prospector - geology).
The other is by the tasks that they are called upon to perform? (Dendral -

interpretation, Mycin - diagnosis).

1.4.2 The éomponents of an expert system

The essential components of an expert system can be identified as :-

Knowledge-base module: this is the essential component of any system. |

It contains a representation in a variety of forms of knowledge elicited
from a human expert (see Section 1.4.3).

Inference engine module: the inference engine utilises the contents of

the knowledge base in conjunction with the data given by the user in

order to achieve a conclusion.

Working memory module: this is where the user’s responses and the
system’s conclusions for each session are temporarily stored.

Explanation module: this is an important aspect of an expert system.

Answers from a computer are rarely accepted unquestioningly. This is
particularly true for responses from an expert system. Any system
must be able to explain how it reached its conclusions and why it has

not reached a particular result.
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Justification module: using this module the system provides the user

with justification(s) of why some piece of information is required.

User interface module: the user of an expert system asks questions,

enters data, examines the reasoning etc. The input-output interface,
using menus or restricted language, enables the user to communicate
with the system in a simple and uncomplicated way.
Through the years systems have appeared which include additional modules.
For example, learning modules, knowledge acquisition modules and
refinement modules. Each one of the above constitutes a research topic on its

own.

1.4.3 The nature and representation of

knowledge

Whereas from a philosophical point the concept of knowledge is highly
ambiguous and debatable, expert system builders (to be referred to as
knowledge engineers) treat knowledge from a narrower point of view. This
way the knowledge is easier to model and understand, but remains diverse
including rules, facts, truths, reasons, defaults and heuristics. The knowledge
engineer needs some technique for capturing what is known about the
application. The technique should provide expressive adequacy and notational
efficacy®®. Knowledge representation is very much under constant research
and several schemes have been suggested in the literature. The four most
widely used in current expert systems are production rules?, semantic nets?,
frames?®®, and logic?’. Obviously, no single method can represent all kinds of

knowledge and although some kinds of knowledge can be represented in many
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ways some other kinds of knowledge, such as time, cannot be captured.

1.4.4 Controlling the knowledge

Much of the power of an expert system comes from the knowledge embedded
in it. In addition, the way the system infers conclusions is of equal
importance. The knowledge engineer has to consider how to implement the
control, ie. what to do next, and the search, ie. how to find some information.
These decisions rely on the classification of the faskzs, and on the amount of
information known beforehand about the problem space. Various problem-

solving methods have been described in the literature®.

1.4.5 Knowledge acquisition and elicitation

The terms knowledge acquisition and knowledge elicitation are often
confused. The knowledge acquisition process is defined as the combined
activity of eliciting, analyzing, interpreting, representing, administering and
utilising the knowledge of human experts. Clearly, knowledge elicitation only
address the elicitation aspect of the task. The primary activity during
elicitation is to capture knowledge from experts through a series of sessions.
A large number of elicitation techniques have been proposed as suitable and

as a result of a literature review, the following techniques were identified:

Structured interview Questionnaires

Interruption Retrospective comment analysis
Behaviourial observation Informal interview

Protocol analysis ~ Multidimensional scaling
Concept sorting Repertory grid

Cluster analysis Socratic dialogue

Forward scenario Conceptual clustering

It is important to realise that generally none of these techniques can surface

on its own but a mixture will probably obtain the required results. The reason
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for this being that knowledge has many forms and each technique can only
attempt to extract a subset. For example the protocol analysis technique,
described below, works very badly for domains which are best represented

declaratively but a rich amount of procedural knowledge can arise.

1.4.5.1 Protocol analysis

Protocol analysis (or process tracing, or verbal reporting) was first described
by Newell and Simon® and, in recent years, by Ericsson and Simon®’. The
expert is given a typical problem to be solved and before the session begins
s/he is requested to verbalize whatever s/he is thinking. The session is audio
and/or video-taped and the protocol is transcribed and analyzed at a later
stage. During the session the builder participates only when the expert seems
to be idle by asking probing questions such as what are you thinking at this
moment?. The technique minimizes the builder - expert interaction resulting
in economising the expert’s time. Although there are some problems
associated with this technique, protocol analysis seems to be useful at the
start of a project. Problems can be encountered due to the fact that not all
individuals find it easy to verbalize and perform simultaneously and also
most people can think more quickly than they can talk. In both cases
knowledge might be lost. Additionally, protocol analysis can provide us with
extensive information of how the knowledge is used but not about its full
range. Finally, analyzing protocols is time consuming and difficult. Various
authors have described types of analysis to apply to the same raw data in
order to become familiar with it, to understand the reasoning involved and
to facilitate the representation of the knowledge. A brief review follows.

Waldron®® provides a framework for classifying decision alternatives in terms
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of alternatives, attributes, aspects and attractiveness. He also classified
naturally occurring rules into dominant, lexicographic rules. Bainbridge®
offers three analytic approaches to be applied to the transcript. Explicit
content, implicit content and groups and sequences of phrases. She has used
those approaches in analyzing verbal protocols from a process control task.
Kuipers and Kassirer® analyzed a verbatim transcript taken from a second
year student in three stages: Referring phrase analysis, assertional analysis
and script analysis.

There exists a considerable overlapping on each author’s ideas and proposals.
This is something to be expected since knowledge elicitation is a new
discipline but the terminology leaves something to be desired. Différent
people use the same terms to mean different things. A lot of research is under
way in order to compare the various elicitation techniques so a builder can
rate each techniﬁue’s suitability under various circumstances. A review of
knowledge acquisition evaluation research can be found in the article by

Dhaliwal et al®.

1.4.6 Expert systems and conventional

programs

One might wonder what makes expert systems different from conventional
ones. One might remark that in some sense, any computer program is expert
at s'omething. A payroll program incorporates knowledge about accountancy,
but it is not included in the expert class. The reason being that the numbers
generated by the payroll program might differ depending on the inputs, but

they are always generated in the same way. Creating conventional programs
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involves the definition, from the beginning, of the data, its nature and the
process involved. The process consists of the presentation, in the proper order,
of the correct set of procedures and control structures. The conventional
approach typifies program-driven processing where what happens next at any
particular point is pre-determined. Hence, conventional programs rely on
algorithms which contain a step-by-step description of the procedures to be
followed. These algorithms guarantee that the right conclusion will be
reached when the correct data have been entered or that new knowledge from
old can be inferred but the inference order is known. Expert systems differ
from conventional software systems in that they are able to reason about data
and draw conclusions employing heuristic rules. These are rules that have
been formed through practical experience and they are employed to solve
problems. Heuristic rules do not require perfect data and are not guaranteed
to succeed but the proposed solutions are derived with varying degrees of
certainty. The route to a conclusion varies according to the input data but the
difference with conventional programs is that the inference order is not preset
by the programmer. The inference order is determined by the success or
otherwise of the branches of the rules. Heuristic rules are useful for
situations where it is not possible to construct an algorithm. Another
difference is thaf with conventional programming the knowledge and the
processing procedures are tangled and spread throughout the entire program.
In an expert system, however, knowledge is concentrated in one module and
another separate module directs the inferencing. The separation means that
one can make at least some changes to either module without necessarily

having to alter the other. These differences led to the usage of different type
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of programming languages employed. Traditional programming involves the
use of imperative languages, whereas on the other hand declarative languages
are employed for an expert system construction. Additionally, expert systems
can reason using incomplete data and can generate explanations and
justifications, even during execution of their actions. Once again these

facilities are provided by separate modules.

1.5 An overview of the AEK expert system part

The knowledge engineer has at his disposal a number of tools to aid the
construction of an expert system. These tools fall into four major categories.
Programming languages; shells, development environments and domain
specific tools. As described by Waterman®® and Harmon et. al*” there are a
variety of expert system tools.

The AEK system was constructed using a commercially available expert
system shell, namely Xi-Plus. Shells provide an alternative to programming
languages since the knowledge engineer does not have to create the entire
system from scratch. Shells like Xi-Plus provide an editor, the user interface,
the inference engine and the explanation facilities. On the other hand the
majority of such shells constrain the construction process due to the lack of
a number of representation and searching schemes. This way the knowledge
engineer might try to represent the whole of the area of knowledge using a
single representation formalism. Ifthe need arises development environments
can provide the solution. These environments are equipped with more
sophisticated editors, graphical interfaces and numerous representation
methods. Gevarter®® presents evaluation criteria for selecting a commercial

tool for performing a particular task.
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The Xi-Plus system was used because it was readily available. Its utilisation
was continued because of the suitability of the architecture and control

features for the task.

1.5.1 The AEK expert system part

architecture

The system implements the most common form of architecture in expert
systems, namely the rule-based architecture. The components of the system

are the ones described in Section 1.4.2.

1.5.2 Representing knowledge in AEK

(expert system part)

The kﬁowledge is represented using rules, facts and defaults. Facts are
statements which are true under all conditions. Defaults are values used in
the absence of other information. Rules, or production rules®, are small
chunks of knowledge expressed in the form of if..then statements. The left
hand side (IF') represents the antecedent or conditional part. The right hand
side (THEN) represents the conclusion or action part. A number of rules
collectively define a modularized know-how system®. A list of the benefits and
drawbacks using production rules is given by Hayes-Roth*’. The rationality
for selecting rule-based presentation becomes apparent when examining the
following three factors.

The wording of the expert: When dealing with experts, it is important

to try to select the approach that is most natural to them. In our case,

during protocol analysis (see Section 3.3), it became apparent that the
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expert was expressing his problem solving techniques in terms of
situation-action rules in order to show empirical associations between
attributes. (Appendix 1 contains a protocol transcript).

The nature of the task: The tuning of the filter is accomplished by
classifying the appropriate action to be taken from a pre-specified list
of possibilities. Production rules can only represent what is called
’shallow’ or low’ knowledge*' but they present a natural framework for
classification tasks*2.

The use of an induction tool: Elicitation of knowledge was performed
using an induction tool (see Chapter 7). The outcome was a decision

tree Whiéh was transformed to a set of rules.

1.5.3 Control in the AEK expert system part

The shell comes with predefined control structures but the user can
implement some of his/her own. When a user of AEK requests the
classification of a given magnitude response the system operates in the
backward chaining mode (i.e. tell me how to classify). The order of looking at
the rules is lexical order viz. when scanning rules it will first look at rule 1,
and then rule 2 etc. The order that the rules are recorded is then critical.
Since the rules were generated from a decision tree, the system performs a
depth-first search. When it searches, it inspects each rule to see if the left
hand conditions are true. This is achieved by either reading the working
memory or by asking questions or by generating further subgoals. In any
case, the system continues to the next rule until all rules have been inspected
@if this is not desirable the user can instruct the system to stop at the first

true rule). Theoretically all rules that can execute must be placed in a conflict
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set and one of the rules is selected*’. Using Xi-Plus the system displays all
options and the user has to make the decision. The selected rule then
executes. This is what is known as the match, select and execute cycle. The
system provides forward chaining (ie. what can you tell me when this data is
true) as well. Additionally, meta-rules are available in order to reduce the
search space. Other control facilities are the checking of outstanding queries,

of a completed goal and the initiation of the evaluation of rules.
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2.1 Introduction

Chapter 2 provides an introduction to the manual procedure currently in use
(Section 2.2). Section 2.3 describes previous work in the field of electronic
filter tuning. Three approaches are described in total. The heuristic and the
machine learning approaches were selected since their overall methodology
is close to the one followed in this work whereas the third approach
(sensitivity-based approach) represents conventional techniques. Finally,
Section 2.4 discusses the motives for implementing the expert-neural (Hybrid)
approach by identifying the strengths and weakness of the previous
approaches and the areas where the hybrid system can perform (or
compliment) better. It was hoped that the hybrid would eliminate repetitive
and time consuming calculations, provide a better system-human interface

and enable a complete automation of the tuning task.

2.2 Manual tuning procedure

Manual tuning can be thought of as a human real-time optimisation which
attempts to reduce the total and individual errors in the features of interest,
with as few steps as possible. Error is defined as the difference between the
required and the obtained performance.

There does not appear to be a general theory of the practical tuning of filters.
Through an initial training and with acquired experience the operator is
transformed into a skilled operator. An experienced operator then effectively
generates an heuristic algorithm for tuning a particular type of filter.
Knowledge about which components are appropriate for adjustment for tuning

and which to be ignored, the order of the specification checking etc. is
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referred to as heuristic. Heuristic algorithms are different to conventional
algorithms in the sense that they do not guarantee success or a solution. They
can fail at certain times, but often they work. The difficult part, as will
become obvious later on, is to extract the algorithm. The operators appear to
be unaware of it.

Despite the variations between operators, which can be found in detail, the
general pattern is the same. An operator checks the performance of the filter
(e.g. magnitude response). From experience coupled with the feedback pro-
vided by the response measurement system he or she decides what corrective
action, if any;, is to be taken. The action being the adjustment of an
appropriate tunéble component. These steps are then repeated as many times
as necessary until the performance satisfies the requirements. Then the
response is checked at a set of frequencies and further corrective actions, if
required, are carried out. Effectively, the operators act as signal interpreters
and the interpretation is not based on any theory but is essentially a
synthesis of a strong capability for pattern recognition linked with knowledge

accumulated from past experiences.

2.3 Work in the electronic filter tuning field

‘Although manual tuning is successful the advantages of providing
computerised assistance to an operator have been recognised before. This
section introduces and contrasts the work of others in the field. The reasons
behind the motivation for using the expert system technology are also
discussed. Rather than introducing a catalogue of all techniques, this chapter
will highlight on three proposed methods, namely the work described by

Nazemi and Fidler!, Mirzai®, and Crofts and Jervis®. The first two projects are
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most directly relevant to this work due to the involvement of experts, in
Nazemi et. al. case, and the machine learning approach, in the case of Mirzai.
A discussion of the three techniques will hopefully help to understand AEK’s

contribution to the field.

2.3.1 Filter tuning using a microprocessor

- based heuristic algorithm

Nazemi and Fidler' realized the need for the automatic tuning of filters and
proposed a method which took into consideration the operator’s knowledge.
The development of the heuristic method involved three phases. The first
phase involved the selection of the tuning components and the frequency
points. To facilitate the selection, sensitivity analysis was employed as a
starting point. Secondly, the error and stopping criteria were defined in order
to have some means of stopping the tuning process. Finally, the heuristic
tuning algorithm was developed. This involved the creation of an information
storage data table (ISDT). The table included information on which
component to adjust and the direction of adjustment at every test frequency
point. This information was dependent on the polarity of the error. This ISDT
was stored in the memory of a microprocessor controlled system which tested
the filters after each adjustment and then adjusted them again, and so on,
until they were tuned. What is interesting and of particular relevance to our
work is the method used to generate the table. In general, the algorithms,
since each type of filter has a different one, were developed by tuning the
filter manually a number of times. The pattern of tuning and the pattern of

adjustments were combined and their examination resulted in the creation
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of the algorithms. In particular, for a second order Sallen and Key lowpass
filter Nazemi* reported the creation of the algorithm as follows:
"By performing the tuning manually many times, the best approach
was recorded and from that an ISDT was formed." [Chapter 5, page
142] :
The goals of the testing of the heuristic algorithms were as follows:
(a) Can the heuristic algorithm be used on its own, and
(b) can the heuristic algorithm be used as a front-end of another technique.
If so, are there any benefits in doing so.
The heuristic algorithms were tested on a number of hardware circuits and
compared to a pattern search optimisation technique devised by Hooke and
Jeeves®. The criterion of comparison was the number of measurements cafried
out by each method. One conclusion was that the heuristic algorithm can be
operated on its own but usually resulted in a coarse tuning. An important
observation was the substantial improvement in the number of
measurements. When used as a front-end no more than eighty-eight (88)

measurements were required although total reliance on the Hooke and Jeeves

method required a minimum of five hundred (500).

2.3.2 Alignment of filters using a Machine

Learning System

Mirzai® proposed a machine learning system (MLS) for tuning waveguide
filters. The MLS was originally developed for fault diagnosis of
telecommunications systems, in particular microwave digital radios®. The
approach is based on linear adaptive combiner algorithms and more

information is given in Chapter 4. Here, only an outline of the MLS will be
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given. The overall system is used in two modes, namely: the training mode
and the use mode. In the training mode the adaptive combiner was used for
fine tuning only. The coarse tuning was performed manually. In order for the
algorithm to learn how to perform the fine tuning the following steps were
taken:
(i) The reference characteristic was selected. This was the S,; polar plot
(Figure 5a). This was chosen because it enabled tuning of the group delay of
the filter as well as its amplitude response. S,,, where S stands for scattering,
looks at the division of the output by the input in frequency domain at all the
frequencies of interest. The scattering parameter using a network analyzer
~ system enabled the measurement of both the magnitude and phase
information and the plotting of the data on a polar display. The measurement
of the scattering parameter can be illustrated better using network parameter
theory. Figure 5b which displays a flow graph of a two port network will be
used. Nodes a and b are the incident and reflected nodes respectively. When
an incident wave enters the device at node a of port 1, part of it will be
returned through the S;; path and b, reflection node. Part of the wave will be
reflected through the a, node as well. This can be expressed as:

by=a,*S,;;+a,*8S,,
If the device is not connected to port 2 (i.e. by terminating port 2 withi t s
characteristic impendance) then the equation becomes:

b=a,*S,

Therefore S,; = b, / a, given that a, = 0.
Other scattering parameters can be measured in a similar fashion. These

generalized parameters can be measured easier than other traditionally used
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parameters especially for frequencies above 100 MHz. Additionally their
conversion is quite simple.

(ii) A set of prominent features were extracted from the reference
characteristic in order to have some means of assessing the sensitivity of the
adjustable components on the polar plot. In total sixteen (16) features were
selected. These included the area of the loops, the geometric mean of the plot
etc (Figure 5a).

(iii) The adjustable components to be used were selected - in total six (6).
(iv) The value of each feature for a fine-tuned filter was recorded.

(v) Further examples were generated by simply mal-adjusting one adjustable
component at a time. This was implemented for both directions. |

(vi) The examples were fed to the algorithm and a number of combiner
weights were caiculated. These weights represented the knowledge in the
form of mathematical relationships.

In the use mode the system was simply provided with the feature set of a
coarsely tuned filter. This initiated the production of a graphical display of
the adjustment levels of each component. The component which generated the
maximum error at each iteration was adjusted. This process was repeated
until the response of the filter was within the specifications set by the
reference filter. One coarsely tuned filter was found to meet the specification
within twenty (20) adjustments. Unfortunately, the initial amount of mal-

adjustment has not been reported.

2.3.3 Sensitivity-based filter tuning

This section introduces the work by Crofts and Jervis® which is based on

sensitivity analysis. The concept of sensitivity involves the identification of
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Figure 5a : A typical S;; polar plot
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Figure 5b : Flow graph of a two port network
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the relationship between variations in a particular function F and the
variable paraméters of that function. In the case of circuit analysis the
voltage transfer function H(s) was used and the adjustable components X,
represented the variable parameters. Two tuning algorithms by Antreich’ et.
al. and Jobe® were compared using simulated and actual tuning of two
differently designed low-pass, 7™ order, elliptic filters (a 4.5 MHz and a 100
kHz filter). Only the magnitude response was considered and the work of
Crofts and Jervis® involved the identification of which adjustable component
(one of three inductors) dominated the sensitivity of the magnitude response
at some selected frequencies. An outline of the tuning procedure is given
below: |

(1) Calculate the network response using (H(s)) the nominal component
values at six selected frequencies.

(2) Perform the sensitivity analysis by incrementing each component in turn
by a known value (= 2.5 for the 4.5 MHz filter, + 4 for the 100 kHz filter)
from its nominal value.

(8) Calculate the adjusted network response at the six selected frequencies
and compare with the specification. Their difference (A H(s)), termed object
function, at each selected test frequency was found by simple subtraction.

The magnitude sensitivity was calculated using the following formula:

Xy O|H(s) |
[H(s)| dx,

H(8) _
Sxk =

If the specification was satisfied then step (5) was performed, otherwise step

(4).
(4) The object function combined with the results from step (2) indicated
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which component(s) were in error. Using Antreich’s’ ef. al. method the
adjustments, for a circuit with two adjustable components analyzed at two

frequencies, were given by:

r E, + E, W
5,,- 51255, S, - S11°S;;
Sa2 S12
A, =4
E, + E,
Sy,- 31.;'322 S,,- Sl; "S5y
21 11

Using Jobe’s method the adjustments were given by:

;

R — El + EZ
17 . .
Sll+ 521 Sal 5’21+ Sll Sll
{ 11 21
E) E,
Re = 5;2°S;, * 51251,
Sppt Sy t——
12 22

The required component adjustments were then given. The tuning procedure
was repeated from step (2).

(5) The tuning procedure was terminated.

The tuning results with the computer simulations and the actual tuning
showed that’:

® Both tuning algorithms were capable of tuning the filters.

® The Antreich ef. al. method was more efficient than the Jobe method
(simulation results).

® In the case of the actual tuning of the 4.52 MHz filter no difference could
be found between the performance of the two methods.

® The actual tuning of the 100kHz filter showed that there was a poor match

between the practical tuning and the computer simulation but tuning was
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achieved in most cases.

2.4 Motivations for using a hybrid system

The motives for employing a hybrid system (expert system, neural network)
in the filter tuning domain can be categorised into three broad areas, namely
technical, business and science.

Technical considerations

The desirability of applying expert systems in terms of a comparison with
other approaches and general task properties were considered. The expert
system approach could be used for comparison with other techniques in terms
of measurements required and time taken. However, such comparisons are
not feasible since the various authors describe their work using different filter
types. An investigation could be carried out where the same filters will be
used, but unfortunately this is work which may never be performed. The
question is then best answered by considering how well those previous
approaches fulfil the requirement of a system which exhibits certain essential
and desirable features. Such essential features are: the reporting of which
tunable component to adjust, in which direction and by how far. The desirable
features are: generality, explanation of reasoning and easy human
interaction. Discussing briefly those approaches, one can assert that both
Mirzai and Crofts provide excellent information about the essential features.
The drawbacks are the need for repetitive and time consuming calculations
(especially Crofts), lack of generality and basic system-human interface. The
latter indicates that the systems cannot possibly be used as tutors. Further,
Crofts work is deterministic and corresponds to an inexperienced operator,

viz. it starts from scratch in every case and does not take into account the
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expertise of an operator. On the other hand Nazemi and Fidler use the
operator’s knowledge but the elicitation method leaves loopholes. For example
the "best" approach of the day does not guarantee it will always be the best.
This is acknowledged by Nazemi and Fidler who conclude that such heuristics
must be generated automatically - something our work contributed towards.
At the same time the work of Nazemi and Fidler does not provide information
about distance (i.e. how far to turn).

The general task properties that have to be satisfied when selecting an expert

101L12° For example, there must exist

system application are numerous
recognised experts who are probably better than novices in performing the
task. The task nﬁﬁst be well bounded, must require the use of reasoning and
not just numeric processing, and must be neither too easy nor too difficult.

The filter tuning task satisfies these expectations.

Business considerations

The other major aspect is the value of the system to the business. At the
present time, manual tuning has some drawbacks. It is time consuming,
represents a large proportion of the total filter production cost, and can be
described as uninteresting and uncreative. An expert system could free the
operator to undertake work more satisfying to him or her and be more
productive for the manufacturer.

Knowledge considerations

The filter tuning task is different to, say, the familiar domain of medicine. In
the medical field one deals with a highly qualified expert, with several years
of practice, able to reason for the decisions taken and performing in static

time. By contrast the operator in the tuning process is not highly qualified,
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not always able to reason and operates in real time with a constantly
changing environment. The numerical nature of the knowledge and the
problems of eliciting the knowledge resulted in needing a further tool, i.e.,
creating a hybrid expert ;system—neural network system. Our goal was then
to develop a hybrid system to provide the operator with all the essential

features using an appropriate display.
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3.1 Introduction

Chapter 3 reports on the work and the results obtained during the first visit
to Newmarket Microsystems. The results included the selection of the expert
operator and the type of filter to be employed. Additionally, protocol analysis
was identified as a suitable starting knowledge elicitation technique mainly
because of the verbal on-line format of the technique. Se_ction 3.3 presents the
protocol analysis implementation and the subsequent analysis of the
transcripts. The main analysis result was the identification of the overall
filter tuning procedure. Furthermore, the analysis of the transcripts indicated
the need for an alternative elicitation technique due to the apparent lack of
theory behind the selection of a particular tunable component the direction

and how far to turn it (Section 3.3.2).

3.2 The first visit

The first stage of any knowledge engineering project must always be the
familiarization of the knowledge engineer with the domain. In addition,
various general but important questions have to be answered before the task
commences. For that reason the objective of the first visit to the collaborating
establishment was to obtain background information beneficial for domain
acquaintance’. The following activities were carried out:

V Identification of benchmark filter

\ Identification of expert operator

v Identification of sources of reference

v Identification of the role of the system

\ Identification of any parenthetical knowledge
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v Elicitation of concepts
\ Definition of the problem areas

\ Identification of appropriate knowledge elicitation technique.

3.2.1 Identification of benchmark filter

One of the first tasks was to select a suitable filter. This filter had to satisfy
two requirements. Firstly, the tuning of such a filter had to be more or less
representative of the task. Secondly, the tuning process had to be neither too
trivial, because the effort of developing an expert system might outweigh the
potential beneﬁté, nor too difficult. The filter had to be somewhere in the
middle of the complexity scale. A factor which probably determines how easy
or difficult the tuning of a filter will be is the number of adjustable
components. Another factor derives from how trivial or complex the required
specification is. The degree of complexity depends, for example, on the
requirement of examining the phase response or on the number of frequency
ranges to be checked. The collaborating establishment manufactured more
than 200 types of crystal filters. With the help of an operator the whole
spectrum was segregated into three categories . From each category one filter
type was identiﬁed. The filter type from the medium category was elected to

be the benchmark filter.

3.2.2 Identification of expert operator

The choice of whom to use as expert is critical. Without an expert, there
cannot be a system, unless the knowledge engineer is also the expert. At

Newmarket, there exist various people who have competence in tuning filters.

These people differ in age, experience and qualifications. Most operators fit
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one category: those people with few years experience on the job and
unqualified. Our expert was chosen because of his vast experience in
designing and tuning filters (over 25 years), his willingness and enthusiasm

about the project and his articulateness.

3.2.3 Identification of sources of reference

Sources of reference are often sufficient to introduce the knowledge engineer
to the domain. Unfortunately, despite the plethora of books about filters and
their design, there is no book on how to tune filters. A reason for this might
be that filters are manufactured for a particular client’s specification,
resulting in hundreds of different designs. A formal theory or methodology
has not surfaced. What was made available was information for the
benchmark filter. That information included a schema of the filter, the
specification that it had to satisfy and a graphical representation of the

magnitude response.

3.2.4 Identification of the role of the system

An expert system can act in a number of different roles?. For example as an
assistant - performing a sub-task of the process, or as a critic - reviewing the
decision of thé expert and providing comments. The role a proposed system
takes depends on the user. Is it going to be used by an expert or a novice? It
also depends on the degree to which the problem can be automated. Another
factor is the company’s wish, which in a commercial world is probably the
most important one. By discussing the subject with the expert and senior
staff, it was decided that the system could take the role of the consultant.

That way the system offers an opinion which the user does not have to
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comply with.

3.2.5 Identification of any parentheti- cal

knowledge

The term ’parenthetical’ is borrowed from Freiling et. al.® who define it in the

following manner:

"...knowledge about how the task being performed relates to other

tasks and the operational environment in which the task is being

performed.”
Another term that can be used is associated knowledge. There is not a
methodical way to obtain this kind of knowledge but it comes out during
casual conversations. A guided tour of the filter tuning production line was
made during the visit. The answers to questions such as what happens when
the task is completed were obtained during the tour. Filters were tuned by
trained persons. In situations where the task could not be completed the filter
was passed to a more experienced person. He could either tune it or reject it
because there was something fundamentally wrong. When the filter
characteristics were tuned to within the specification the filter was packaged
into a metal box and sealed. Then it was distributed to the client. A new
person is trained in-house by a senior operator and it can take up to three
months to reach a satisfactory level of competence. Initially the training
involves monolithic filters and later on other types. This indicated that some
overall generality might exist. One must collect such information because it
can affect the design and the role of the expert system. For example, the
specification could be supplied automatically by the system eliminating the

job of searching for the correct specification.
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3.2.6 Elicitation of concepts

Prior to the visit a letter was prepared (Appendix 2) which was presented to
the expert. The purpose of the letter was to collect those concepts influencing
the decision pruéess. At that time it was unclear what those concepts were.
The expert was asked to tune a filter and at the same time to record those
concepts on a piece of paper. The expert faced difficulties with the term
‘concept’. His answers took the form of description of the task instead of only

the concepts, which can be found hidden in the text.

3.2.7 Definition of the problem areas

When the operator decides that the characteristics of the magnitu&e respbnse
of a filter are not within the desired specifications, he must choose which
section of the response to adjust first, which tunable component to use, in
which direction to turn it and by how far. He also has to determine which
action is to be taken in order to correct a wrong choice. One minor problem

is that the operator wastes time searching for the specification of each filter.

3.2.8 Identification of an appropriate

knowledge elicitation technique

The technique chosen for the filter tuning project was protocol analysis (see
Section 1.4.5.1). It was considered appropriate to video-tape the sessions for
the following reasons. In the filter domain the expert interprets, plans and
executes tasks by visually inspecting the display unit of the measurement set.
The set displays the magnitude response of the filter. By adjusting the set,

the expert can inspect the full response or part of the response. It was felt
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that the expert would have found it difficult, or even impossible, to describe
the response in a verbal off-line format. The choice, then was between
behavioral observation and protocol analysis. Since the knowledge engineer
was unfamiliar with the domain terminology, protocol analysis, where the
expert refers to the task process using the terminology, was preferred to the
behavioral observation. Protocol analysis was selected for the beginning of the
analysis process. Protocol analysis had to be complemented with other
techniques (e.g. structured interviews) which were thought to be more useful
in a ’more clarification’ mode. The reader must appreciate that knowledge
elicitation is at a very early stage of development, where general principles
have not emergéd and only a combination of techniques can provide fnﬁtful
results. The combination will vary from project to project. The expert and
senior management did not oppose the idea of using a video recorder so a

second visit was arranged.

3.3 Protocol analysis implementation

The tuning of the chosen type of filter was video-taped twice. The expert was
instructed to ’think-aloud’ about the process and to refer not only to his
mental skills but also to his manual skills. Manual skills means those needed
to operate the measuring set. Mental refers to the reasons behind each action
taken, such as why to turn component X instead of Y. At the end of the
recordings the video tape was played back and notes were taken. Those notes
were concerned with:

(a) ambiguous statements

e.g. "...arrange these peaks into a more reasonable place."

(b) cross-reference of the expert’s decision taking. That involved
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watching the two video takes of the process and comparing them.

(c) recording probing questions for further use. Questions such as ‘'why
did you take that action’ for those situations where the operator did
not provide any explanations.

(d) transcribing and analyzing the verbatim account. That involved
watching and listening to the tape and writing on to paper everything
that the expert was saying.

Some general observations are as follows:

v the expert did not find it difficult to verbalize his manual skills nor, in
some circumstance, to explain his reasoning but there was a steady
decrease of the level of details from the first recording to the last- one.

v The expert was able to describe the tuning process for whichever
component he was tuning at a particular time but when there was
more than one candidate component he did not provide a theory for

which one to select.

3.3.1 Analysis of the transcripts

It was realised early on that the transcription process is time consuming .
When both video takes were transcribed they were entered into document
files of the Wordstar wordprocessing package. Packages as such can be very
useful as support tools to browse and edit the text. Prints of the transcripts
can be found in Appendix 1. The files include a reproduction of the protocols
in a complete fashion, and no attempt to filter the contents of the protocol
was made. Each transcript was broken into short lines, in such a way that
each line contained a phrase which could stand in its own right. Having

individual lines did not provide any additional knowledge but made the
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Table 2 : Tunable components associated with each feature

Feature Component
Rlpple Tl! T2s T3

Passband width

T; (maybe T;, T,)

Attenuation Cs, G
Stopband width C,, G
Ultimate attenuation Cs, C;
Insertion loss reject
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transcript easier to read, understand and analyze. Where it was possible the

format was: Do this - Why - Because (action - justification - explanation).

Appendix 3 includes the phrase transcriptions. Lines which did not belong to

this format were either general comments or operational comments. The

benefits of the transcription analysis were as follows:

.\j

Identification of order for specification checking ie. what features and
in what order were checked. If during checking one feature needs re-
adjustment, the expert attempts to fix it and he starts re-checking from
the beginning.

A set of possible tunable components associated with each feature
identified above was also recognised (Table 2).

The classes of activity the operator engaged in were identified. The
operator had knowledge about the measuring set, useful in order to
have the most appropriate display at each time (Operational). He had
knowledge of how to interpret a response and identify those regions, if
any, that need adjustment (Interpretational). Additionally, he had
knowledge of which region, or part of, to tune first, what to follow etc.
(Planning), knowledge of how to proceed in order to make a final check
(Inspection), and knowledge of how to recognize an achieved state
(Recognition).

By identifying the various activities, one can concentrate and tackle a
particular activity at a time (i.e. modularity).

The objects were recognized and classified. By objects is meant the
most primitive lexical entries that the expert uses to express domain

knowledge. Objects usually take the form of a noun or a compound
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noun. Such objects in the verbatim transcript are: "coils", "capacitors",
"frequency"”, "anticlockwise" etc. The outcomes of the object identification
process were twofold. Firstly, the knowledge engineer became familiar with
the domain terminology, resulting in the production of a lexicon!. A sample
can be seen in Appendix 4. Each definition is from the IEEE standard
dictionary of electrical and electronic terms*. Secondly, synonyms were
identified which helped to reduce misunderstandings. For example screw-in
and clockwise mean the same action.

\ Casual statements, with a lot of information, were identified. Such
statements were as such:

- it is used to adjust the passband
- capacitors are used to adjust the stopband
- the right capacitor is the best bet to adjust the return levels.

v The expert’s tuning process was identified. That is, a general 6verview
of how the expert proceeds. The expert’s process can be split into three
main stages. Set-up the measuring set, qualitative tuning and
quantitative tuning. Stage one, is simply the setting-up
of the meésuring set using, for example, the reference
frequency. The first stage is not of concern since it is mechanical in
nature and is the same for any type of filter, except of course, that
different reference values are used. By qualitative tuning, is meant
that stage in which the expert uses visual information to decide if
tuning is required. He also employs visual information when he adjusts
a particular component to determine if the correct action has been

taken. Quantitative tuning can be thought of as the specification
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checking. The expert uses not only visual information but numerical
values (obtained from the meter) to determine if more tuning is
required.

3.3.2 The need for an alternative elicitation

technique

Let us concentrate on the second stage. Stage two, can be broken down into
two further sub-stages. Tuning of the stopband and tuning of the passband.
It was also discovered that the expert always attempts to tune the stopband
region first. Additionally it was found that the trimmer capacitors are the
only adjustable components to be used for the stopband tuning. The inductors
are used for the passband tuning. Another observation was that having
successfully tuned component X, then when he moved to the next component
he tuned in the same direction as he did with X. The problems arose when
the expert was unable to provide any explanations of either why he selected
a component X instead of Y, or why a certain direction was chosen. It seemed
that the expert either made those decisions by chance or that something
triggered his decision which he was not able to express. Also, he did not
express by how far to turn. The expert actually kept turning until a
particular shape of the response was reached. The rules governing what
constitutes a satisfactory shape could not be expressed. This situation was
worse in those circumstances where the expert had moved away from the
‘optimum’ state. His subsequent action was to turn the component the
opposite direction until the ’optimum’ state was re-achieved. To overcome the

problem of which component to use at certain response states, which direction
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to turn and by how far to rotate, the possibility of automatically acquiring

- and updating the rules was considered.

3.4 Conclusions

During the firsi visit to Newmarket Microsystems the 4716-type of crystal
filter was selected as the benchmark filter and it was decided that the
computerized system should act as an advisor.

It was decided to apply protocol analysis as the first step for acquiring
knowledge. Following the implementation and analysis of the protocol
transcripts it was clear that machine learning algorithms as the means for

automatic knowledge elicitation must be investigated.
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Chapter Four

Machine Learning Principles and Techniques

What we have to learn to do, we learn by doing

Aristotle
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4.1 Introduction

As already mentioned in Chapter 3 an alternative knowledge elicitation
approach had to be considered since the applicable classification rules were
not clearly known.

Recently systems which are capable of automatically identifying and
synthesizing the‘ knowledge of an expert have proved of interest. Machine
learning systems is the commonly used term to describe such systems. The
concept of machine learning and in particularly learning through the use of
examples is the subject of Section 4.2. In Sections 4.3 to 4.5 three systems
(ID3, Adaptive Combiners, Neural Networks) are described. The algorithm of
each system is given in detail and the main limitations and proposed

modifications are highlighted.

4.2 Introduction to Machine Learning

The power of an expert system depends on the knowledge incorporated into
the system. Knowledge must first be elicited and subsequently represented
and refined. The task of elicitation has been labelled as the bottleneck® of the
construction process of such systems. One role of machine learning is to assist
during the elicitation process and to bypass the bottleneck. Additionally,
expert systems perform in a deductive format? i.e. the conclusions always
depend on the knowledge supplied. The presence of an incorrect conclusion
can gt/enerally only be corrected by the builder’s interference and not by the
system itself. Systems that learn improve the quality of their performance
with time without being reprogrammed. An improvement of a performance

can be manifested by a faster response or a higher proportion of correct

58



decisions or both. Three major research paradigms can be identified: neural
modelling and decision-theoretic techniques; symbolic concept acquisition
(SCA); and knowledge-intensive, domain-specific learning®. Each paradigm is
based upon the same principle, namely that of inferring conclusions given a
priori knowledge, and differs from the others only in the amount of
information required and in the way the knowledge is represented and
modified. A number of learning strategies have been documented?® but in the
work reported‘here techniques which learn from data cémposed of a number
of independent examples have been implemented. Each example is described
in terms of a number of attribute values, together with an additional
attribute, known as the class, which allocates the examples to a partiéular
category (supervised learning). A number of different techniques have been
reported in the literature, e.g. neural networks®, genetic algorithms®, and the
AQ (Aurora) family®®’ of algorithms. The techniques chosen were ID3,
adaptive combiners and three-layer neural networks and these are outlined
briefly in the following sections. The reasons for choosing these three
techniques were more practical than theoretical. Extensive previous work
using adaptive combiners in the field of tuning of waveguide filters®, in
addition to the availability of a commercial package implementing ID3, were
the main factqrs behind the decision. Therefore, results obtained with ID3
and adaptive combiners can be compared and any benefits of using one
technique rather than the other can be identified. Neural networks were
chosen because of their ability to model non-linearities (a shortcoming of the
adaptive combiners). It has also been reported that ID3 is faster, in terms of

induction, than AQ11° or a genetic algorithm'® with the same performance
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rate.

4.3 The Iterative Dichotomiser Three (ID3)

Algorithm

One learning strategy is induction. Induction means reasoning from specific
cases to general principles. A subdomain of induction is concept learning from
examples. This involves the generation of rules (or any other kind of
presentation) which best classify the examples with which the system was
presented. Best refers to the accuracy factor when tested with previously
unseen examples and the comprehensibility of the rules. Comprehensibility
of the rules is critical since it determines how effortlessly the knowledge can
be understood and consequently conveyed to people in order for them to
appraise, critise and use. In this section ID3, an example of an inductive
inference system, is described. Prior to the presentation of the actual
algorithm it is worth noticing the following points:

(i) The algorithm does not use any other domain specific

knowledge beyond that of the training examples themselves.

(ii) The algorithm applies to a variety of application areas, viz.

it is a general purpose algorithm.

(iii) The original algorithm looks at the entire set of training

examples before forming the rules. This is usually referred to as

a single learning stage. Further offsprings of the algorithm

bypass this requirement, this is known as windowing.

(iv) The rules which ID3 learns are represented as decision

trees. A decision tree embodies the relationships between the
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attributes and the classes. Each node of the tree represents an
attribute and each branch corresponds to a possible value the
attribute can take. Each terminal (leaf) node represents a class
prediction to be assigned.
The ID3 algorithm was developed by Quinlan'! in 1979 and is a descendant
of Hunt et al'®s concept learning system. A diagrammatic description of the
algorithm is shown in Figure 6. The decision tree is grown in stages. First the
algorithm looks to see if all examples belong to the same class. If they are the
Iabel ‘null’ (or something equivalent) appears. Otherwise, the algorithm
selects the most informative attribute and either forms subsets equal in
number to the number of values the attribute takes (i.e. creates the branches
of the decision tree) or forms a binary split (cutoff point) when the attribute
holds numerical values (e.g. >5, <=5). For each subset the algorithm checks
whether all the examples are of the same category. If they are then the
algorithm labels that subset with the name of the class (ie. creaf,es a leaf of
the decision tree) and partitioning stops for that subset (labelling rule);
alternatively the algorithm creates further, smallest subsets. The algorithm
stops when no more subsets can be created, i.e. the tree has been grown
meaning all ieaves and internal nodes have been defined and all examples
have been considered (termination rule). It is worth noticing that the
algorithm may label a leaf as ‘empty’ or ‘clash’. Empty appears when there
are no examples that can be used for that particular branch. Clash emerges
when there are two (or more) examples covering that specific branch but their
classes are distinct. The key principle underpinning the algorithm lies in the

selection of the most informative attribute and is based on Shannon’s classic
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Figure 6: The ID3 algorithm
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work in information theory'. The most informative attribute, at a certain
instance, is the one that maximises the information gain (G) which is

calculated by:
G (of attribute X;) = I-E;, i=1..total number of attributes
where I is the expected information of the whole training set and E is the

expected information of the whole training set when only attribute X,

considered. Both values can be expressed as:

I 4 Yy \_ n n
Iy, n) y+n Log, y+n) y+n log, y+n)
_ o\~ Yitny
E(X,) = ), “yon I(y;, ny)

where

u : denotes the number of values attribute X can take

y; : denotes the number of examples that have the i, attribute value at

the column defined by attribute X, and belong to class y

n;: denotes the number of examples that have the i, attribute value at

the column defined by attribute X, and belong to class n.
The algorithm has been used on a variety of tasks, in the standard or a
modified form*, with some success'®"®, It has also been compared to
different approaches and its performance has been shown to be
comparable'?, The use of ID3 for real world applications uncovered various
deficiencies in the basic mechanism of the algorithm. For example, studies by
Kononenko et al?! have highlighted the deficiency of favouritism towards
attributes with a large number of values. Chapter 6 describes further

shortcomings as experienced during this research work. Despite the
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imperfections, it seems that ID3 is a valuable aid for knowledge elicitation.

4.4 Adaptive Combiners

In recent years one class of adaptive architectures, linear combiners, has been
used for the design of intelligent systems®’, These are systems where
traditional elicitation techniques fail to provide any rules since the underlying
relationships are not known and many of the variables are continuous in
nature. Figure 7a illustrates a simple combiner structure. Given knowledge
about a particular problem in the form of input attributes it is possible to

represent them in vector form as shown below,

X = [xx.x]"
where n represents the number of attributes and T denotes the matrix
transpose operation. Additionally the class y, is also provided. It is desirable

to estimate the weight vector shown below,

w = [w,w,..w]

in such a way that, when the system is presented with a new set of attribute
values, it can predict the correct outcome. In other words, we wish to
represent the knowledge relating the attributes to the classes as the weight
vector in the combiner. The adaptive combiner structure described here can
be thought of as a oﬁe layer connectionist network. Adaptive combiners, like
neural networks, fall within the first learning criterion as presented by
Michie®. This criterion states that when a system uses sample data to
generate an updated basis for improved performance on subsequent data then
learning occurs but the emphasis is on the performance of the system and

other aspects of intelligence, such as explanation of reasoning, are neglected.
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Figure 7: Architecture of the linear adaptive combiner
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The knowledge within an adaptive combiner, or a neural network, is
represented by a mathematical function and distributed to a set of weights.
Weights act as parameters of the mathematical function, but have no
meaning by themselves which makes it rather difficult to assign credit or
blame to an individual weight. Adaptive combiners ignore the reasoning
characteristic an intelligent system must have and concentrate on the
performance. The recursive least squares algorithm is employed for the
estimation of 1':he weight vector.

Figure 7b illustrates an adaptive linear combiner where x(k) is the present
set of attribute values, w(k) is the weight vector and $(k) is the estimated

combiner output; From Figure 7b, the estimated output is,

2@ = xT®wk
The error can be expressed in terms of the desired class value, y(k), and the

estimated output, Sr(k) as follows,

e(k) = y&) - &)

The RLS algorithm is used to adjust the weights in order to minimise the
mean squared error. It has been shown® that the optimal weights, W, are

given by the Wiener solution,

e
Kopr_shxx Qxy
where ¢, is the auto-correlation function of x and ¢, is the cross-correlation

function of x and y. In the RLS algorithm?, the present weights, w(k) may be

expressed in terms of the previous weights by,
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wk) = wk-1) + r_(DxE)e(k)
where r,, is an estimate of ¢, given by,

k
r_ =Yz’

n=0

r, (k) can be expressed in terms of a standard matrix identity by,

£ (k-DaBx (O (k-1)

) = k-1
=0 = R e 0am

This form of RLS has an infinite memory. In other words, the weights are
functions of all the training examples. It is useful to introduce a forgetting
factor into the éigorithm in order to give greater importance to the recent
training examples than the old ones. One way of accomplishing this would be
to apply a time varying exponential window to the recursions. In this case the

above equation is modified to,

£ - DaR B k-1)
A+ - 1ath)

£i® = < €D~

where 0 < A < 1 and usually lies in the range 0.9 < A < 1. It was mentioned
above that adaptive combiners can be thought of as a subset of connectionism.
. The main diﬁ'erence is the fact that the combiners are linear structures and
cannot be directly applied to non-linear systems. However, the non-linearity
can be treated by manipulating the attributes, i.e. by using second or third

order attributes depeﬁding on the degree of non-linearity.

4.5. Neural Networks

Following a period of inactivity neural networks (or alternatively neural
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computing, connectionism, parallel distributed processing) research was
revived resulting in the development of various types of systems. A historical
overview of neural research can be found in Pollack? and an excellent survey
of the different systems in Lippmann® Whereas the symbolic approach is
based on an explicit rule set in order to understand a problem, neural
networks research targets hard problems (i.e. the ones that eliciting rules is
hard) so difficult to model that way. One can argue®, that the two approaches
can compliment each other rather than cancel each other out. For instance,
for a natural language processing task, parsing sentences may be done by
symbolic systems and interpretation may involve neural nets.

Neural networké research has been inspired by the way the human Brain
opérat;es but the neural network models are not or even try to be exact
replicas. Simply, certain similarities exist in terms of the features, the
connectivity arrangements and the operation. It is the selection of the
connectivity and operation employed that characterises, to a large extent, the
type of neural model being used. Although, models differ in detail, each one
contains the same basic features. A discussion of these common features and
their relation to the popular Back-Propagation architecture is given below.
Any neural model contains a number of processing units (or nodes or
elements). In the Back-Propagation architecture three types of units exist:
input (sensory) units, hidden (associative) units and output (response) units.
Each type of unit exists in a layer. Back-Propagation networks contain one
input layer, one output layer and one or two hidden layers. A single unit can
represent a smaﬂ feature and their distribution over the whole network

provides a meaningful entity. The role of the hidden units is to translate the
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input patterns into output patterns. The function of each unit is to receive
inputs (from sensors or other units) and to spread an output (to other units
or to external agents). Unit inputs and output may be discrete, for example
{0,1} or {-1,0,1} or alternatively they may be continuous undertaking values
in the interval [0,1] or [-1,4+1]. Using the Back-Propagation model a unit can
receive a number of inputs but it can only produce one output which can be
distributed to more than one unit. The output of a unit is generated by
collecting, combining and transforming the inputs. Each unit has associated
with it a combining function, a transfer function and a set of weights
(See Figure 8). The weights define the influence of an input, the combining
function combiﬂés the inputs and the weights and the outcome is passéd to
the transfer function which determines the output. The most common
combining function, and the one used in this work, is the summation

function which calculates a weighted sum of all the inputs:

N

2; W, *1,
where W, is the weight between unit i of layer (S-1) and unit j of layer (S)
and L is the input from unit i. Other combining functions include the
maximum function, the minimum function, the majority function and the
product function. A number of transfer functions are available (Figure 9), for
example, the step, tangent, linear and sigmoid (logistic) functions. With the
linear transfer function the outcome of the combining function is distributed
without alteration whereas with the sigmoid the outcome is transformed to

a value between 0 and 1 (i.e. a high and a low saturation limit).
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Figure 8: Calculation of the output of a neuron
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Figure 9: Sample transfer functions
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Figure 10: General architecture of a 3-layered feedforward neural network
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- where O, is the output of a unit and 6; is the weight from a unit that is
always on (i.e. holds the values of one). This is referred to as the bias and is
used in order to offset the origin of the transfer function. The pattern of
connectivity determines those units that the outcome is passed on. The
outcome can be passed to units in the preceding, the following or even the
same layer. With the Back-Propagation architecture connections are
permitted only between successive layers (feed-forward). Additionally it is
fully connected which means that all units of a preceding layer are connected
to all units of the succeeding layer (Figure 10). Connectivity, once established
cannot change. Having established the basic architecture of a neural model,
it is important to understand how one can use the net for learning. The
overall objective is the formation of a set of optimum weights in order to
minimize the global error. For complex problems it is rather difficult to pre-
set the weights.Therefore they have to be generated using a learning
method. Three types of learning exist: unsupervised, supervised and
reinforcement. Supervised learning is the one used with Back-Propagation.
This way the net is presented with inputs and also with the desired output.
Each learning method implements a number of algorithms which determine
the way the weights change. These algorithms are known as learning rules.
Back-Propagation networks employ the error propagation rule?® (or
generalised delta rule). This rule bypasses the credit assignment problem (i.e.
which unit is to blame for an incorrect output) by distributing blame to all

units. The term global error was mentioned previously without actually
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specifying it. The global error is defined as half the sum of the squares of all

the local errors and is given by:

=5 *% (o))
where the subscript £ indexes all examples of the training set and
d,-o,
is the local error which is deﬁned as the difference between the actual
output o, and the desired output d,. A gradient descent rule, using the

knowledge of the local errors, determines how to increment or decrement a

current set of weights:

AW =lcoef x el x X'
where lcoef is a learning coefficient which determines the rate of learning.
Since there is no exact knowledge of what a desired output of a hidden unit

should be the local error of a hidden unit is calculated using:

[s] _ ylsl [s} [s+1] 1]
el=xl (1-0-X;’)Zk: e Wy’

where % is over all nodes in the layers above node j. Now a summary of the
standard back-propagation learning can be given.

(i) Present inputs to the input layer.

(ii) Calculate the output of each unit.

If a unit is in the input layer ho transformation takes place but sometimes
scaling might be necessary. Otherwise the sigmoid function is employed.
(iii) Calculate the local error for each unit in the output layer. Then calculate

the required changes to the weights and update all corresponding previous
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weights.

(iv) Calculate the local error for each unit in the layers below the output
layer. Then calculate the required changes to the weights and update all
corresponding previous weights.

(v) Repeat until the desired global error has been achieved.

The error-propagation learning rule has been used successfully in numerous
applications but it has to be realized that it can also fail. Failure can arise
due to non-convergence. Rumelhart et al?® have reported that a neural
network failed sometimes to converge during learning of the exclusive 6r task.
The convergence process sometimes gets trapped in a local minimum and the
network cannot lproduce the desired response. Additionally, there are many
parameters that have to be pre-set without any prior knowledge of their
probable values. For example, the required number of hidden units or the
value of the learning rate. Despite that back-propagation is not error free it
has been very popular and this led to the invention of several impfovements
to the standard algorithm. For example, weight decay and the addition of the
momentum term. With weight decay the value of each weight of the network
is reduced after each run (all input patterns or one input pattern) therefore
only often repéated patterns are learned. The momentum term takes into
account the previous weight changes effectively filtering out large variations

of the error surface. The gradient descent rule becomes

AW =Icoef x e[ xx™ +mom x AWE ™
where mom is the momentum constant that determines the effect of past

weight changes.

Neural nets are mainly developed on conventional serial computers. The
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software for the neural net simulation can be written using programming
languages like Pascal or C or another option is to use a spreadsheet. Another
way is to purchase neural network demonstration systems which accompany
books. For example, the books by Aleksander and Morton®® or McClelland and
Rumelhart® include software which can be used as a tutorial of the book or
as a stand alone. Alternatively one can purchase commercially available
neural network programs (or shells) such as NeuralWorks (Recognition
Research), BrainMaker (California Scientific Software) and NeuroShell (Ward
Systems Group). These shells allow the users to experiment with a number
of network architectures and the values of the various parameters, they offer
built-in input/odtput facilities (e.g. they can import data from spreadsheets
or databases), and they provide various statistics (e.g. the change of a
particular node). Because it can take several hours or days to train a large
network (large in terms of connections), it is beneficial to use a serial
computer with add-on accelerator boards capable of performing fast

arithmetic operations and a large storage memory.
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Chapter Five

Comparison of Machine Learning Techniques

Eureka, Eureka

Archimedes
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5.1 Introduction

The previous chapter introduced the three paradigms (ID3, adaptive
combiners, neural networks) which have been used and compared as
knowledge elicitation tools in this work. As a result of the protocol analysis
the tuning of the filter was divided into two primary tasks. Namely, the tasks
of tuning the stopband aﬁd passband regions. Additionally, it was established
that only the two trimmer capacitors were used for the stopband region. In
this chapter results are presented only for this region but the conclusions
apply to both regions.
Section 5.2 explains the term example, the nature of the examples used
initially and the way that the examples were collected. Section 5.3 details the
initial work using ID3 which resulted in the division of the stopband tuning
in three knowledge bases (searches). Section 5.4 reports on the comparison
of the three learning algorithms (ID3, Adaptive Combiners, Neural Networks)
for each of the three searches. The experiments were performed in order to
select the classifier that provided good performance with limited training
data, and to explore the tradeoffs in terms of training and testing time. The
performance merits of the systems are highlighted together with their
drawbacks. Suggestions for improving the performance of each technique are
also detailed. The problems in applying the learning systems to the alignment
of crystal filters are reported in Section 5.4.7. The comparison led to the
proposal of employing ID3 for the construction of rules for the first two

searches and the need for further work for the third search (Section 5.5)
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5.2 Selection of attributes and generation of

examples

The three techniques function according to a similar principle. They require
a set of examples, referred to as the learning set. Each example is described
in terms of attributes, with each attribute in turn specified by a value,
together with a class identifier. The purpose of the techniques is to determine
the relationships between the attributes which then can be used for
classification of other examples. Prior to the generation of the learning set the
most appropriate attributes were selected. Attributes are the parameters the
operator uses to extract and interpret information from the response
characteristic of the filter. Six relevant attributes were identified as having
strong significance. These were:
(i) Locations of sharp positive peaks of the waveform (Figure 11,
identified as p1, p2, p3, p4, measured in MHz units - horizontal axis).
(ii) Relative magnitudes of sharp negative peaks of the waveform
(F_igure 11, identified as rl, r2, measured in dBs units - vertical axis).
The attribute selection was based on the transcripts derived form the protocol
analysis. The operator’s reasoning was revealed by sentences such as
"...arrange these peaks into a more reasonable place” and "...pull that peak
out of the screen". Further discussions with the operator supported the choice.
The second step was to obtain a set of examples. Since a database of
examples was not readily available the expert operator was requested to tune
a number of filters. Prior to each action taken by the operator the attribute

values were recorded manually, together with the decision taken each time.
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Figure 11: Normalised magnitude response showing the attributes used for the tuning
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The decision being the component, direction and distance used or an
indication that no further tuning was required. This approach has been

labelled as the tune procedure.

5.2.1 Levels of classification

A typical tuning process for one filter took the following form
pl p2 p3 p4 rlr2decision

1.39934 1.39986 1.40273 1.40310 55 46 C4a0.50

1.39921 1.39969 1.40269 1.40568 62 26 C7a2.00

1.39777 1.39945 1.40520 1.40880 60 68 C4c0.25 (U)

1.39788 1.39954 1.40448 1.40800 56 60 C4a0.50

1.39690 1.39915 1.40638 1.40640 66 66 end

The examples can be interpreted as: " turn the C, component anticlockwise,
half a turn (first example) and no further tuning is required (last example)
when the attributes have the given values". Three observations need to be
| discussed at this stage. Firstly, each filter’s tuning process leads to a number
of examples. For the process above this means four examples. Each example
is considered on its own without taking into account what happened before
or after. This is known as instance-to-class induction'. Secondly, one has to
realise that the decision taken by the expert at each step is not the only
option. Other options could have been followed which probably would had
resulted in fewer or more subsequent decisions being necessary. This is
mainly the case for the ’how far to turn’ part and to a lesser degree for the
other two parts. An infinite number of actions can be taken. This leads to the
problem that for each filter, myriad routes lead to a tuned position.
Sometimes though the expert operator realised that a given action was dra-

matically wrong, as in example three (3) above. These examples were not

used in the learning set. Thirdly, it is clear that the first
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example points to four decision levels. The operator recognized that adjustm-
ent is needed and then he considered which component to adjust and in which

direction and by how far.

5.3 Initial empirical results with ID3

Using the tune procedure twelve (12) filters were tuned resulting in forty-
seven (47) examples. Thirty-six (36) of these examples were generated using
the expert operator and used as the learning set. The rest of the examples
(11) were generated using another operator and were used as the testing set.
The purpose of testing was to investigate the benefits, if any, of dividing the
stopband sub-task into a number of search spaces. The configuration of each
search space, ie. what level of classification to represent, was also examined.
Four knowledge bases were created employing the learning set and tested on
the remaining examples. Each knowledge base was developed feeding the
same examples to ID3 but in a different configuration (Table 3). For example,
referring to Table 3, configuration 1 had just one search. Each example of the
training set could then take one of two classes, either end-of-process or
component / direction/ distance. A testing criterion was the number of correct
or nearly correct answers given by the system when examples from the
training set were used. Another criterion was the number of rules created.
The testing results are displayed in Table 4. Some general observations now
follow:

(i) All configurations except one had similar number of successes for

the component part.

(ii) Irrespective of the configuration there was total success for the

direction part.
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Table 3 : Search configurations
Configuration Searchl Search?2 Search3 Search4
1 end,
component
direction
distance
2 end, distance
component
direction
3 end, component  direction distance
carry-on
4 end, component distance
carry-on direction
Table 4 : Testing results using the four configurations
Config. Number of Correct End Carry
les Compon. Direct. Dist.
1 18 173 | 8/8 1/8 5/8 -
2 22 2/3 | 8/8 1/8 6/8 -
II 3 27 3/3 | 8/8 1/8 1/8 8/8
" 4 25 3/3 | 8/8 1/8 6/8 8/8
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(iii) Except for one instance all system recommendations for the
distance to turn were dissimilar to the operator’s actions. This is a
problem we encountered later on as well.
(iv) The introduction of the carry-on class resulted in a better
recognition of the state of a tuned response (i.e. correct end-of-process
for configurations 3 and 4).
The results demonstrated that it is beneficial to introduce search spaces and
the ’best’ configuration was the one which contained three search spaces:
(i) search space one: to carry-on or to end the tuning process.
(i) search space two: which component and which direction.
(iii) search Aspace three: how far to turn.
This configuration produced the best success rate but with a relatively higher

number of rules than two other configurations.

5.4 Comparison of the three paradigms

For the purpose of comparing the three paradigms a set of examples was
collected using the "de-tune" procedure. This process involved a systematic
shift of a tuned response to an untuned one. This procedure missed out the
heuristics employed by the expert but a more complete set of examples was
collected. By complete is meant a learning set which

contains most attribute values likely to arise thus eliminating the possibility
of having only extreme or rare values. This was especially valuable in this
part of the work in which numerical attribute values were used. This section

of the work has been described previously?.
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5.4.1 Generation of de-tuned examples

This work employs, as previously, attributes with continuous attribute values
(i.e. numérical format), and it concerns only the stopband region of the
response. An algorithmic illustration of the de-tune procedure now follows.
(1) The expert operator was requested to tune the stopband region of
the filter’s magnitude response.
(i1) The attribute values were recorded, together with the class end-of-
process.
(iii) The right component (C;) was kept constant at its optimum
position. The left component (C,) was turned anticlockwise in steps of
0.25 revolutions, resulting in eleven examples.
(iv) Steps (i) and (ii) were repeated.
(v) As step (iii), but this time in a clockwise direction (eleven
examples).
(vi) Steps (i) and (ii) were repeated.
(vii) As step (iii), but this time C, was turned anticlockwise (eleven
examples).
(viii) Steps (i) and (ii) were repeated.
(ix) As step (vii) but in a clockwise direction (six examples).
In this way 43 examples were collected for one filter. Six filters were de-tuned

resulting in a total of 258 examples.

5.4.2 Presentation of examples

Previous work resulted in three search spaces for the tuning of the stopband

(see Section 5.4). The reader should note that the same examples were
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presented to each technique for every search. The examples were introduced
to the techniques in an incremental fashion. The number of classes were
different in each search. Search one had two classes (carry-on, end-of-process),
search two had four classes(C, and C, in clockwise and anti-clockwise
direction), search three had eleven classes (distance to turn). Initially eight
examples were used in the learning set. They comprised four end-of-process
and four carry-on examples of the same filter. The latter included those
examples generated when the components were adjusted to their maximum
positions in both directions. Then four more examples were introduced, the
ones generated when the components were turned halfway. Finally the four
examples which arose when the components were adjusted to their minimal
positions were presented. For the second and third search the same examples
were presented but with the carry-on class replaced by either the
component/direction or the distance respectively. The end-of-process examples
were replaced by those examples generated with the minimum turn for these
two searches. At each stage of the procedure the generated set of rules or
weights was tested against the learning set (S1), the remaining unseen
examples of the same filter (S2) and the unseen examples of the rest of the
ﬁlteré (S3). Fiﬁaﬂy, the total performance was calculated (TOTAL). Total was
determined by testing the rules (or the weights) against all available

examples.

5.4.3 Comparison criteria

Machine learning involves generalising from a set of examples and identifying
those attributes and attribute values that can be used to discriminate

between classes. The quality of generalisation depends heavily on the
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selected attributes (sufficient or inadequate ?) and the number of examples
present. At this stage of the work the hypothesis was that the chosen
attributes were adequate. However, the number of examples necessary was
unknown. The objective of the comparison was to identify that technique
which used the least number of examples in conjunction with a satisfactory
performance. Note that in using the set of examples, either to learn or to test,
the assumption was being made that, given a set of attribute values, the only
correct action is the one defined by the example. The comparison was then
based on two criteria:

(a) The percentage of examples used in the final learning set and

(b) the predictivé 'accuracy of the final learning set.
5.4.4 Search one comparison

Table 5 shows an example and how it was presented to each technique. The
exact numbers were presented to ID3 and adaptive combiners. The numbers
were scaled between zero and one for the neural net. This scaling is reported
in the literature to be beneficiary®.

Implementing ID3

The following points can be concluded regarding the results obtained using
ID3 (Table 6). ID3 is seen to be always capable of predicting accurately those
examples presented in the training set (S1). Furthermore, by taking into
account the percentage success rate one can conclude that a satisfactory
generalisation has been achieved with few examples. Introducing extra
examples seems to improve the generalisation even further. Unfortunately
this is misleading. Closer inspection of the test results shows that the high

success rate was due to the presence of a large number of carry-on examples.
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Table 5 : Two typical examples and their class representation for each technique

(search I)
Attribute
P, P, P, P, R, |R, |ID3 [A.C |NN
1.3875 1.39602 1.412 1.422 55 |56 |ca- 1 1
Iy
1.3825 1.3956 1.402 1.423 60 {62 [end |[O -1
Table 6 : ID3 predictive accuracy (Search I)
Number of learning (%) Rate of success on...
examples
S1 S2 S3 Total
3 100 82 80 81
12 100 81 80 81
16 '100 100 93 94
18 100 100 96 97
1 P denotes a positive peak

I R denotes a negative peak
¥ S1 denotes performance for examples of the training set
1 S2 denotes performance for unseen examples of the same filter
1 S3 denotes performance for unseen examples of other filters

91




ID3 predicted successfully the carry-on examples but failed to recognise the
end-of-process ones, i.e. no true classification. The need arose for more end-of-
process examples to be introduced in the learning set. Those additional
examples were taken from the tuning process of another filter. It was found
that by increasing the learning set to 18 the objective was achieved with a 96
percent success rate (Row 4 of Table 6).

Implementing adaptive combiners

Obtained results employing the adaptive combiner architecture are displayed
in Table 7. The performance of the adaptive combiner also tends to improve
through presentation of extra examples with the performance of the training
set (S1) being the exception. Unfortunately, like ID3, a large number of end-
of-process examples were misclassified. Therefore, experiments were carried
out to investigate if any improvements in tuning by the combiner could be
obtained by following one or more of the next options:

(a) Varying the forgetting factor.

(b) Re-train the combiner with the same learning set.

(c) Introduce another attribute with a constant value of one. This is

similar to the biases of back-propagation. It has weights whose values

.are enefgised by an input of +1.

(d) Introduce further examples of end-of-process.
Implementing the first option
The value of lambda (ie. the forgetting factor) was set to values between 0.9
and 0.97. As the forgetting factor increased the learning of the end-of-process
examples deteriorated. Oddly, the opposite occurred for the end-of-process

examples of the training set. With the benefit of hindsight this can be
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Table 7 : Combiner predictive accuracy (Search I)

Number of learning examples (%) Rate of success on...
S1 S2 S3 Total
8 87 57 67 67
|
12 100 77 82 82
16 75 100 91 91
{L

¥ S1 denotes performance for examples of the training set
1 S2 denotes performance for unseen examples of the same filter

1 S3 denotes performance for unseen examples of other filters

1 Total denotes performance for all available examples
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attributed to the fact that a wide range of responses can be considered
as tuned. Most likely, the examples of the training set belonged to
analogous responses slightly different to those of the learning set.
Implementing the second option
The sixteen examples used previously were used again as the learning set.
Rather than testing on the whole set of examples it was decided to test each
loop only on the whole set of end-of-process examples. One loop occurs every
time the adaptive combiner sees all the examples in the training
set. Re-training stopped when the four end-of-process examples of the learning
set were recognised as such. This happened after twenty-nine (29) loops but
still it did not reébgnise the end-of-process examples of the training set. Then
the adaptive combiner was tested against the whole set of examples. The
results were as when the sixteen examples were learned in one single pass.
The re-learning of the training set only proved beneficial for the learning set
and it achieved nothing in terms of generalisation.
Implementing the third option
The introduction of an extra attribute which contained the value 1 showed no
advantages towards learning the end-of-process examples. All end-of-process
examples were given carry-on classifications.
Implementing the fourth option
Because of the sensitivity of the algorithm towards the order in which the
learning examples are introduced, the new examples were placed between the
existing ones and not at the end. No changes to the previous results occurred
when one or two end-of-process examples were presented. Some improvements

appeared when three end-of-process examples were presented but only for the
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learning set. Some further improvement developed with four and five end-of-
process examples. This was true for the training set as well. Despite the short
scale improvements it was concluded that this option on its own does not offer
any great advantage.

Implementing a mixture of options

Experiments were carried out to improve the performance of the combiner
using a mixture of the available options. Table 8 shows the predictive
accuracy of the combiner when the forgetting factor equals 0.9 and the
learning set was presented to the combiner 9 times. With this combination
the misclassification problem was resolved. All the end-of-process examples
were correctly classified.

Implementing an additional option

This option involved the identification of any irrelevant attributes. Tﬁis work
was performed by Dr. Mirzai and involved the construction of an attribute
matrix with 6 (attributes) times 16 (examples) dimension. Then the corre-
. lation matrix and the eigenvalues were calculated. The generated eigenvalues
had a small value. This indicated that the problem was overspecified. Two of
the attributes (the two negative peaks) responsible for the overspecification
were then dropped. The remaining attributes were also scaled between 0 and
100. Results obtained with the reduced set of the scaled attributes are
illustrated in Table 9. It is interesting to notice that the combiner performs
best when only 8 examples were used. This is mainly due to the fact that
when a large number of examples from one filter are shown to the combiner
in the learning mode, it cannot recognise examples of the other filters (S3)

very well. Also in this experiment the end-of-process examples were
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Table 8 : Combiner predictive accuracy with adjusted parameters (Search I)

Forgetting factor : 0.9 Re-learning loops : 9
Number of learning (%) Rate of success on...
examples
S1 S2 S3 Total
16 94 100 91 92

Table 9 : Combiner predictive accuracy with scaled attribute values (Search I)

Number of learning (%) Rate of success on...
e){amples
S1 S2 S3 Total
8 100 88 90 90
12 100 91 84 85
16 94 98 85 87

1 S1 denotes performance for examples of the training set

1 S2 denotes performance for unseen examples of the same filter
} S3 denotes performance for unseen examples of other filters

¥ Total denotes performance for all available examples
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recognised.

Implementing neural networks

The work with neural nets concerns layered, feed-forward networks learning
the classification task by back-propagation. There are some obstacles in using
neural networks. One does not how many hidden units are required, nor with
what values to initialise the weights etc. At this stage of the research the
ease of usage of the technique was mainly explored. The following results
arose through the use of a three layered (two hidden layers) network, with a
decision threshold of 0.3, a gain of 0.1 and a momentum term equal to 0.0.
The algorithm was written in Turbo Pascal and run using a Compaq 386
personal computér. Each architecture iterated for 500 times irrespective of
whether convergence happened before the full number of iterations had been
completed. Each architecture which learned the examples of the training set
was tested against the unseen examples. The number of hidden nodes for
each hidden layer was set, arbitrarily, equal to 1 up to 5. Using Table 10,
where some results are displayed when eight examples were used, various
points can be made:

® Jrrespective of the architecture there was a 100 per cent success on the
learning set with an average of 117 iterations.

® The prediction performance averaged 72 per cent.

® Ten out of 24 end-of-process examples were mis-classified.

" Increasing the training set by four examples showed that:

® A number of architectures were unable to learn the training set even with
a 1000 runs. The common entity of these architectures was that the number

of hidden nodes of the first hidden layer was set to one.
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Table 10 : Neural net predictive accuracy (Search I - eight examples)
(%) Rate of success on the whole set of Neural net architecture
examples (Total)
74 6-1-2-1
76 6-2-2-1
74 6-4-2-1
74 6-1-3-1
[ 74 6-2-3-1
71 - 6-3-5-1
72 6-4-4-1
" 74 6-4-5-1

¥ Neural net architecture of A-B-C-D as in 6-4-5-1 denotes A input units, B units in the
first hidden layer, C units in the second layer, and D output units
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® The networks that were able to learn the training set took an average of
109 iterations.

® The average prediction performance increased as well to 78 per cent (Table
11).

® Again the mis-classification rate of end-of-process examples was 50 per cent
except when the number of hidden nodes in the first layer was four. That was
irrespective of the number of nodes in the second layer. The best true
classification was achieved when the (6)-4-4-1 architecture was employed.
Increasing the examples in the learning set to 16 prodﬁced fewer archit-
ectures able to learn the training set (Table 12). In average it took them 515
iterations. They also produced an average performance of 93 per cent with a
misclassification rate of 4 examples out of 24. It became clear that although
increasing the size of the learning set can improve performance, having the

right architecture is also important.

5.4.5 Search two comparison

Table 13 shows how an example was presented to each technique.

Implementing ID3

The three learning sets were introduced to the ID3 algorithm. Table 14 shows
the results obtained. Note that even when eight examples were used the
prediction rate was acceptable and that the performance did not improve with
the introduction of further examples. This is probably an indication that
further attributes are required if better performance was to be achieved.
Alternatively, a larger number of examples could have been used in the
training set, but at this stage this was not desirable since the comparison of

the three techniques using sets of 8, 12, and 16 examples was the main task.
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Table 11 : Neural net predictive accuracy (Search I - twelve examples)
(%) Rate of success on the whole set of Neural net architecture
I examples (Total)

77 6-2-2-1

78 6-3-2-1

78 6-4-2-1

77 6-2-3-1

78 6-3-3-1

77 - 6-4-3-1

77 6-2-5-1

77 6-3-5-1

78 6-4-5-1

78 6-4-4-1

1 Neural net architecture of A-B-C-D as in 6-4-5-1 denotes A input units, B units in the
first hidden layer, C units in the second layer, and D output units
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Table 12 : Neural net predictive accuracy (Search I - sixteen examples)
(%) Rate of success on the whole set of Neural net architecture
examples (Total)
93 6-4-2-1
91 6-4-3-1
, 93 6-5-2-1
93 6-5-3-1
93 6-6-2-1
93 6-6-3-1
93 6-4-4-1
93 6-5-4-1
93 6-3-5-1
93 6-4-5-1
| 94 6-5-5-1

% Neural net architecture of A-B-C-D as in 6-4-5-1 denotes A input units, B units in the
first hidden layer, C units in the second layer, and D output units
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Table 13 : Four typical examples and the representation of their class using each

technique (search II)

Attribute... ID3 | A.C N.N

P, P, P, P, R, |R,

1.372 1.383 1.405 1.415 45 (62 (Ca [-10 -1-1

1.393 1.404 1.412 1.423 54 |55 |[Cgk 10 -11

1.381 1.392 1.418 1.429 49 |52 [{Ca (0-1 1-1

1.387 1.398 1.425 1.436 54 |49 |[Cc |01 11

Table 14 : ID3 predictive accuracy (Search II)
Number of learning (%) Rate of success on...
examples
S1 S2 S3 Total
8 100 100 88 91
12 100 100 88 91
I
16 100 100 88 91 ‘I

1 P denotes a positive peak

1 R denotes a negative peak

1 S1 denotes performance for examples of the training set

1 S2 denotes performance for unseen examples of the same filter
1 S3 denotes performance for unseen examples of other filters

i Total denotes performance for all available examples
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Implementing adaptive combiners

When the three learning sets, in their original form, were presented to the
combiner the results were very poor (Table 15). It was thought that the
combiner needs to encounter examples which can act as reference points. That
role was played by the introduction of end-of-process examples to the learning
set, once again. This way the combiners were trained to indicate the end-of-
process, as well as which screw to adjust and in what direction. As for search
one, it was found necessary to present the combiner with a reduced number
of attributes (the four positive peaks) and to scale the values between 0 and
100 in order to improve the performance. The first training set contained 5
examples, i.e. one end-of-process plus four examples when the screws were
mal-adjusted to their maximum positions. Then the examples corresponding
to the minimum positions of the screws were added to the learning set (i.e.
9 examples all together) and finally the examples corresponding to the half-
way mal-adjustments of the screws plus one more end-of-process example
were added resulting in 14 examples. The performances of the combiners for
the three new learning sets are summarised in Table 16. Introducing more
examples from the same filter resulted in an acceptable performance when
testiﬁg exampies from the filter that the training examples were taken from.
Instability in the learning occurred for examples generated from different
filters. Again, the combiners successfully recognised all the end-of-process
examples but their total percentage rate of success was not as high as for the
ID3 algorithm. The reason behind the much lower overall performance of the
combiner lies in the low percentage rate of success when examples of other

filters are tested (S3 - Table 16). It is known that two filters of the same
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Table 15 : Adaptive combiner predictive accuracy (Search II)

Number of learning (%) Rate of success on...
examples
S1 S2 S3 Total
8 25 35 39 38
12 33 33 39 38
16 38 39 38 38

Table 16 : Combiner predictive accuracy with scaled attribute values (Search II)

Number of learning (%) Rate of success on...
examples
S1 S2 S3 Total
5 100 93 75 78
9 100 93 81 83
14 93 95 58 64

¥ S1 denotes performance for examples of the training set

1 S2 denotes performance for unseen examples of the same filter
1 S3 denotes performance for unseen examples of other filters

1 Total denotes performance for all available examples
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family are not identical. Tolerancing errors and parasitic effects result in
different attribute values. It seems that the combiner could not handle these
situations while the selected attribute cut-off values and therefore lines using
ID3 divided the 6-dimensional space properly.

Implementing neural networks

The three layer networks produced an average performance of 76 per cent
with a (6)-3-3-2 architecture gaining the highest performance (80% with 8
examples). Note that adding an extra node to either layer did not produce a
better performance. By increasing the examples the performance improved
with architecture 6-5-3-2 reaching the highest performance (92%) using 16
examples. Irresp'e'ctive of the number of examples and number of nodes used
the nets produced a better performance for the direction to turn rather than

the component to be used. Table 17 displays a sample of results.

5.4.6 Search three comparison

Table 18 shows the way that examples were presented to the techniques.

Implementing ID3

Problems arose when ID3 was implemented for search three. It is not
reasonable to expect a prediction of, say, 2.25 when only examples with 0.25
and 2.75 classes were presented. This implied the necessity of a large training
set consisting of all examples of one filter. However, due to the large number
of classes (11) together with the relative small number of examples (43), the
problem of bushy, unstructured decision trees arose. This resulted in a very
poor performance. Even the introduction of a larger training set would not
ensure success. The ID3 algorithm was originally constructed to deal with

binary classification and it seems that better performances are achieved with
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[ Table 17 : Neural net predictive accuracy (Search II)
Number of examples | (%) Rate of success on...

| S1 | Component | Direction Architecture
8 72 72 98 6-4-3-2
8 80 80 97 6-3-3-2

" 8 77| 77 98 6-3-4-2

IL 12 77 77 98 6-3-2-2

" 12 N 81 81 97 6-3-3-2

" 12 74 | 74 97 6-5-5-2

I 16 03| o3 98 6-5-3-2
16 92 92 97 6-8-4-2
16 87 87 97 6-3-3-2

1 S1 denotes performance for examples of the training set
¥ Neural net architecture of A-B-C-D as in 6-4-5-1 denotes A input units, B units in the
first hidden layer, C units in the second layer, and D output units
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Table 18 : Representation of class for each technique (search III)

ID3 Class Adaptive combiner Neural network
0.25 0.25 0001
0.50 0.50 0010
0.75 0.75 0011
1.00 1.00 0100
2.00 2.00 1000
2.75 2.75 1011
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a low number of classes. The inability of ID3 to perform successfully when a
large number of classes are present was the main factor in deciding to split
the tasks into three separate searches, as reported previously.

Implementing adaptive combiners

The main advantage of the combiner and neural net architecture over that of
ID3 is due to their capability of producing continuous output. For this search
space experiments were carried out with the original learning sets. When the
reduced set of attributes and the scaled values were used the combiner
performance improved. Notice that end-of-process examples were used once
again. The combiners were trained on the exact values of mal-adjustments for
both screws. Figures 12a and 12b show the correct mal-adjustment levels for
screws C, and C, respectively. Figures 12c and 12d illustrate the output of
the combiners when 5 learning examples were used. Figures 12e and 12f
show the same outputs when 9 learning examples were used and finally
figures 12g and 12h show the outputs with 14 learning examples. With this
limited number of examples the combiners have managed to reach the desired
outcomes (Figure 12g and 12h) although not to 100 per cent accuracy. In
order to improve the performance of the combiner for this search space, it
would be necessary to include learning examples generated when both screws
are mal-adjusted together.

Implementing neural networks

Unfortunately, the three layer network did not produce very good results even
when a large number of nodes were used. For that reason when over one
hundred nets were run further investigation was suspended. An interesting,

and somewhat predictable, fact arose with the use of the nets. Increasing the
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hidden nodes drastically improved (Table 19) the performance for each

individual node. The nets had started to behave as ’look-up’ tables.

5.4.7 Problems encountered

The experiences gained in implementing the three techniques are presented
in terms of learning, testing and learning refinement. This work has been
published®.

During the learning phase various problems arose due to the structure of the
training set. To improve the adaptive combiner performance it was necessary
to manipulate the attribute set. The manipulation took the form of scaling the
attribute values and/or the elimination of certain attributes. The scaling of
the. attribute values was important. Without proper scaling an ill-conditioned
problem was created in terms of the auto-correlation matrix in the RLS
algorithm®, It was possible to find if the problem was ill-conditioned by using
eigenvalue analysis®. Initial work with neural networks and ID3 employed
examples generated While tuning a number of filters. When both techniques
were tested using unseen examples ID3 performed better. Neural nets failed
to classify correctly a number of test examples. Those examples contained at
least one attribute with a value previously found in an example with a differ-
ent classification. Because of the large range of numerical values each
attribute can take, a different set of learning examples was required which
included all likely values or the extreme values (i.e. maximum and
minimum). This was also necessary when using the adaptive combiners.
Another obstacle was that learning with neural nets was time consuming.
Additionally, unlike adaptive combiners or neural networks which can provide

continuous output ID3 had to be presented with examples covering all eleven
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Table 19 : Neural net predictive accuracy (Search III)

Number of Number of correct predictions | Architecture
examples:39 on node..
1 2 3 4

20 0 0 0 6-1-3-4

25 3 6 0 6-2-3-4

21 |22 5 0 6-4-5-4

29 28 16 8 6-20-10-4

23 16 9 3 6-10-20-4

1 Neural net architecture of A-B-C-D as in 6-4-5-1 denotes A input units, B units in the
first hidden layer, C units in the second layer, and D output units
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classes for the third search. The large number of classes meant that the
examples were less representative with the consequence of poor performance.
Another problem was the inability of ID3 to mix numeric and symbolic
attribute values. This created a problem during testing as will pointed out
later.

Testing the rules generated by ID3 was more time consuming than testing
the two other techniques. More importantly, though, was that in running the
ID3 algorithm, examples with unknown attribute values could not be used
when numerical values were employed. A notation to indicate that an
attribute value was not significant was available but not to indicate that an
attribute value was unknown. It was then impossible to use both numeric and
symbolic descriptions for an attribute. If at any point an attribute value was
requested and this value was unknown then the system failed completely.
Using the other two techniques this could not happen. Unknown values were
presented with a constant. During testing the combiner or the net did not
perforﬁ appropriately but they did not fail.

The presentation of attributes holding numerical values to ID3, caused the
following problem. The enlargement of the learning set resulted in a slight
change of the threshold values of the decision tree. This led to different
classifications of a number of testing examples. In addition the presentation
of new examples, resulted to new attributes being introduced or old attributes
being excluded from the newly generated decision tree. Therefore the
architecture of the decision tree generated by ID3 is dependable on the
examples of the training set. The introduction of further examples to the

adaptive combiner or the neural net did not alter the architectural structure
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but strengthened or weakened the individual weights.

5.5 Discussion of the comparison results

Although the three techniques are different, a comparison was possible. The
main difference between the three techniques, apart from the algorithmic
approach used, is that adaptive cdmbiners and neural nets learn in an
“incremental fashion while ID3 sees all the examples at the same time. ID3
performed slightly better than the other two for the first two searches. For
the third search ID3 failed significantly. The use of ID3 for the first two
searches was elected. The decision was based on the following advantages of
ID3, as seen by the author.

v An expert system cannot ever be completed. Such systems should expand
their knowledge through time. The augmentation of the learning set by
presenting new examples demonstrated that running ID3 was faster. Neural
networks took a long time to train. Some architectures took up to 17 hours
to train.

\ ID3 always gives correct predictions for the examples used in the learning
set. This is not guarantee with the other two techniques.

V ID3 generated decision trees which can be transformed into production
rules. These rules can be used directly to explain the relationships between
the attributes and the decisions made. With weights a direct explanation is
not feasible. Some work towards this has been reported”®.

\ ID3 gave slightly better results with less manipulation of parameters and
without the need to worry about the order of introduction of the examples.
With adaptive combiners a lot of time was spent in experimenting with

parameters. The problem with neural nets was the absence of any theory for
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determining the architecture.

From the preceding sections it can be inferred that the adaptive combiner
performed well for the third search. At the moment the discussion about the
third search will be suspended. The next chapter introduces the way the ID3

problems were resolved.

5.6 Conclusions

The tuning of the stopband and the passband regions were to be treated
independently. It was decided each region to be divided into three search
spaces. The comparison of the three algorithms led to the use of ID3 for the
first two searcl"lk spaces of both regions. Furthermore, it was decided to

research further the use of neural networks for the third search in the future.
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Chapter Six

Further Work With ID3
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6.1 Introduction

During the comparisons of the performance of the three classifiers no attempt
was made to achieve high performance but experience gained through the
experiments was employed at a later stage. The representation of the input
examples, of the output descriptions and the available knowledge (i.e. number
of examples) influence the success of any machine learning system. Using ID3
in particular the actual learning time is negligible (a matter of seconds) but
the most critical and time consuming part is the one of example selection.
Chapter 6 presents the work taken to identify the attributes and their
format to be used for each search.

The use of attributes with logical values was selected mainly for two reasons:
m A substantial set of examples was generated but when the attributes had
numerical values huge possible combinations between attribute values were
missing.

® The unsatisfactory performance with numerical valued attributes when

testing with unseen examples.

6.2 ID3 problems

The' employment of the de-tune data for the comparison of the three
techniques, as described in the previous chapter, served the purpose of
comparing machine learning techniques. The ID3 technique was selected for
the first two searches. Problems arose due to the use of numerical attribute
values. This resulted in a problem associated with the cut-off point. The
algorithm produced rules of the form ’if attribute X is less than cut-off point

T then...”. The cut-off point, which took values such as 1.39765, was calculated
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by using those values that were currently present in the learning set. The
introduction of more examples would probably result in different cut-off
points. But in the filter tuning task values such as, say, 1.39765 and 1.39766
can be considered as same whereas the ID3 algorithm regards them as two
different entities. Therefore it was important to develop a way of relating
values that were close.

Using the de-tune data one could attempt to generate the whole set of
possible examples and then present it to the algorithm. It was though the
intention from the start to use data generated through the tune procedure.
This way the expert’s knowledge was to be utilised. Unfortunately it was
impossible to prbduce an entire set of examples since these examples should
have included every possible numerical value each of the attributes could
have taken.

Problems using ID3 as stated above had to be solved before proceeding any
further. In this chapter a report is given on results obtained in an attempt to
identify any advantages in using one attribute presentation form over
another. The investigation involved the evaluation and comparison of decision
trees produced by using logical and numerical attribute values for the first

two searches. This work has been reported elsewhere as well’.
6.3 Further selection of attributes and

generation of examples

It was considered that the inclusion of further attributes might be helpful in
order to decrease the number of empty and/or clash situations. In total seven

more attributes were introduced. These took the form of the six differences
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between positive peaks, for example peakl-peak2, peak3-peak4, and the
difference between the two negative peaks. These attributes were introduced
because not only the position of each individual peak was regarded as
important but also the peak’s position in relation to where the rest of the
peaks are. A new set of examples was collected. This time the tune procedure
was employed. Therefore, the operator was requested to tune a number of
filters and the data were recorded as previously. In this way 34 filters were

tuned (only the stopband) resulting in 138 examples.

6.4 Generation of logical values

Schemes have been proposed® which attempt to define supplementary
cutpoints for each cut-off point. Producing such confidence intervals enhances
the classification of examples with values near the cut-off points. An alternat-
ive scheme was followed in this work. Instead of using the raw numerical
values a transformation was applied. The numerical values were placed into
ranges which were given logical names. The term logical is borrowed from the
ID3 literature and simply means a linguistic term, similar to fuzzy predicates
of the fuzzy set theory’. Due to the absence of a priori knowledge for
determining the ranges within which attribute values must lie for the filter
to be considered tuned, the membership was calculated as below:

m Collect all those examples with an end-of-process as their class

® Calculate the mean (m) and the standard deviation (sd) value of each

attribute.

® For each attribute determine the range (m-sd.m+sd). This range

represents all those numerical values an attribute can have and be

considered to be tuned. Label the range as ’ok’.
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® Determine the rest of the ranges. For example values within (m-
2sd.m-sd) are labelled ’close-left’ etc. (Figure 13)
That way 8 (ok, far-left, far-right, close-left, close-right, left, right, absent) or
4 (ok, left, right, absent) logical values were generated and assigned to each
numerical value. Note that the eighth (or the fourth) logical value takes the
label ’absent’. This label was used when a value for an attribute could not be
determined (ie. absence of a peak) and not because it was unknown. This way

three attribute formats were available for each search space (ie. numerical,
8-logical, 4-logical).

6.5 Criteria for the evaluation of decision

trees

The evaluation and comparison was based on the following criteria.

(1) Percentage errors on classifying unseen examples

(1i) Number of branches in the decision tree

(iii) Number of rules in rule base

(iv) Number of clash labelled leaves

(v) Number of empty labelled leaves

| (vi) Total number of preconditions in rule base

The first criterion assessed the performance of a decision tree in terms of
accuracy on classifying unseen examples. This indicated how good the
generalisation was (i.e. predicting future performance). The rest of the criteria
are of secondary importance and can be applied in order to determine the
complexity and intelligibility of a decision tree. Figure 14 displays a decision

tree and Table 20 the equivalent set of rules. They both illustrate the terms
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Figure 13: Distribution of logical values. The left hand side shows the distribution of
the 8 logical values (the 8th logical value is absent). The right hand side shows the
distribution of the 4 logical values (the 4th logical value is absent).
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Figure 14: Subset of a decision tree generated with four-valued logical attributes
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Figure 15: Configuration of generated decision trees
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Table 20 : Set of rules produced using the decision tree of Figure 14

IF d,is absent IF d;is ok
AND p, is absent AND- d; is ok
THEN class is carry-on THEN class is end
IF d, is absent IF d,isok AND d, is
AND p, is left left
THEN class is carry-on THEN class is end
IF d;is right IF d, is left THEN class is
THEN class is end carry-on
" Table 21 : Configurations key
Config. Description Number of Attributes used
Number attributes
F1 numerical attributes 13 P1--Ps
. . I;..T,
F2 4 logical-value attributes 13
d,..d;
F3 8 logical-value attributes 13
F4 numerical attributes 6 P1--Ps
. . I..T,
F5 4 logical-value attributes 6
F6 8 logical-value attributes 6
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6.6 Presentation of tuned examples

The object of this part of the work was the identification of the ’best’
configuration for the first two search spaces. By configuration is meant the
choice of attributes to be used and their format (ie. numerical or logical). The
six configurations used are summarised in Table 21. To test how well the six
configurations measﬁre up to the criteria, the available examples were
divided into three randomly chosen batches. The first batch included 42
examples, the second 43 and the third 53. Initially, the first batch was used
as the training set and the other two as the testing set (Test 1). That was
followed by introducing the second batch to the training set which was then
tested against the third batch (Test 2). Both tests were evaluated for all
configurations for each search space. In total, thirty six decision trees were

generated, viz. eighteen per search space (Figure 15).

6.7 Evaluatiqn of results and discussion

(Search One)

Percentage errors on classifying unseen examples

Table 22 shows the results for each configuration for both tests, expressed as
the percentage error of mis-classification. Observing Table 22, one can
establish the following:

(1) All performances, but one, improve as the size of the training set increases.
(ii) The amount of classification improvement varies between configurations.
Trees generated using logical value attributes seem to perform better than

those produced using numerical ones. The drawback of numerical value
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Table 22 : Misclassification errors (Search I)

Configuration Test-1_ Test-2 Classification
(%_error) (% _error) improvement (%)
F1 42.7 41.5 1.2
F2 31.3 22.6 8.7
F3 20.8 28.3 -1.5
F4 | 42.7 41.5 1.2
F5 31.3 26.4 4.9
F6 - 27.1 22.6 4.5

i Test 1 denotes one learning set of data and two testing sets
i Test 2 denotes two learning sets of data and one testing set

125



decision trees is their inability to handle examples with absent attribute
values.

(iii) Upon increasing the number of attributes no major differences were noted
with configurations F5 and F6 in terms of improvements in their
classification capabilities.

(iv) With thirteen attributes one can see that the performance improves
further with the F2 configuration.

Number of empty labelled leaves

For the algorithm to be effective, the number of situations where knowledge
(i.e. examples) has not being provided and hence nothing can be learned must
be kept to a minimum. To illustrate the concept of emptiness consider Figure
14. Such a situation arises when attribute D3 takes the value absent. If that
is true then attribute P1 has to be considered. When P1 takes the value right
then the system will respond with the message empty, indicating the lack of
knowledge of what to advise. If the number of empties is large, the
performance will be poor when testing with such examples.

For each of the six configurations three decision trees were generated by
increasing the learning set with the addition of the third batch. Table 23
shows the results. It is worth noting the following:

(i) When numerical values are used there are not empty situations.

(i) Increasing either the number of attributes (from 6 to 13, compare
configurations F4, F5, F6 versus F1, F2, F3 respectively), or the number of
logical values each attribute can take (from 4 to 8, compare configurations F2,
F5 versus F3, F6 respectively), an increasing number of empty situations is

generated. The reason is that the use of a large number of attributes or
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Table 23 : Number of empties per configuration (Search I)

Configuration Test-1 Test-2 Test-3
|
F1 0 0 0
| 2 6 15 29
| II F3 16 66 100
F4 0 0 0
F5 6 14 24
I
“ F6 20 58 69
| Table 24 : Number of clashes per configuration (Search I)
Configuration Test-1 Test-2 Test-3
F1 ' 0 0 0
F2 0 3 2
| F3 0 3 2
F4 0 0 0
F5 0 4 8
F6 0 4 6

1 Test 1 denotes one learning set of data and two testing sets
1 Test 2 denotes two learning sets of data and one testing set
¥ Test 3 denotes three learning sets of data
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attribute values rendered the learning set less representative and nothing
was gained by the introduction of further examples.

Number of clashes

Similarly, the number of clashes has to be kept to a minimum. A large
number of clashes indicates the need for the introduction of further attributes
or examples for the algorithm to be able to discriminate between examples.
A situation where the system will respond with the message that clash is
present, it is illustrated in Figure 14. It occurs when attribute D, takes the
value ok and attribute D, is assigned the value right. The configurations were
tested as before and Table 24 shows the results obtained. Notice the
following:

(i) The absence of any clashes when numerical values are used is noticeable.
This was to be expected. By definition, a clash occurs when two (or more)
examples have the same attribute values but are classified differently. This
is unlikely to occur when numerical values with six significant figures are
employed.

(ii) When the number of attributes is kept small the introduction of more
examples results in an increase in clashes. (iii) When the number of
attributes is increased, the number of clashes tends to stabilise, irrespective
of the number of values an attribute takes.

Number of nodes

Large, bushy trees reduce the intelligibility of the results and increase the
execution time. Table 25 shows the results obtained when testing the six
configurations. No attempt was made to perform any kind of pruning? or to

compare various selection criteria®. The following observations can be made:
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Table 25 : Number of nodes per configuration (Search I)

Configuration Test-1 Test-2 Test-3
F1 3 11 23
F2 21 45 77
F3 33 105 161
F4 3 13 23
F5 21 45 69
F6 4 97 121

Table 26 : Number of preconditions per configuration (Search I)

Configuration Test-1 Test-2 Test-3
F1 2 18 51
F2 21 53 106
F3 23 65 132
F4 2 19 37
F5 21 45 66
'F6 31 57 84

¥ Test 1 denotes one learning set of data and two testing sets
i Test 2 denotes two learning sets of data and one testing set
i Test 3 denotes three learning sets of data
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(i) Decision trees generated using numerical attributes produce a smaller
number of nodes, irrespective of the number of attributes used.

(ii) Using logical attributes created much larger trees, especially when the
number of attribute values increased.

Number of preconditions in rule base

This criterion has been suggested® in order to measure the generality of the
entire set of rules. It has been mentioned that any decision tree can be
transformed into a set of rules. For example, in Figure 14 the rule if D, is
absent and P, is absent then carry-on can be extracted from the decision tree.
This rule has two preconditions. The total number of preconditions in the rule
base can then be measured. Table 26 shows the results obtained. A list of
remarks now follows:

(i) As the number of examples in the learning set increases, the total number
of preconditions increases as well, resulting in less efficient execution timing.
This is true irrespective of the number of attributes used but the rate of
increase is smaller when the number is kept small.

(ii) Increasing the number of values of the attribute resulted in a greater
number of preconditions. This was anticipated since the algorithm has no
means of determining if it is necessary to branch for all defined values of an
attribute. Perhaps, in some cases various attribute values are relevant, yet
the rest may not be.

Number of rules

Every leaf of a decision tree corresponds to a rule of the form if XI and X2
and... and Xn then Y where the X’s are the branches and Y is the class of the

leaf. By measuring the number of rules extracted from a decision tree the
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goal of achieving the minimal set of rules representing the domain was
reached. Table 27 shows the results obtained by transforming each tree to a
collection of rules. The following comments can be made:

(i) It appears that the introduction of extra attributes, as in configurations
F1, F2 and F3, diminishes any benefits (i.e. in most tests more rules were
generated).

(ii) Noticeable are the identical results obtained when numerical attributes
are used (F1, F4), whereas the difference in the number of rules when logical
attributes are used was minor.

(iii) Comparing the results with a view to the attribute format one can deduce
that numerical attributes produce less rules than logical attributes. The rate
of increase of the number of rules though was much greater as the number
of examples increased. For example, considering the F'1 and F2 configurations
(both have 13 attributes) one can see that the number of rules of F1 tripled
(200%) from test-1 to test-2 and doubled (100%) from test-2 to tesf-3 whereas
the number of rules of F2 increased with a lower rate (60 and 56.25 per cent)
in both tests.

(iv) Decision trees generated using logical attributes with four values produce
less rules thén when eight logical values were used. This became more
significant as the learning set expanded.

The reader should note that since the introduction of the algorithm the
transformation of a decision tree to a set of rules has received much
attention. The objective of the proposed schemes’? is to produce a minimal set

of rules, which in turn affect the number of preconditions and nodes, but in
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Table 27 : Number of rules per configuration (Search I)
Configuration Test-1 Test-2 Test-3
F1 2 6 12
F2 10 16 27
F3 13 23 39
I F4 2 7 12
F5 10 16 20
F6 16 23 31

¥ Test 1 denotes one learning set of data and two testing sets
¥ Test 2 denotes two learning sets of data and one testing set

t Test 3 denotes three learning sets of data
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this work the results discussed were obtained using the primitive transf-

ormation.

6.8 Selection of configuration for search one

Taking into account all the criteria with equal weighting attached to each
suggested the use of numerical attributes since they produced smaller trees
with fewer clashes etc. However, the most important criterion of percentage
errors in classification of unseen examples, showed the use of numerical
values to be unsatisfactory. The mis-classification error of approximately 42
percent was too large to be ignored. The use of logical values resulted in a
more acceptable error rate. It was necessary to select between the choice of
6 or 13 attributes. There was not much difference between their performances
as far the secondary criteria were concerned but the use of F2 almost doubled
the classification improvement. Therefore F2 was selected as the most
promising conﬁguration. Notice that though the performances using logical
values based‘ on the secondary criteria were not satisfactory these can (and
were) improved, as is reported in the following Chapter. In conclusion, the
tuning of the first search of the stopband was to be achieved by using the
location of the peaks and their differences as attributes. Each numerical value

was to be assigned one logical value out of four.
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6.9 Evaluation of results and discussion

(Search Two)

Percentage errors on classifying unseen examples -

Table 28 shows the results for each configuration for both tests, expressed as
the percentage error of mis-classification. From the table, the following can
be established:

(1) All performances, except the ones with 4 logical values, improve as the size
of the training set increases.

(i1) The mlmmum mis-classification error can be found at both configurations
with 8 logical values.

(iii) The amount of classification improvement varies between configurations.
Trees generated using 8 logical value attributes have slightly higher average
performance than the ones produced using numerical attributes.

(iv) The initial error (i.e. column one) for the 8 logical conﬁgﬁrations is
considerably smaller than the error when using numerical configurations.
(v) Comparing with the counterpart results of search one (Table 22) the error
is much higher. The main contributor to the error is due to the choice of the
comi)onent. The direction was given right 50 per cent of the time which might
have been achieved by pure chance. It seems that by increasing the number
of classes generates worse results, hence the need for a larger training set.

Number of empty labelled leaves

For each of the six configurations three decision trees were generated by
increasing the training set with the addition of an extra batch each time. The

following comments can be made using Table 29.
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Table 28 : Misclassification errors (Search II)

Configuration Test-1 Test-2
F1 71.5 68.5
F2 60.6 68.3
F3 66.9 56.1
F4 80.3 65.9
F5 56.3 61.0
Fé6 N 70.4 56.1

i Test 1 denotes one learning set of data and two testing sets
f Test 2 denotes two learning sets of data and one testing set
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Table 29 : Number of empties per configuration (Search II)
Configuration Test-1 Test-2 Test-3
F1 0 0 0

F2 8 24 31

F3 26 71 137
F4 0 0 0

F5 9 24 29

F6 N 26 87 124

Table 30: Number of clashes per configuration (Search II)

Configuration | Test-1 Test-2 Test-3
F1 0 0 0

F2 1 4 10

F3 0 A 2 9

F4 0 0 0

F5 1 4 10

F6 1 3 12

1 Test 1 denotes one learning set of data and two testing sets
¥ Test 2 denotes two learning sets of data and one testing set
¥ Test 3 denotes three learning sets of data

136




(i) The numerical configurations did not produce any empty situations.

(i) All logical configurations generate a considerable number of empty
situations which increase as more examples are entered in the training set.
The largest amount is created with 8 logical value attributes.

(iii) Once again an increase in the number of classes generates more empty
situations, notably for the 8 logical value configurations (compare with Table
23).

Number of clashes

Table 30 shows the results obtained . The following can be noticed:

(1) There are no clashes of attributes with the numerical configurations.

(ii) Irrespective of the number of attributes used 4 logical values produce the
same number of clashes for each test. The number of clashes is comparable
to when 8 logical configurations were used.

(iii) More clashes were generated (compare with Table 24) but the effect of
increasing the number of classes is not as dramatic as when considering mis-
classification errors or empty situations.

Number of nodes

Table 31 shows the results obtained testing the six configurations. The

following observations can be made:

(i) Using numerical attributes the generated tress have a smaller number of

nodes irrespectively of the number of attributes used.

(ii) Using logical attributes created larger trees especially when the number

of attribute values increased.
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Table 31 : Number of nodes per configuration (Search II)

Configuration Test-1 Test-2 Test-3
F1 9 21 33

F2 25 69 89

F3 49 121 201
F4 11 23 37

F5 25 65 81

F6 49 137 193

i Test 1 denotes one learning set of data and two testing sets
1 Test 2 denotes two learning sets of data and one testing set
¥ Test 3 denotes three learning sets of data

138




Number of preconditions in rule base

Table 32 shows the results obtained. A list of remarks now follows:

(1) Unlike search one (see Table 26) this time numerical configurations
generated more preconditions as the training set increased in comparison
with 4 logical configurations.

(i1) Increasing the number of logical values an attribute can take resulted in
a greater number of preconditions.

Number of rules

Table 33 shows the results obtained by converting each tree to a group of
rules. The following can be noticed:

(i) The introduction of extra attributes is beneficial only when numerical
values are used.

(i) Numerical configurations produce less rules than those in which logical
attributes are used. The rate of increase though was much greater as the
number of examples increases. Notably configurations with 4 logical attribute

values (F2, F5) and F6 configuration seem to stabilise.

6.10 Selection of configuration for search two

The numerical based configurations were not considered for the same reasons
as discussed in Section 6.7. Again the selection was between either 4 or 8
logical values with 13 or 6 attribute values. The use of 8 logical values had
the better mis-classification error. The employment of six attribute values
resulted in a better performance as far as the secondary criteria were

concerned. Hence F'6 was selected as the most promising configuration.
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Table 32 : Number of preconditions per configuration (Search II)
Configuration Test-1 Test-2 Test-3
F1 14 57 95
F2 24 85 89
F3 33 93 121
F4 20 64 126
F5 23 72 79
F6 30 86 94
Table 33 : Number of rules per configuration (Search II)
Configuration Test-1 Test-2 Test-3
F1 5 11 17
F2 2 24 25
F3 17 33 4]
F4 6 12 19
F5 9 21 22

" F6 16 30 32

i Test 1 denotes one learning set of data and two testing sets
I Test 2 denotes two learning sets of data and one testing set
I Test 3 denotes three learning sets of data




6.11 Discussion

The configuration choice for each search was made empirically, as shown
above. At the same time the configurations chosen seemed to be sensibly
right. For search one 13 attributes, each with 4 permissible logical values
were selected. Search two had 6 attributes with 8 allowable logical values.
Using search one, one tried to discover if further tuning was required so a
strict testing was required. This is a full-scale approach. It involved not only
the checking of a position of an attribute but also its relative position to other
attributes - hence the need for the differences. Using search two, one tried to
find the combination of component and direction for correcting the position
of an individual attribute (i.e. one of the peaks) at a time. This can be
described as a reductionist approach. The outcome influenced the position of
one attribute and we were not worrying about the effect it will have, if any,
on the rest of the attributes. Thereforé, there is no need for differences to be
included. The exact position of an attribute is therefore very important and
8 logical attribute values are needed to provide a fuller description of the
position.

6.12 Conclusions

It was decided to use linguistic labels for the description of the position of
each attribute of the magnitude response rather than the raw numerical
values. The work undertaken showed that hereafter thirteen attributes each
taking a linguistic label from a set of 4 to be employed for the first search.
The second search to use six attributes each taking a linguistic label from a

set of 8.
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Chapter Seven

The Knowledge-base Construction

nadnpata pabnpeta

Greek proverb
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7.1 Introduction

The generation of the decision tree and therefore of the rule set of each search

is the subject of Chapter 7.

Techniques for decreasing the complexity of a rule set without reducing
performance are also given. The manual inspection for the identification and
elimination of rules which will never be active and the erasure of rule
conditions after testing their relevance using contingency tables were two
techniques found to be most effective.

The final section details the evaluation of the quality of the rules by
considering domain knowledge which reinforced beliefin the trustworthiness

of the generated rules.

7.2 Induction of decision tree for the stopband

region

Three visits to Newmarket Microsystems produced a total of 159 examples.
These are the same examples employed for the comparison of decision trees,
as reported in the previous chapter. Twenty one of these were examples
where the user had realized that the wrong action had been taken. For that
reason, they were not included in the induction process.

The ID3 algorithm was developed by Quinlan’ for problems associated with
the game of chess, in particular for endgame knowledge. In the chess domain,
an entire database of examples was used. In our application it was not feas-
ible to generate a complete set of examples. For example, it was not possible
to ask the operator to place, say, the first positive peak in a 'far left’ position

and at the same time to have the second negative peak in a ’close right’
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location. The generated tree had to, eventually, analyze unknown examples.
At that stage of the research, there was no evidence to show that the collected
examples were sufficient or that they constituted a small sample. Two ways
to find out are for either the expert to investigate the rules or to test the tree
against a new set of data. The first way involves the expert looking at the
selection of relevant attributes and the relationships between them as
presented by the rules. This was not possible in this study. The choice of
relevant attributes from an initial set of attributes provided by the expert in
the first place does not reveal much. Furthermore, the expert was not aware
of what rules existed anyway, so the rules formed by ID3 were mentally
uncheckable. Tééting against a new sample would have given only an
indication of the validity of the rules. Also, the indication would have been
very dependent on the sample. The problem once again is that there were
many routes towards the goal. It was then decided to test the system on-line
and to record and observe its performance. The actual testing is reported in
Chapter 9. An account of work performed prior to the testing in order to
bypass certain ID3 problems and to optimise the execution efficiency of the

rules now follows.

7.2.1 Modifying the rule set of search one

Removing the *unsuccessful’ examples left 138 examples. The distribution of
the examples is shown in Table 34.

Prior to the execution of the algorithm a change to the training set was made.
This involved a reduction of the set of attribute values assignable to the
fourth positive peak (P4). In particular, all references to the label 'right’ were

renamed ’ok’. The reasons behind this were that P4 lies to the right side of
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Table 34 Distribution of examples per class category

Class Number of examples
Carry-On 104
End-of-process 34
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the ok-range only a few times (8 out of 138). Also, the objective of the expert
operator was to place P4 to the far right of the display, irrespective of the
exact position. The modified example set was fed to the algorithm and a new
decision tree, incorporating the changes, was generated. It is worth
mentioning that identical examples were not used. That way the possibility
of elevating an attribute’s significance was reduced.
The decision tree had 34 leaves classified as empty and two leaves with the
clash class (the two terms have been defined in the previous chapter). Before
continuing any further it was thought to be beneficial to investigate the
nature of the clashes. This involved finding those examples that contributed
to each clash.
Table 35 displays the two ’clash’ rules. The first clash arose due to the
difference in class of the following two examples.
P1 p2 p3 p4 rl r2 class example

number
1.397269 1.399436 1.40472 - 62 - end 65
1.397262 1.399425 1.404553 - 58 - carry-on 95
Example 65 reports an end-of-process whereas example 95 a carry-on. It
became apparent that example 65 was wrongly classified. The operator should
nof have ended the process at that stage. The value of the first negative peak
(R2) was not identified. Ending a stopband tuning process when unknown
values are present contradicts the existing knowledge. The expert had
mentioned the need for the two negative peaks to be about the same level for
the filter to be tuned. This is not possible when one of the values is missing.
Further class revealed that the expert never terminated a stopband tuning

if a value was missing. The class of example 65 was then changed to carry-on.

Another matter to notice is that example 65 was not used when the ok-ranges
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Table 35 Rules with a clash action

Rule Number: One Two
if d3 is absent if d3 is ok
and pl is ok and p3 is ok
and p2 is ok and 12 is ok
and d1 is ok
and rl is ok
and d4 is ok
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were specified, because of the appearance of unknown values, so there was
no need to re-calculate the ranges.

The second clash was of a different nature. Ten of the twelve contributing
examples had an ’end’ outcome. Because of the vast difference (10-2) the
majority ruled so the classes of the two examples were changed to ’end’. The
ranges were then re-calculated in order to take into inspection of the rest of
the examples with an end-of-process account the two examples and the
transformation of the numerical values to logical values took place again. The
new decision tree generated 58 rules which determined the class an example
took. The values were carry-on, end or empty. There were no clash rules
anymore. Table 36 shows the distribution of rules per class. Work undertaken
was cqncerned with the identification and, possible, removal of the empty
rules. The thirty-three empty rules had in common that the attribute of the
first if-branch was Diff3. Diff3’s value is calculated by subtracting the first
positive peak (P1) from the fourth positive peak (P4). In thirty-one rules out
of 33 Diff3 had the value ’ok’. In order for Diff3 to take this value then both
peaks (ie. P1 and P4) must be present. Bearing this in mind, each empty rule
was examined.

Two empty rules were eliminated since they héd an additional if-branch
which stated that P1 is absent. This implies that Diff3 cannot be ’ok’ while P1
is absent, ie. this rule will never apply. Similarly, two more empty rules were
removed since Diff1 is absent appeared in the left hand side of the rule. Diff1
is calculated by subtracting P1 from the second positive peak (P2). In order
for Diffl to be absent then either P1 or P2 or both are absent. If both are

absent or if P1 is absent then Diff3 can never be in the ok-range. If P1 is
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of clash rules

Table 36 Distribution of rules per class after elimination

Class Number of Percentage
rules

Carry-on 13 22.41

Empty 33 56.90

End-of-process 12 20.69
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present then P2 must be absent. But a further if-branch states that P2 is
right. Since it is impossible for this situation to arise the empty rules were
erased.
It was mentioned previously that one rule for determining the continuation
of the tuning is that every attribute must be known. Using this rule 13 empty
rules were initially changed to carry-on rules. Then it was recognised that
they were redundant rules since they can be replaced with a set of rules
which state that if any attribute is missing then class is carry-on.
Furthermore, two more empty rules were eliminated. The reasons for their
dismissal will be explained since these rules demonstrated a drawback of the
ID3 algorithm. One of the rules stated:

if Diff3 is ok

and P3 is ok

and Diff1 is right

and R2 is ok

and Diff4 is absent

then class is empty
For Diff4 to be absent then either P2 or P3 or both are missing. But P3 is ok
appears as an if-branch, so P2 might be missing. This argument is also
invalid since Diff1 is right appears which implies that both P1 and P2 are
present. Therefore, P2 cannot be missing, causing this rule to be unnecessary
since all of the conditions can never occur. This is a demonstration of the ID3
problem known as irregular branching. The algorithm could not possibly
determine that branching for Diff4 is absent is not actually possible. Table 37

presents the new distribution of rules per class.
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Table 37 Distribution of rules per class after elimination of empty rules

Class Number of rules Percentage
Carry-on 18 40.00
Empty 15 33.33
End-of-process 12 26.67
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7.2.2 Simplifying the rule set of search one

Tree generation inevitably creates immense decision structures. While
comparing the various decision trees (see Chapter 6) the number of pre-
conditions was used as a criteria of what constitutes a well formed tree
structure. Work in this section describes how the number of pre-conditions
was reduced and efficiency was kept at the same level.

There exist two methods of creating an efficient and at the same time
understandable decision tree. The first method is known as windowing®. The
basic idea is to select a small subset of the examples (the window) rather than
the complete training set. A tree is then generated and the remaining
examples are tested using the tree. The incorrectly classified examples are
added to the window and the process is repeated until there are no mis-
classifications. This technique has been tested in a series of experiments® and
it was found to have some problems of its own. In the filter domain the
technique was not considered firstly due to the small collection of data and
secondly due to the presence of noise in the data.

The second method is concerned with the pruning of decision trees. Quinlan*
proposed and empirically compared four techniques. One technique,
simplifying the production rules, was proved by Quinlan to be especially
powerful since it matched or outperformed the rest of the techniques on nine
out of twelve tests. Therefore this technique was implemented for the tree of
the first search of the stopband. First, the decision tree was compiled into
production rules. The extraction of production rules was achieved by following
a path through the tree to one of the leaves.

The technique will be better explained using an example. As an illustration
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of the process the rule in Table 38 will be considered.

Step 1 For every condition branch a 2 x 2 contingency table is created. Table
39 shows the contingency table created for the first condition branch, i.e,
Table 38, condition 1. The numbers in the cells were obtained from the
training set. The number in cell a represents the number of examples (of the
training set) that satisfy the condition (i.e. the entire left hand side) and
| belong to the carry-on class (i.e. the one given by the rule). The number in cell
b represents the number of examples (of the training set) that satisfy the
condition (i.e. the entire left hand side) and belong to any other class other
than the one given by the rule. In this case this means the end-of-process
class. The number in cell ¢ represents the number of examples (of the
training set) that belong to the class given by the rule G.e. carry-on) without
satisfying the condition (i.e. it is irrelevant what value d, takes). The number
in cell d represents the number of examples (of the training set) that do not
belong to the class given by the rule (i.e. carry-on) and do not satisfy the
condition (i.e. it is irrelevant what value d, takes).

Step 2 Having created the table the necessity of the presence of the condition
is examined. In other words the effect of its removal on the accuracy of the

rule is observed. The accuracy, with the condition present is estimated* as

where C, represents the probability of needing the condition, whereas the

accuracy, without the condition present is estimated* as

_a+c-0.5

2 a+b+c+d

where C, represents the probability that the condition arose by chance.
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' Table 38 A sample rule to demonstrate post pruning

Condition 1 if d3 is ok
Condition 2 and p3 is ok
Condition 3 and d1 is ok
Condition 4 and r2 is right
Condition 5 and p2 is right
Condition 6 and d7 is right
Action then carry-on

Table 39 Contingency table for the first condition of rule of table 38

Carry-on class End-of-process class
Keep first condition

a2 b0
eliminate first condition

c4 do
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If C, > C, then the condition is dropped, otherwise it is kept. For the above
example, C,=0.75 and C,=0.917, therefore the condition is dropped.

Steps 1 and 2 are repeated for all conditions of the original rule (i.e. no
conditions are dropped at this stage). For our example the first three
conditions and the fifth condition were found to be non-contributors, hence
they were eliminated. The process is then carried out for the remaining
conditions until the stage where no condition can be dropped is reached. For
the rule example only the last condition was retained (i.e. d, is right).

Step 3 A certainty factor in a percentage form, given by the calculation of C,
times 100, is assigned to the simplified rule. For our example the simplified
rule has a certaihty factor of 86.5 per cent.

Unfortunately the elimination of conditions and/or the calculation of the
certainty factors cannot be done using the expert system shell. This is a
facility worth having in order to save time on tedious tasks. The allocation of
a certainty factor to a rule was also unavailable with the Xi-Plus package.
This again would had been of value when considering conflict resolution (i.e.
resolving the problem of which rule to choose when more than one rule
applies). The only solution was to include the certainty factor by hand in the

right hand side of the rule and the user to solve the conflict.

7.2.3 Evaluation of reduced rule set of search

one

The examination of the significance of conditions resulted in the discarding
of rules. This was true when the entire left hand side of certain original rules

were found to be irrelevant. Table 40 presents the new distribution of rules
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Table 40 Distribution of rules per class after post pruning

Class Number of rules Percentage
Carry-on 15 39.47
Empty 15 39.47
End-of-process 8 20.06
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per class. The next stage was to determine how well the cut down rule set
functioned. This involved the evaluation of how the new set of rules
performed on the training examples.

Table 41 presents the successful results obtained. Notice the low success
performance of the reduced set. This was especially true for the examples
with end-of-process class. This though can be misleading as will be shown.
Table 42 presents the unsuccessful results obtained. Unsuccessful being
either when the wrong class or a clash is given. Clash situations arise due to:

(1) more than one rule applies but all rules have the same class, or

(ii) more than one rule applies but the rules have different class.
The wrong outcome state arises due to:

(iii) X outcome is expected and something else is generated.
Breaking down the end-of-process unsuccessful results it was found that all
34 were due to clashes. Twenty-two of them because of category (i) and 12
because of category (ii). Since all 22 clashes were generated by rules with end-
of-process as their class can be allocated to the success region. Examination
of the carry-on unsuccessful results showed that 32 were due to clashes and
2 due to category (iii). Unfortunately no action can be taken to correct
category threé errors. Concentrating on category (ii) clashes for both classes
a heuristic rule was used in order to eliminate some of them. The heuristic
rule adopfed states: choose the rule with the higher certainty factor. This way
4 end-of-process and 30 carry-on category (ii) clashes were resolved and
allocated to the success region. Tables 43 and 44 present the new right and
wrong classification figures respectively. The tables show that the elimination

of some rules and the improvement of the comprehensibility of the rest with
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Table 41 Testing reduced set of rules with training set

Number of examples in training set 138

Successful classification 72

Number of examples in training set with | 36

end-of-process classification

Successful end-of-process classification 2

Number of examples in training set with | 102

carry-on classification

Successful carry;on classification 70
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Table 42 Testing reduced set of rules with training set

Number of examples in training set 138

Unsuccessful classification 66

Number of examples in training set with | 36

end-of-process classification

Unsuccessful end-of-process classification | 34

|

Number of examples in training set with | 102

carry-on classification

Unsuccessful carry-on classification 32
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Table 43 Testing reduced set of rules with training set

Number of examples in training set 138

Successful classification 128

Number of examples in training set with | 36

end-of-process classification

Successful end-of-process classification 28

Number of examples in training set with 102

carry-on classification

" Successful carry-on classification 100
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Table 44 Testing reduced set of rules with training set

i Number of examples in training set 138
" Unsuccessful classification 10
Number of examples in training set with | 36
end-of-process classification
Unsuccessful end-of-process classification | 8
Number of examples in training set with 102
carry-on classification
Unsuccessful carfy-on classification

Table 45 Distribution of examples per class category (search 2)

Class Number of examples
cda 32
cdc 29
c7a 22
c7c 21
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subsequent faster execution resulted in an insignificant percentage drop of
classification accuracy in comparison with the classification accuracy prior to
pruning.

7.2.4 Modifying the rule base of search two

Removing the ‘unsuccessful’ and the end-of-process examples left 102
examples. The distribution of the examples is shown in Table 45. It was not
possible to judge the rules about irregular branching etc. so the number of

clash and/or empty rules could not be reduced.

7.2.5 Simplifying the rule set of search two

Work, similar to the one described in Section 7.2.2, was undertaken resulting
in twelve rules being removed altogether. Table 46 shows the new

distribution of the rules.

7.2.6 Evaluation of reduced rule set of search

two

No evaluation was performed due to time constraints.

7.3 Induction of decision tree for the passband

region

Four more visits to Newmarket Microsystems produced a total of 196
examples for the tuning of the passband region. The nine attributes, different
to ones used for the stopband, employed for the tuning of the passband are
the following:

(i) Ripple (see explanation below in text)

(ii) Low Passband (passband value at 1.4005 MHz)
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Table 46 Distribution of rules per class (search 2)

Class Number of rules
cda 16
cdc 7
c7a 10
| c7c 7
empty 101
clash 11
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(iii) High Passband (passband value at 1.4025 MHz)

(iv) Insertion Loss (see explanation below in text)

(v) Carrier rejection (attenuation at reference frequency)

(vi) Low Stopband (stopband value at 1.3993 MHz)

(vii) High Stopband (stopband value at 1.405 MHz)

(viii) Low Stopband Return (see explanation below in text)

(ix) High Stopband Return (see explanation below in text)

The selected attributes are outlined in Figure 16. Low refers to the left side
of the response. High refers to the right side of the respoﬁse. A program was
written, in HP-Basic, with the help of the expert in order to automate the
extraction of the attributes. The program samples the response, at
appropriate points, in order to find the values for the attributes. Fifty-one
sample points are used for attributes (viii) and (ix) and twenty points for the
ripple. For example, the sampling for the calculation of the ripple starts at
1.4008 MHz and ends at 1.402 MHz. The maximum and the minimum sample
are found and their difference is the ripple. The minimum sample of the
ripple is the insertion loss. The low and high stopband returns are calculated
similar to the insertion loss but the sample ranges are 1.38 MHz to 1.398
MHz and 1.406 MHz to 1.42 MHz respectively. Prior to the generation of
examples for the passband tuning two assumptions had to be met:

(o) The stopband had already been tuned, and

(B) the three components (Tl,‘TZ, T3) were, almost, screwed in.

Strictly speaking, this part of the system does not deal with the passband
only. It incorporates further tuning of the stopband, if the need arises.

Therefore, the set of possible components (i.e. classes) comprise of all the
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Figure 16: Magnitude response showing the attributes used for the tuning of the
passband. The Low Stopband Return is the minimum attenuation (dB) measured
between the f;=1.38 MHz to f,=1.398 MHz range. The High Stopband Return is the
minimum attenuation (dB) measured between the f;=1.406 MHz to f,=1.42 MHz
range. The Low Stopband attenuation (dB) is measured at f;=1.3993 MHz. The High
Stopband attenuation (dB) is measured at f;=1.405 MHz. The Carrier Rejection
attenuation (dB) is measured at f;=1.4 MHz. The Ripple is the difference between the
maximum and minimum attenuations measured in dB’s between 1.4008 MHz and 1.402
MHz. The minumum attenuation (dB) measured in this range is the Insertion Loss. The
Low Passband is the attenuation (dB) measured at f;=1.4005 MHz. The High Passband
is the attenuation (dB) measured at f;=1.4025 MHz.
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tunable components.

7.3.1 Partition of search spaces

The search spaces were partitioned as for the stopband region. This meant
that search one specifies the conclusion or not of the tuning process, search
two the appropriate component and direction combination and search three

the distance to turn.

7.3.2 Search one rule set

Unlike the stopband, this time the expert had knowledge of the range of
values in which each attribute must lie to be considered tuned (i.e. the ok-
range). The specification, after a couple of revisions, is given in Table 47.
Therefore a single rule stating that if every attribute is within the ok-range
then the process can stop was sufficient. Obviously, if any of the attributes
did not conform to this then the tuning process was to be continued. With Xi-
Plus this was represented as a default rather than a rule. The rule was
augmented after some initial testing by including one more condition in the
left hand side: the low stopband return and high stopband return values
should also be close to each other (i.e. their difference is less than 3 db). An
analysis of the distribution of values, for each attribute, for all the collected
examples confirmed the suitability of the specification. Table 48 gives the
distribution values of the attributes collected during the acquisition of the
training examples. It can be seen, for example, that the ripple is within the
ok-range for all examples with end-of-process class. The same applies for the
rest of the attributes except for the two return attributes. These attributes

had one or two values not within the ok-range but still the expert terminated

167



Table 47 Specification for attributes used in the passband

" high stopband return

Attributes Acceptable Values (db)
ripple 0-1
insertion loss 0.5-5.0
carrier rejection > 10
I low stopband > 45
high stopband > 45
{ low passband < 4
high passband <4
low ;topband return > 45
> 45
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