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Abstract

This thesis investigates applications of neural networks to the adaptive control of
smooth dynamic systems. The ‘adaptive’ component of such control systems relies on the
learning capability of feedforward neural networks. Therefore several existing neural paradigms
are compared and their strengths and weaknesses illustrated with respect to various types of data
sets.

The problem of predicting network performance prior to construction is addressed by a
novel algorithm, the Gamma test, developed by Adalbjorn Stefdnsson, Professor Antonia J.
Jones and myself. The Gamma test is a data analysis routine which estimates the best mean
squared error of a dependent variable which can be achieved by any continuous or smooth data
model without overfitting the data. The utility of the Gamma test is demonstrated on the sunspot
data set (Weigend).

Techniques to facilitate the automated construction of an applicable neural network
architecture are examined. A new learning algorithm termed Merabackpropagation is
introduced and tested. Metabackpropagation proves capable of incrementally and efficiently
constructing both weights and architecture.

The theory of higher-order networks (Giles), whose outputs can be made invariant to a
given group of geometrical transformations, is given a detailed mathematical treatment and
illustrated using a pattern recognition problem in Petroleum Well Modelling (Kumoluyi).

The Gamma test, Metabackpropagation, and invariance transformations of input space
are applied to the problem of satellite attitude control. A general adaptive model of locally direct
inverse control is developed and demonstrated for both attitude thrusters and momentum wheel
control systems. The neural control system begins by emulating a conventional (Meyer) control
heuristic for which stability results are available and hence applicable in normal operating
conditions. If adaptation is required, with very modest computational requirements the system
proves capable of retaining control in the face of large, a priori unknown, torques which left to

themselves would induce chaotic motion.
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Chapter 1

INTRODUCTION

The beginning is always the most exciting part!
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Optimisation methodologies for direct inverse neurocontrol

1.1 Introduction

The information based, post industrial society of today is becoming progressively more
automated. Self controlling systems such as manufacturing robots and other machines and
appliances are becoming commonplace. In many cases there is no requirement for a particularly
sophisticated control system, but for others it is essential. Aircraft auto-pilots are not robust in
the face of turbulence, unmanned spacecraft can be so far away that Earth based commands
would simply take too long to arrive when the requirement to react to sudden and unexpected
situations arises. Flexible manufacturing systems wear and require expensive maintenance to
continue to function within desired parameters. Replacing human expertise in tasks that are
boring and repetitive, such as detecting product defects on an assembly line and taking
corrective action, is a clear requirement in many situations. Thus there is a pressing need for
intelligent, self-adaptive control systems which can cope with the ever increasing demands of
modern technology.

Neural networks are a natural candidate for such intelligent and self-adaptive control
systems although not the only one. In general, neural networks have the capability to learn from
experience and to then apply that knowledge to new situations. Neural networks perform well in
noisy environments, they degrade gracefully with hardware failure, and the cost of using them is
already very affordable.

There are still a number of open questions as to which neural network paradigm,
training algorithm, training parameters, network architecture are the most suitable for a given
problem. Extensive research is being carried out on these open questions and with time it is not
unreasonable to suppose that many will be solved satisfactorily.

Research into the use of neural networks in control applications, including process
control, robotics, and aerospace applications, among others, has recently begun a pattern of very
rapid growth. Neurocontrol [Werbos 1974] [Werbos 1992] is important because it offers the
possibility of enabling the automated control systems which could not be controlled in the past,
for one of two reasons: the cost of implementing a known control algorithm, or the difficulty in

finding such an algorithm which is robust when applied to complex, noisy, non-linear problems.
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In addition neurocontrol might offer reduced development times for control algorithms and the
possibility of real-time adaptive performance in a standardised module. Empirical results to date
have been very encouraging.

However, existing non-linear adaptive control technology offers some cautionary advice
for those who envisage the rapid introduction of neurocontrol. The first non-linear adaptive
control systems were proposed in the late 1950's, particularly for use in high performance
aircraft. In fact such controls were not widely used in practice and a significant reason for this
was the lack of a satisfactory mathematical theory for their operation and in particular the lack
of a proper stability theory, which plays a key role in conventional (non-adaptive) control. It has
taken some 30 years of work to derive a satisfactory stability theory for conventional adaptive

control (self tuning regulators and Model Reference Adaptive Control systems).

1.2 Objectives

The purpose of this thesis is to investigate methodologies for optimising neural network
performance as well as fully automating their construction and training. Once this first objective
has been met the new techniques are then applied to the direct inverse neurocontrol of a satellite
in chaotic motion in order to demonstrate their usefulness and effectiveness in hard real world

control problems.

1.3 Scope of research

This work is concerned with optimising the process of building adaptive systems. A
novel algorithm for the selection of optimal inputs for a given problem is investigated. The
problem of finding optimal inputs is also investigated from the viewpoint of specifying the
problem in an invariant way, which is done using Lie Group theory. Secondly, a novel method
for feedforward neural network architecture selection and subsequent training, without any user
intervention in the form of parameter tuning or specification, is investigated. In the end all the
tried and tested tools that have been developed are taken and applied to the problem of

controlling a highly non-linear dynamic system using direct inverse neurocontrol.
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