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Abstract

In contrast to linear adaptive control, adaptive design techniques for nonlinear systems
have yet to be established for a general class of nonlinear structure. Most of the current
approaches to nonlinear adaptive control, such as sliding control, input-output lineari-
sation and the popular feedback linearisation, primarily deal with systems where the
uncertainty is due to unknown parameters which appear linearly with respect to the
known nonlinearities. Artificial neural networks have offered an alternative approach to
solve a more general class of nonlinear problems. In particular, it is their ability to form
an arbitrarily close approximation of any continuous nonlinear function and their inher-
ent adaptivity, that has generated much of the research into the use of neural networks

for the identification and control of nonlinear systems.

This thesis is concerned with the development of a stable neural network based adaptive
control scheme for discrete-time nonlinear systems. The scheme is based on the model
reference adaptive control design methodology with a multi-layered neural network gen-
erating the model reference control. The neural adaptive control framework is developed
for arguably the least analytically tractable nonlinear system, namely general multi-input
multi-output non-affine discrete-time dynamic systems with unknown structure. The rel-
ative degree and order of the system and the maximum lag in the plant input and plant

output terms are the only a priori knowledge assumed.

Critical to any model reference adaptive control approach is the convergence of the
tracking error and the stability of the closed-loop system. Therefore, an enhancement
is proposed to the model reference neural adaptive control scheme which enables the
derivation of sufficient conditions to guarantee the convergence of the tracking error

between the controlled output and the desired response. Lyapunov theory is used to

vi



guarantee the stability of the closed-loop system.

Simulation studies undertaken demonstrate the effectiveness of the proposed scheme in
controlling discrete-time nonlinear systems which may consist of non-idealities such as
nonminimum phase or marginally stable behaviour, as well as dynamic, sensor or load
disturbances. The robustness of the new neural adaptive control scheme to dynamic
variations and uncertainties is also demonstrated. The practical feasibility of the new
approach is investigated through its application to an automobile anti-skid brake system.
Despite the highly nonlinear and time-varying dynamics of the vehicle/brake system,
the simulation study results indicate that the proposed neural network based anti-skid
brake system can provide effective braking performance even under severe variations in

environmental conditions.

From the research presented in the thesis, it is concluded that the use of artificial neural
networks in the adaptive control of nonlinear systems indicates much promise for the
future. Furthermore, the results of the work provide a basis for the development of

practical neural adaptive controllers.
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Chapter 1

Introduction

1.1 Background and Motivation

1.1.1 Linear Control Theory

It is well known that linear control is an established field for which there exists both a
sound theoretical background and a substantial record of successful industrial applica-
tions. There are two main approaches for the study of linear control systems, namely
classical control and state-space (modern) control. Classical control approaches were
developed mainly between the 1930’s and the 1950’s and they are based on frequency
response techniques using, for example, root locus and bode plots. A typical classical
controller which is still used extensively in industry is the proportional plus integral plus
derivative (PID) controller. More sophisticated controller design methods such as linear
quadratic regulators (LQR), linear quadratic Gaussian (LQG) controllers and estimated-
state feedback controllers have emerged since the 1960’s. These state-space design meth-
ods have arisen because of the ability to express the solutions to some optimal control
problems in the form of a feedback law or controller. Linear control theory is generally

restricted by the assumption that the plant and controller are linear time-invariant (LTI)



systems. These systems can be represented either in the state-space form

(t) = Az(t)+ Bu(t) o z(k+1) = ®x(k)+ Tu(k)
y(t) = Cz(t)+ Du(t) y(k) = Cz(k)+ Du(k) (L.1)
continuous-time discrete-time

where z € R™ is the state vector, u € R" is the input vector, y € R™ is the output vector,
A is an n X n matrix, B is an n X r matrix, C is an m X n matrix, D is an m X r matrix,

® is an n x n matrix and I' is an n X 7 matrix, or as input-output transfer functions

N(s S(z
G(s) = o5 H(z) = 2} (1.2)
continuous-time discrete-time

where N(s) and D(s) are the numerator and denominator polynomials in the s-domain,
and S(z) and R(z) are the corresponding polynomials in the z-domain. In the “real
world” the concept of a linear time-invariant system is, however, a mathematical abstrac-
tion. All physical systems are nonlinear to some degree. Nonlinearities can be classified
as either inherent (natural) nonlinearities which arise from the system behaviour or the
hardware used, or intentional (artificial) nonlinearities which are artificially introduced
into the system. Some typical examples of inherent nonlinearities resulting predomi-
nantly from the hardware in the system are saturations, hysteresis and deadzones. Drag
on a vehicle, gravitational forces on satellites and the frictional effects of a road surface on
a vehicle/brake system are examples of naturally occurring nonlinear system behaviour.
Examples of intentional nonlinearities are adaptive control laws, robust control laws, and

bang-bang optimal control laws.

Regardless of the exact nature of the nonlinearities, there is one fact that is quite ap-
parent - the behaviour of nonlinear systems is far more complex than linear systems.
In particular, many of the inherent properties of linear systems, which greatly simplify
the solution for this type of system, are not valid for nonlinear systems. For example,
the principle of superposition, which is a fundamental property of linear systems and,
in fact, is also the basis of the definition of a linear system, does not apply to nonlinear
systems. Therefore, several mathematical procedures used in linear systems cannot be
used in nonlinear systems. Moreover, unlike their linear counterparts, the stability of

nonlinear systems is not just a simple function of the location of its eigenvalues. Instead,
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it depends on the initial conditions and the nature of the input signal, as well as the sys-
tem parameters. In fact, a nonlinear system that exhibits a stable response for one type
of input may not have a stable response for another type of input. The rich and complex
behaviour of nonlinear systems has given rise to a number of stability concepts such as
asymptotic stability, exponential stability and global asymptotic stability. Furthermore,
a nonlinear system excited by a periodic signal may not result in steady state outputs
of the same frequency as the input. Higher harmonics, sub-harmonics or even chaotic
behaviour (continuous spectra) can occur in the output of the nonlinear system. Also, an
unforced nonlinear system may also display limit cycle behaviour (periodic oscillations

of a fixed frequency and amplitude) which does not exist in stable linear systems *.

The above and many other properties demonstrate that the analysis of nonlinear sys-
tems is far more complex than that of linear systems. Unlike their linear counterparts,
nonlinear equations cannot, in general, be solved analytically. Therefore a complete
understanding of the behaviour of nonlinear systems is difficult to obtain. Further-
more, mathematical tools such as the Laplace transform method, the transfer function
approach, and the state-space formulation commonly utilised in linear control theory,
cannot be used for nonlinear systems. Consequently, there are no conventional methods

for analysing, or systematic procedures for designing, general nonlinear systems.

The common approach to deal with mild nonlinear systems which have sufficiently
smooth, continuously differentiable nonlinearities is to use a linear approximation model.
This is obtained by linearising the system about a known nominal solution or operating
point. In this approach, it is assumed that a nonlinear system behaves similarly to its
linearised approximation for a small range around the nominal solution, thus allowing
linear control approaches to be used. This reasoning is the principle justification for us-
ing linear control theory in practice. The above approach is often referred to as Jacobian
linearisation, small-signal theory or theory of small perturbations and can be illustrated

by the following equations:

1Similar oscillations can be found in marginally stable linear systems. However, the amplitude of
the oscillations in a marginally stable linear system is dependent on the initial conditions, whereas the
amplitude of the limit cycle oscillations is independent of the initial conditions. Furthermore, limit
cycles are generally robust to parameter changes, whereas marginally stable linear systems can be made
stable or unstable via small changes in the system parameters.



Consider a general continuous-time nonlinear system described by the state equation

P — (1.3)
where f(.) is a continuously differentiable nonlinear function.

Suppose a nominal solution {z,(t), u,(t)} is known. The difference between the nominal

vector functions and some slightly perturbed functions z(t) and u(t) can be defined as

b = z(t) — z,(t)

Su = u(t) — uu(t) (1.4)
Therefore, equation (1.3) can be written as

Tn+ 6z = f(zn+ 6z,u, + bu,t)

_ af of :
= f(zn,tn,t) + [%] ) ér + [%L du + higher order terms  (1.5)

where [.]  indicates that the derivatives are evaluated at the nominal solution {z =

Tp,U = Up}.

Since the nominal solution satisfies equation (1.3), the first terms in the above Taylor
series expansion cancel. For small perturbations (6z,8u) (hence the name “theory of
small perturbations”) the higher order terms can be neglected. Therefore equation (1.5)
becomes

§i = Abz + Béu (1.6)

where A = [%] denotes the Jacobian matrix of f with respect to z at {z = z,,u = u,}
and B = [%ﬁ denotes the Jacobian of f with respect to u at the same point. The
above system (1.6) is the linear approzimation of the original nonlinear system (1.3) at

the nominal solution.

If z,(t) is a constant z. and if u,(t) = Su(t) = 0, then the stability of the equilibrium
point z. is governed by

8§ = A 6z (1.7)

where 6z = z — z. and the Jacobian matrix A is a constant. The relationship between

the stability of the above linear system (1.7) and that of the original nonlinear system



(1.3) is elucidated by Lyapunov’s linearisation method.

THEOREM 1.1.1 Lyapunov’s Linearisation Method

o If the linearised system is strictly stable (i.e., if all the eigenvalues of A are in the
left half of the s-plane), then the equilibrium point z. is asymptotic stable (for the

actual nonlinear system),

o If the linearised system is unstable (i.e., if at least one eigenvalue A is strictly in the
right-half of the s-plane), then the equilibrium point is unstable (for the nonlinear

system),

o [f the linearised system is marginully stable (i.e., at least one eigenvalue of A is on
the jw azis and the others are in the the left-half of the s-plane), then no conclusion
about the stability of the equilibrium point can be obtained from the linear model

(i.e., T may be stable, asymptotically stable or unstable for the nonlinear system),

where the following definitions apply:

DEFINITION 1.1.1 A state z* is an equilibrium state (or point) of a dynamic system

if once the state vector x equals z*, it remains equal to «* for all future times, i.e., given

the system @ = f(z,t), then the equilitbrium state z* satisfies f(z*,t) =0 Vt.

DEFINITION 1.1.2 The origin (z = 0) is a stable equilibrium point if, for any R > 0,
there exists r > 0, such that if ||z(0)|| < r, then ||z(t)|| < R for allt > 0. Otherwise, the

origin is said to be an unstable equilibrium point.

DEFINITION 1.1.3 The origin is an asymptotically stable equilibrium point if it is

stable and if in addition there exists some r > 0 such that ||z(0)|| < r implies that

z(t) — 0 as t — oo.

Theorem 1.1.1 is very useful because it demonstrates that stable design by linear control

guarantees the local stability of the original physical system [218]. The above J acobian
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linearisation approach has been successfully used in many applications such as missile
autopilots {25, 211], ship autopilots [97] and weapon systems [17]. Furthermore, the
use of a linearisation approach for applications such as satellite attitude control, aircraft

autopilots and engine control are considered in [54].

Given the many practical successes of applying linear control theory to nonlinear systems
via linearisation approaches, the question which is often posed is “What is the motivation

behind the extensive research recently conducted into nonlinear control theory?”

A number of reasons can be provided to answer this question. Firstly, the Jacobian
linearisation approach described above relies on the assumption that the region of op-
eration is small in order that the linear model is valid. If this is not the case, then the
inherent nonlinearities in the system may result in a poorly performing or even unstable
linear controller. In contrast, a nonlinear controller would most probably be able to deal
with the nonlinearities over a large region of operation. Secondly, in the linear control
approach to nonlinear systems, it is usually assumed that the system model is indeed
linearisable, i.e., the nonlinearities are continuously differentiable. Often this is not the
case, particularly if the system includes discontinuous nonlinearities such as dead-zones,
hysteresis and saturation. As hard linearities such as these often result in instabilities or
limit cycle behaviour, nonlinear control methods must be employed to compensate for
them. Thirdly, in linear control it is generally assumed that the system parameters are
invariant and well known. However, many systems are subject to parametric or dynamic
uncertainties and/or variations. These may arise because of a slow time variation of
the parameters (e.g., parts fatiguing, corroding or otherwise deteriorating with time) or
abrupt changes in parameters or dynamics (e.g., a change in road friction when a vehicle
moves from one road surface to another). A linear controller based on such a system
may perform poorly or even be unstable. Nonlinear control approaches such as robust
control, adaptive control and neural control, by their very nature, are able to tolerate
or compensate for such disturbances. Finally, as most physical systems are inherently
nonlinear by nature, it is more intuitive and even natural to design nonlinear controllers
for them. In addition to the above limitations of linear control approaches (and advan-
tages of nonlinear control methodologies), traditional concerns about the computational

complexity and intensiveness of nonlinear control techniques have been overcome with
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the advent of powerful and inexpensive digital signal processing (DSP) chips and micro-
processors. Hence the above factors plus the need for more accurate and reliable control
techniques have made nonlinear control an extremely dynamic area of research and de-
velopment in recent years. This is evidenced by the substantial research work done in
this area such as in [22, 69, 90, 108, 112, 168, 176, 218], and in recent American Control
Conference Proceedings, IFAC World Congress Proceedings or IEEE Transactions on

Automatic Control.

1.1.2 Nonlinear Control Theory

The conventional design approaches for nonlinear controllers can be categorised into a
number of classes, namely robust contro! [47, 218], gain scheduling [9, 199], feedback
linearisation [90, 173] and adaptive control [167, 207].

In robust control approaches such as sliding control and H,, the controller is designed to
effectively account for parameter uncertainty and the presence of unmodelled dynamics.
The typical structure of a robust controller consists of a nominal part, similar to a
teedback linearising law or an inverse control law and an additional term which aims
to deal with the model uncertainty. Robust control has been an active area of research
and has proved to be very effective in a number of practical control problems, including
aircraft control [1], power system stabilisers [121], ship tracking [149], vehicle traction
control systems [230], and robotics [114, 224, 257]. For a more detailed discussion of
robust control techniques the books by Slotine and Li [218] and Dorato et al. [47] and

the collection of papers edited by Dorato et al. [46, 48] are recommended.

Gain scheduling is an attempt to apply linear control approaches to the control of non-
linear systems. The central idea is to select a family of operating points which cover the
range of operation for the nonlinear system. For each of these operating points an approx-
imate LTI model of the nonlinear plant is obtained, usually via the Jacobian linearisation
procedure. A linear controller is then designed for each of the linearised models. Based
on the measured signals, an estimate is made of the operating point closest to the current

plant state and the corresponding linear controller is scheduled. The overall nonlinear



controller for the nonlinear plant is obtained by interpolating or “scheduling” the gains
of the local operating point designs via a selection algorithm. Gain scheduling is a con-
ceptually simple approach which has been applied to a number of applications such as
ship autopilots [98] and flight control systems [172, 193, 249]. Several other applications
of gain scheduling such as pH control, engine control, and the control of rolling mills are
briefly discussed in [9]. One advantage of gain scheduling is that it allows the incorpo-
ration of linear robust control approaches into nonlinear control design. However, gain
scheduling is computationally intensive due to the need to compute many linear con-
trollers. It also requires the plants to be linearisable and has limited theoretical stability
guarantees. Some of the other potential hazards of gain scheduling and their possible
solutions are addressed in [210]. Further details on this nonlinear control approach can

be found in [9, 199].

Adaptive control is an extremely active area of applied and pure research, as evidenced
by the large volume of literature in this area, for example [63, 69, 111, 167, 168, 176,
207]. It is also the framework chosen for many neural network based control approaches,
including the model reference based neural adaptive control scheme proposed in this
thesis. Therefore, it is pertinent to include a brief review of adaptive control techniques,
and in particular model reference adaptive control. Similarly, significant theoretical and
practical advances have been made in the area of geometric approaches to the control
of nonlinear system, i.e., feedback linearisation, input-output linearisation and output
feedback controllers. These approaches are arguably the most popular techniques for
controlling nonlinear systems, a fact supported by the significant body of work in this
area, for example [22, 35, 52, 56, 90, 135, 173, 218]. Furthermore, from a neural control
perspective, these techniques are also very relevant because many neural network based
control schemes are structured around a feedback linearisation framework [30, 31, 186,
234, 235]. Therefore, geometric approaches to the control of nonlinear systems will also
be reviewed and discussed in detail below. Furthermore, many of the definitions provided

in the review of these two nonlinear control disciplines will be used throughout the thesis.



Adaptive Control Theory

A common practical problem for researchers in the area of control systems is how to
develop improved control approaches for systems which encompass constant or slowly
varying uncertain parameters or nonlinearities. Typically such systems are difficult to
model. This has resulted in the development of an inherently nonlinear design approach
known as adaptive control. The basic concept of adaptive control theory is to estimate
the uncertain plant parameters and often the corresponding controller parameters on-
line based on measured values of the system output. These estimates are then used to
estimate the parameters of the control scheme to generate the appropriate control signal.

A block diagram of a generic adaptive control scheme is shown in Figure 1.1.

outputs
system

parameter
estimator

l

design
calculations

Figure 1.1: Block diagram of a generic adaptive control system

The field has progressed significantly over the past few years, both theoretically [4, 5, 66,
112, 163, 207] and from an application viewpoint (22, 35, 37, 56, 69, 176]. The growth of
the adaptive control discipline is highlighted by many books recently published in this
area [9, 90, 118, 167, 173, 218] and the growing number of adaptive control streams in
recent conferences such as the IFAC World Congress, American Control Conference and

IEEE Conference on Decision and Control.

Traditionally, adaptive control systems have been applied to linear systems in which there
is parametric uncertainty [4, 7, 39, 60, 66, 180]. However, more recently adaptive ap-

proaches have been developed for nonlinear systems [12, 92, 106, 137, 206, 237]. Adaptive



control approaches based on geometric concepts for nonlinear systems will be discussed in
the next section. Adaptive control methodologies for nonlinear systems based on neural

networks will be discussed in the remaining chapters of this thesis.

In the case of adaptive control methods applied to linear systems, the two most commonly
used approaches are model reference adaptive control (MRAC) and self-tuning regulators
(STR). These two approaches will be discussed in some detail as they form the basis of

some of the neural controllers considered in the following chapters.

(1) Model Reference Adaptive Control

The model reference adaptive control method was originally developed by a group of
researchers at MIT in 1958. A block diagram of such a system is shown in Figure 1.2.
The aim of the MRAC approach is to design a controller to generate the control variables
such that the output of the plant tracks the reference model output for a given bounded
reference input. This is achieved by adjusting the parameters of the controller via the
adjustment mechanism so as to minimise the error between the reference model and the

system. Briefly, the model reference model can be posed as follows:

Consider a plant P with the input-output pair {u(k),yp(k)}, where u(k) is the control

v,
SRRV LI
50

vector and y,(k) is thgé@je, \;ecti)/r Consider a stable reference model M given by the
input-output pair {r(k),ym(k)}, where r(k) is the bounded reference input vector and
the reference model output, y,,(k) is the desired output for the plant. The aim is to
design a controller to produce a control input u(k), such that the asymptotic tracking

error, er(k) = ym(k) — yp(k), is finite, i.e.,

lim | yn(K) — u5(k) |< ex (L8)

k—co

where e7 > 0 is a prespecified tolerance.

The reference model is chosen to reflect the ideal response of the system being controlled.
The choice of the reference model is part of the adaptive control system design. Generally,
it is chosen to reflect the desired closed-loop dynamics of the system, usually in terms
of performance specifications such as rise time, settling time, overshoot or frequency

domain characteristics. However, the structure of the reference model is also constrained
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controller

m:chmilnll \3:

—] ir plant

Figure 1.2: Block diagram of a model reference adaptive control system

by concepts such as its order and relative degree which are dependent on the assumed
structure of the plant. These constraints are placed to ensure that the desired response

is achievable by the plant.

There are two philosophically different approaches to model reference adaptive control:
direct and indirect control. In the direct control approach, the control parameters are
directly adjusted to meet the control requirements without the need to estimate the
plant parameters. In contrast, in the indirect control approach, the plant parameters are

estimated on-line and the control parameters are adjusted based on these estimates.

As mentioned earlier, the adaptation mechanism is used to adjust the parameters of
the controller to ensure that the tracking error converges to zero. Therefore, the main
emphasis of adaptive control design such as MRAC is to synthesise a parameter adjust-
ment scheme which guarantees the stability of the control system and convergence of the
tracking error. Much research has been conducted into developing appropriate adapta-
tion schemes for MRAC approaches [66, 88, 118, 156, 180]. In the original development of
MRAC, a parameter adjustment scheme known as the MIT rule was developed. The MIT
rule can be considered to be a gradient descent scheme where the controller parameter
vector 0. is adjusted as follows:
do

o= keVse (1.9)

where e denotes the model error, k is a parameter which determines the adaptation rate
and the components of the vector Vg e are the sensitivity derivatives of the error with
respect to the controller parameters. The main problem with the MIT rule approach

is that it is not possible in general to prove closed-loop stability or convergence of the
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tracking error to zero. However, it has been shown empirically and later proven analyt-
ically by Mareels et al. [134] that if the parameter & is small and the magnitude of the

reference input is small, then the MIT rule performs well.

The landmark paper by Parks [180] demonstrated that the system could be made more
stable by using a design procedure based on Lyapunov stability methods. This paper
eventually resulted in a shift away from gradient based schemes to adaptive control design
schemes based on stability methods [156, 165, 180]. Since then there have been several
papers on the design of MRAC schemes for linear systems [59, 116, 117, 150, 157, 164]
and, more recently, nonlinear systems [12, 162, 166, 214, 217]. Several survey papers
[4, 5, 66, 163] and books [9, 63, 118, 167, 168, 205] deal with the issues associated with

model reference adaptive control in more detail.

(ii) Self-Tuning Regulators

The self tuning approach to adaptive control was originally proposed by Kalman [100]
and later expanded upon by Astrom and Wittenmark [7] and Clarke and Gawthrop
[38]. As opposed to model reference adaptive control, which evolved from deterministic
servomechanism problems, self-tuning regulators (STR) arose in the context of stochastic

regulation problems. A STR system is shown in the block diagram given in Figure 1.3.

T 100p
r 4 u Y
———*=| controller plant
rameter
cantroller estimator
peamolery
n!
controller m;,r..‘d
design perametars
outer loop x

Figure 1.3: Block diagram of the self-tuning regulator scheme

The self-tuning regulator can be thought of as having two loops: an inner loop consist-
ing of the plant and a conventional controller with varying parameters and an outer loop
which is composed of a recursive parameter estimator and a controller design block which

adjusts the controller parameters. The underlying design problem (represented by the

12



controller design block) is to determine a relationship between the plant parameters and
the controller parameters on-line. However, as the plant parameters are unknown, they
are estimated by a recursive parameter estimation algorithm represented by the param-
eter estimator block. The controller parameters are then obtained from the estimates of
the plant parameters as if they are the true parameters. Such an approach is known as
the certainty equivalence principle. As the parameters of the plant are estimated prior
to obtaining the controller parameters, the STR scheme can be classified as an indirect
control approach. Such a scheme is also often referred to as an explicit STR. Implicit
self-tuning regulators are based on an implicit estimation of the system and a direct
update of the controller parameters. Therefore, implicit STR’s are closely related to a
direct model reference adaptive control scheme. The relationship between the various

schemes has been investigated thoroughly in [50, 118].

The popularity of the self-tuning regulator approach extends from its flexibility with
regards to the choice of controller design methodology and recursive parameter estimation
scheme. As a result there have been numerous papers which deal with extensions of the
original STR approach of Astréom and Wittenmark [8, 23, 39, 182, 188]. In particular,
controller designs based on techniques such as pole-placement, minimum variance and
LQG and recursive identification schemes based on the well known least squares, extended

Kalman filters and maximum likelihood, have been used.

Research on self-tuning regulators in recent year has continued on many fronts. The use
of STR’s in practical applications such as the ship steering problem [98, 127], industrial
and biotechnical process control [24, 45, 49, 107], power systems [123, 236] and automo-
tive control [233], to name but a few, has been investigated in recent years. As with
most adaptive control approaches, stability of the control scheme is of major concern.
Therefore, significant research has been directed towards addressing stability issues for
STR’s. It has been shown that for the ideal case the self-tuning regulator algorithm is
globally convergent [60]. More recently, Ydstie [252] has investigated the stability of a
direct STR in which unmodelled dynamics and disturbances are present. Another area
in which considerable effort has been directed is the use of self-tuning regulators for the
adaptive control of nonlinear systems [2, 28, 37, 256]. Of particular interest is the work

by Chen [28, 29, 30, 31] in which neural networks are used to identify the nonlinear
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system and are then used within an STR approach to regulate the system. This will be

discussed in more detail in the next chapter.

Geometric Approaches to the Control of Nonlinear Systems

(i) Feedback Linearisation

The theoretical developments in the design of feedback control schemes for nonlinear
systems can be classified as either asymptotic or geometric approaches. Geometric ap-
proaches [90, 173, 218] are restrictive but exact, whereas the asymptotic approaches
[108, 113] are less restrictive but approximate. However, as shown by Kokotovic [110],
the similarity of the approaches are such that the asymptotic approaches can be pre-
sented in a geometric framework. In this review, the emphasis will be on the geometric

approaches to the control of nonlinear systems [52, 90, 173, 218].

Research into the design of adaptive control schemes for nonlinear systems using geomet-
ric concepts has been extremely active since the early 1980’s. The results obtained so far
differ in the conditions they impose on the growth of the nonlinearities and/or the depen-
dence of the system on the unknown parameters [105] and the assumptions they make
about the system. The two most common assumptions are linear parameterisation and
full-state feedback. The linear parameterisation assumption, which has been adopted by
virtually all of the researchers in the field, requires that the unknown parameters appear
linearly with respect to the known nonlinearities. In the continuous-time case the system

considered is typically of the the form

& = fo(z)+[go(z) + g0, 2)]u + f(6,2)

y = h(z) (1.10)
where
P
f0,z) = > 0:fi(x)
1=1
P
9(0,z) = Y igi(x) (1.11)
=1
where £ € R™ is the state, u € R is the control, 6 = [f1,...,0,] is the vector of unknown

constant parameters belonging to {2, a closed subset of R?, f : R* x R* — R and
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g : R" X RP — R"™ are smooth functions, A : R* — R is the output function, fo, go, fi, gi

are smooth vector fields on R™ with go(z) #0V z € R* and f;(0) =0 for 0 < ¢ < p.

Note that such systems are affine in control, u. As the unknown parameters 6 are linearly
parameterized, they can be estimated using a standard recursive estimation algorithm
such as the recursive least squares algorithm [130, 221]. The linearising feedback con-

troller is then constructed in terms of the estimated parameters.

The second major assumption made in most of the geometric approaches developed so
far is that the full state variable is available to design the appropriate control. This is
known as the full-state feedback assumption. More recently approaches based on output

feedback only have been developed [104, 138, 139]. These will be discussed in more detail

later on.

The aim of state feedback approaches is to find a set of transformations of the form

v = u(z,v)=a(c)+ B(z)v
z = O(x) (1.12)

where z € R™ is the new state vector and v € RP is the new input, such that the nonlinear

system (1.10) is transformed into a linear system of the form
z=Az+ Bv (1.13)

in some region ).

Therefore, the problem is one of transforming the state space model of the nonlinear
system (1.10) by a suitable coordinate transformation and state feedback such that the
resultant system is (fully or partially) linear. This approach is known as feedback lin-
earisation [90, 173, 218]. As it is difficult to achieve this transformation over the entire
state space R", such linearisations are usually only locally valid over some neighbourhood
of the origin. If such transformations exist, the plant is called feedback linearisable and

linear control techniques can be used to control and stabilise the system.

In order for the above transformation to be valid, the function ®(.) must be a diffeomor-

phism, defined as follows:
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DEFINITION 1.1.4 A function ® : R® — R" defined in the region Q0 which represents
a neighbourhood of the region of interest (usually the origin) is called a diffeomorphism

if it is smooth and its inverse exists and is smooth.

This condition ensures that one can pass between the state vectors z and z without ambi-
guity. The existence of such transformations are dependent upon a number of necessary
and sufficient conditions. However, prior to stating these conditions it is necessary to

consider the following definitions.

DEFINITION 1.1.5 Let h : R* — R be a smooth scalar function and f : R* — R”
be a smooth vector field on R", then the Lie derivative of h with respect to f is a scalar
function defined by L;h = Vhf, indicating that the Lie derivative Lyh is simply the

directional derivative of h along the direction of the vector f. Furthermore, Lyoh =

h,. .. ,Lf-‘h = Lf(Lf-‘—lh) = V(Lfn—lh)f fOT‘i € N.

DEFINITION 1.1.6 Let f and g be two vector fields on R™. The Lie bracket of f and
g is a third vector field defined by

[f,91=Vg f—-Vfg=adsg (1.14)

where adjog = g,...,adsig = [f, ad’}"lg] for i €N.

DEFINITION 1.1.7 A linearly independent set of vector fields {f1, fa, ..., fm} is said

to be involutive, if and only if, there are scalar functions ajjr : R* — R such that

[fi, fil(z) = Xn:: a;ik(z) fr(z) Vi, j,and m < n (1.15)

i.e., if one forms the Lie bracket of any pair of vector fields from the set {fi, s fm}
then the resulting vector field can be expressed as a linear combination of the original

set of vector fields.

Therefore the system (1.10) can be linearised by state feedback and coordinate transform

if and only if the following conditions hold [218, 227]:
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1. the controllability matrix [¢,adpg,...,adm-1g] has rank n in §, i.e., the set of
vector fields {g,adsng,...,ads-1g} is linearly independent in 2.

2. the set of vector fields {g,adsg,...,adsn-2g} is involutive in Q.

Hunt et al. [81] have combined the above local feedback linearisation conditions with
global inverse function theorems and partial differential equation techniques to prove
global theorems for transforming a nonlinear system of the form (1.10) to a linear sys-
tem of the form (1.13). Dayawansa et al. [42] also derive global feedback linearisation

conditions.

The feedback linearisation of discrete-time systems is addressed in the papers by Monaco
et al. [154], Jakubczyk [92], and Grizzle et al. [61]. In [92] local necessary and sufficient
feedback linearisation conditions for a nonlinear discrete-time system are derived. It is
shown that the conditions are analogous to the continuous-time conditions given in [227]
except that there are no involutiveness req‘uirements. The papers [61, 154] deal with the
feedback linearisation of sample—dat;e\ssvf{st‘er;\fs Grizzle et al. show by way of an example «
that although a continuous-time system may be feedback linearisable, the sample-data
version may not be. A technique to overcome this using multi-rate sampling is discussed.
A good summary of feedback linearisation techniques for discrete-time systems can be

found in [173].

Since the work of Su [227], Hunt et al. [81] and Dayawansa et al. [42], a number of
papers have been published which address issues relating to the practical implementation
of feedback linearisation techniques. One of the major drawbacks with the above theory
is that it relies on the exact cancellation of the nonlinear terms in order to get state-
space linearisation. Consequently, if there are errors or uncertainties in the model of
the nonlinear terms or unknown parameters, then the cancellation is no longer exact.
Hence the practical implementation of such schemes requires that further restrictions be
imposed either on the location of the unknown parameters or on the type of nonlinearities.
According to these additional restrictions, the adaptive scheme can be categorised as

either uncertainty constrained schemes or nonlinearity constrained schemes [112].

As the name suggests uncertainty constrained schemes impose restrictive conditions,
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known as matching conditions, on the location of the unknown parameters, but they
can handle all types of nonlinearities. Many papers which deal with uncertainty con-
strained schemes attempt to relax the restrictive feedback linearisation conditions which
exist. One method is suggested by Kokotovi¢ in [110]. In this approach, the conditions
are only required to be satisfied for a reduced model. Such models allow dynamic, but
exclude parametric uncertainties. In the paper by Taylor et al. [231], an adaptive update
law is proposed to counteract parametric uncertainties in the case where the unknown
plant parameters appear linearly. The adaptive control is designed for a reduced order
model. Assumptions about parametric uncertainties, linear parameterisation and feed-
back linearisation are made for this reduced order model. Only the states appearing in
the reduced order model are available for measurement. This is in contrast to the work of
Nam and Arapostathis [162] and Sastry and Isidori [207] which also address parametric
uncertainty, but assume that full state information is present. Furthermore, Taylor et al.
derive robustness properties with respect to the unmodelled dynamics, something which

had not been established for other nonlinear adaptive schemes [206).

The results of [231] are used by Marino et al. [136] to address the adaptive tracking
problem for feedback linearisable systems with parametric uncertainty. Strict matching

conditions are assumed so that the results of [231] can be utilised.

DEFINITION 1.1.8 Strict matching conditions:

fir9i € span{go} (1.16)

Further restrictions are placed on the system by assuming the extended matching con-

ditions [102] defined below are also met.

DEFINITION 1.1.9 Estended matching conditions (EMC):

fi € span{go,adg,go}

gi € span{go} (1.17)

For full-state feedback linearisable systems, the extended matching condition is a neces-
sary and sufficient condition for the existence of a parameter independent diffeomorphism

z = O(z).
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The work by Kanellakopoulos et al. [103] can be seen to be an extension of the results of
[231]. The authors present a direct adaptive control scheme which satisfies the extended
matching conditions of their earlier work [102] and is shown to be robust with respect to

unmodelled dynamics.

The main advantage of EMC based schemes is that their stability properties can be
established independently of the type of nonlinearities [112]. Although the extended
matching condition is quite restrictive, it is satisfied by many systems of practical impor-
tance, such as most types of electric motors [103]. Furthermore, as shown in [103], the
robustness of EMC based schemes to unmodelled dynamics can be exploited to extend

their applicability.

Nonlinearity constrained schemes do not restrict the location of unknown parameters,

but instead impose restrictions on the growth of the nonlinearities of the original system

[112]. Papers which can be classified under this approach are [162, 187, 207, 232].

In the paper by Nam and Arapostathis [162], the issue of parametric uncertainties in the
system are addressed. The authors restrict their attention to a class of “well structured”
nonlinear systems called pure-feedback system. These systems were first defined by Su
and Hunt [228] and they have the desirable feature that the linearising map is straight-
forward to construct. They present matching conditions which allow them to transform
the system into the pure-feedback form. This allows the implementation of an adaptive
algorithm which updates the estimates of the feedback and coordinate transformation
required to linearise the system, as well as to meet their objective of constructing a model

reference controller.

More recent work by Kanellakopoulos et al. [106] has resulted in an adaptive control
scheme in which the growth of the nonlinearities is not constrained. Instead they require
that the nonlinear system be transformed into a parametric pure-feedback form (different
to the pure-feedback form of [162, 228]) in which the new system depends only on the
feedback state variables. These pure-feedback systems are shown to remove the limi-
tations of both uncertainty constrained schemes and nonlinearity constrained schemes.
Therefore, it is argued that they represent the broadest class of nonlinear systems for

which adaptive controllers can be designed without imposing constraints on the growth
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of the system nonlinearities.

In recent years full-state feedback linearisation techniques have been applied to practical
problems such as the control of stepper motors [22], induction motors [35], shunt DC

motors [36], synchronous generators [56], and robotics applications [135, 41].

(ii) Input-Output Linearisation

The aim of full-state feedback linearisation is to find a state transformation z = ®(x)
and an input transformation u = u(z,v) = a(z) + B(z)v such that the nonlinear system
dynamics are transformed into an equivalent linear system z = Az + Bv. Standard linear
control techniques are then applied to the transformed system to design v. In contrast,
in input-output linearisation, the aim is to solve a tracking control problem for plants of

the form

y = h(z) (1.18)
where z € R*, f, g and h are smooth nonlinear functions.

The primary objective is to make the output y(t) track a desired trajectory yq(t) whilst
ensuring that the whole state is bounded. The difficulty with this problem is that the
output y is indirectly related to the input u through the state variable z and the nonlinear
state equation (1.18). Hence the intuitive basis of input-output linearisation is to find a

direct and simple relationship between the system output y and the control input u.

Consider the above system again. Differentiating y with respect to time yields
i = Lh(z) + Lyh(z)u (1.19)

where Lsh(z) : R* — R and Lgh(z) : R® — R are the Lie derivatives of & with respect to
f and g, respectively (see Definition (1.1.5)). If Lyh(x) is bounded away from zero for
all z (i.e., Lyh(z) # 0 Yz € R"), the state feedback law

(—Lsh(z) 4+ v) (1.20)
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results in the linear system
y=v (1.21)

The above control results in the previous n — 1 states of the system being unobservable.

If Lyh(z) = 0 Vz € R™, one differentiates y to obtain
j = Lih(z) + LyLsh(z)u (1.22)

If L,L;h(z) = 0 then one differentiates again and again, until for some integer 7, LS,L'}_1

is bounded away from zero, and the control law

1

u= m(—L}h(w) + v) (1.23)

applied to
y" = L}h(z) + Ly L} h(z)u (1.24)
yields the simple linear relation
y =0 (1.25)

Such a system has strong relative degree v and the control (1.23) renders the n — v states
of (1.18) unobservable. Note that if ¥ = n then input-output linearisation results in

full-state linearisation previously described. This results in the following definition.

DEFINITION 1.1.10 The SISO system (1.18) is said to have relative degree v in R
if Vo € R®

LyLih(z) = 0, 0<i<y-—1

L,L7'h(z) # 0 (1.26)

It can be shown [90, 206, 207, 218] that there exists a local diffeomorphism z = &(z)
such that the system (1.18) is transformed into the following form

zZin = 212
Z12 = Z13
Zin E fi(z1,22) + gl(zl,zz)u
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g4l = Qyp1 (21, 22)

len — qn(zl,zz) (127)

where  z11 = h(z), 212 = Lsh(2),. .., 21y = L] 'h(2)
fi(z1,22) = L}h(z)
91(z1,22) = Ly L} h(z)
21 = (2115 0y 219) = (Y, Yyoe o,y
29 = (Z1y41y -« Z1n)
29 = q(#1, 22)

z = (21,22)T

and the output is defined as
Yy = z11- (1.28)

The linearising control is

b= (~fi(z1,23) + v) (1.29)

B 91(21,22)

The equations (1.27) are referred to as the normal form of the nonlinear equation. The
state variables 21441, - ., z1n represent the internal dynamics of the system, as they are

unobservable from the input-output dynamics O = fi(2) + g1(2)u.

Due to the linear relationship of the transformed system (1.25), it is easy to design the
input v so that the output y behaves as desired. However, this does not ensure that the
internal dynamics will also behave well, i.e., remain bounded. Therefore, the stability of
the internal dynamics must also be addressed as well. This leads to the concept of zero

dynamics [90, 218].

The term zero dynamics refers to the case where the motion of the system is restricted
to the n — v dimeusional smooth surface My defined by z; = 0. If the initial state of the

system z(0) is on this surface and the input u is of the form
—~L}h(z)

" L,LY "h(x) S

Ug

resulting in y7(¢) = 0 then the system is operating in zero dynamics. This leads to the

following definition
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DEFINITION 1.1.11 The zero dynamics of the nonlinear system (1.18) are
2.2 = q(0,22) (131)

Furthermore, the nonlinear system (1.18) is said to be minimum phase if the zero dy-

namics are asymptotically stable.

REMARK 1.1.1 Discrete-time versions of the concepts of minimum phase and zero
dynamics have been proposed by Monaco and Normand-Cyrot in [153].

As mentioned earlier, the aim of input-output linearisation schemes is to solve the track-
ing problem. Consider the desired trajectory z, = [Ym,¥m,---,y5M]T and define the

m

tracking error as
e(t) = z1(t) — zm(t) (1.32)

then the following theorem applies {90]:

THEOREM 1.1.2 Assume that the system (1.18) has relative degree =y, its zero dy-
namics are asymptotically stable, z,, is smooth and bounded, and that the solution U, of

the equation
U, = q(21m, 22m) zm(0) =0 (1.33)

exists and is bounded and asymptotically stable. Choose constants k; such that the poly-

nomzial
Kp)=p +ky1p" ' +...+ lip+ ko (1.34)
has all of its roots strictly in the left half plane. Then by using the control law

1

= m[—fz}h(x) +] (1.35)

where
v = y,(g)—k,y_lev—...—koel (136)

the whole state remains bounded and the tracking error converges to zero.

It should be noted that this scheme requires full state information, x and that the output

variables y, ...,y(""1) are measurable. The proof of the above theorem is given in [90].
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The input-output linearisation of MIMO systems has been addressed by Isidori [90],
Sastry and Bodson [205] and Slotine and Li {218].

Issues dealing with the practical implementation of adaptive input-output linearisation
schemes have been addressed in [36, 69, 155, 206, 207, 216]. From these papers it is
apparent that the major drawback with the practical implementation of input-output
linearisation schemes is that if there is uncertainty in the nonlinear function, then the
cancellation of the nonlinear terms is not exact and the resulting input-output equation
is not linear. Sastry et al. [206, 207] suggest the use of adaptive control to obtain

asymptotically exact cancellation.

In this approach, a SISO system of the form (1.18) is considered with
nl
fle) = Y_6ifi(z)
1=1

ox) = 30 (137)

where 8} : =1,...,nl and 6% j = 1,...,n2 are unknown parameters and fi(z) and g;(z)

are known functions.

The estimates of the functions f and ¢ at time ¢ are
nl
fz) = X20:(t)filz)
=1
n2
g(z) = 20 0H(t)g;(2) (1.38)
7=1
where 0(t), §3(t) are estimates of 6} and 62 at time ¢.

The control law u becomes

1 —
u= gLk +) (1.39)

and Eg\h and [Tf\h are estimates of the Lie derivative based on (1.38), i.e.,
nl

Lik = D 6ILgh
=
n2

S 6L,k (1.40)

=1

r—

Lok

It can be shown [205] that if the control law for tracking is given by

V= Ym + A(Ym — Y) (1.41)
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and y,, 1s bounded and f,;?z is bounded away from zero, then the parameter update law
$=—(y—ym)W (1.42)

yields bounded y(¢) which asymptotically converges to yn(t), where ¢ = 0 — g is the

parameter error with 6 = [0'7,62?T], and W € R™"'*"? is the concatenation of

Lh
W1 = :
Lfnlh
and ) )
Lglh’ —
W, = ; (ifﬁ—”) (1.43)
L,k
Lgn2h

The above input-output linearisation scheme of Sastry and Isidori [207] belongs to the
class of nonlinearity constrained schemes. The main constraint employed in this scheme
is that the nonlinear functions f, g and h are globally Lipschitz in z. The input-output
linearisation approach of Teel et al. [232] similarly considers global Lipschitz conditions.
The primary difference between these approaches is that Sastry and Isidori employ pa-
rameter update laws analogous to those used in indirect adaptive linear control, whilst
Teel et al. combine parameter estimation elements from both direct and indirect control

approaches.

DEFINITION 1.1.12 A function f(z,t) is said to be globally Lipschitz if for any z,

and x4 in the state space the Lipschitz condition

| f(22,t) — fz1,t)|| < Ll|zz — =2 (1.44)

is satisfied where L is a strictly positive constant known as the Lipschitz constant and

t € [to,to + T) where T is a strictly positive constant.

Recently a number of researchers have implemented input-output linearisation techniques
similar to the above scheme using neural networks [28, 29, 30, 31, 234, 235]. These

techniques will be discussed in the next chapter.
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(iii) Output Feedback Controllers

Two of the main assumptions made in the aforementioned schemes are that full state
information is available and the unknown parameters appear linearly in the system equa-
tion. Recently a great deal of work has been undertaken to relax these assumptions.
In particular, considerable research has been addressed at designing adaptive control
schemes for nonlinear systems assuming that only the output is available [105, 104, 101,

137, 138, 139)].

The earlier work of Kanellakopoulos et al. [104, 105] involves introducing a set of input
and output matching conditions which results in the existence of a diffeomorphism to
transform a nonlinear system of the form (1.10) into the following input-output descrip-
tion

A(D)y = B(D){po(y) + " (4)0 + [g0(y) + ¢" (y)0]u} (1.45)
where D denotes the differentiation operator, the coefficients ayo,...,an—1 of the de-
nominator polynomial A(D) = D™ + an_1D™ ! + ... + ap are unknown, @ is the [-
dimensional vector of unknown parameters, B(D) = b, D™ + ... + bp is known and

Hurwitz, p(y) = [p1(y),---.p()], ¢w) = [a(¥),. .., a(y)] and pi(y), ¢:(y) = 1,...,1

are smooth nonlinearities.

Furthermore, the nonlinearities are restricted to the following form (sector-type nonlin-

earities)
lpo(y)| < w+4|y]
Pl < k+xly]
gl < = (1.46)
where | . | is the scalar norm, ||.|| is the vector norm, and « denotes a positive constant

and some a priori information about the unknown parameters is assumed.

An indirect adaptive control scheme is then presented in which the unknown parameters
are estimated using a prediction-error type estimator. These estimates are then used to

design a certainty equivalence control law.

More recent work by Kanellakopoulos et al. [101] is aimed at removing conditions (1.46),
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thus removing the need for the nonlinearities to satisfy any growth conditions, whilst

ensuring that all stability and tracking results are global.

Extensive work in output-feedback control has also been conducted by Marino and Tomei
[137, 138, 139]. In the paper [137], Marino and Tomei have presented conditions to
globally transform a nonlinear system of the form (1.10) into a linear minimum phase
and observable system, making use of filtered output feedback transformations. Such
transformations are shown to consist of a state space change of coordinates and a output
feedback control both driven by asymptotically stable linear filters whose inputs are
nonlinear functions of the outputs. They have shown that the system is globally output
feedback stabilisable. In the paper [138], Marino and Tomei present sufficient conditions
for the existence of adaptive output feedback control. The control strategy presented
is not subject to the matching condition restrictions or sector-type nonlinearities as in
[104, 105]. In their companion paper [139], Mariné and Tomei present a global output
feedback control strategy for a nonlinear system in which the unknown quantities may be
nonlinearly parameterized, i.e., the assumption of linear parameterisation which is one

of the key assumptions of all of the above methods is removed.

1.1.3 Neural Networks in Control

The nonlinear control approaches described above generally apply to a limited class of
nonlinear systems. For example, the feedback linearisation approaches primarily deal
with systems where the uncertainty is due to unknown parameters which appear linearly
with respect to the known nonlinearities. Furthermore, such systems are generally linear
in the control (affine). Therefore, in contrast to the adaptive control of linear systems,
adaptive design techniques for nonlinear systems have yet to be established for a general

class of nonlinear structure.

The emergence of artificial neural networks as a method of forming an arbitrarily close
approximation to any continuous nonlinear function [40, 74, 55] has offered an alternative
approach to solve a more general class of nonlinear problems. As a result of their ap-

proximation abilities as well as their inherent adaptivity, artificial neural networks have
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generated a great deal of interest in the control community. Furthermore, the parallel
nature of neural networks and their fast adaptability has provided additional incentive
for the investigation of their use in the identification and control of complex nonlinear
systems. Consequently, several neural network based control architectures have been
proposed in recent years [189, 171, 169, 28, 204]. A neural network is trained to learn
the inverse plant dynamics in the scheme suggested by Psaltis et al. [189]. This neural
network is then used as an open-loop feedforward controller. Nguyen and Widrow {171]
have proposed a scheme in which a multilayered neural network, known as the emulator,
is trained off-line to identify the system dynamics. A controller neural network is then
trained to control the emulator. The trained controller is then applied to the actual sys-
tem. The papers by Narendra and Parthasarathy [169] and Chen [28] are amongst the
first to utilise neural networks in a more traditional control framework. In the approach
presented in [169], neural networks are used in a model reference adaptive control envi-
ronment. The scheme is shown to be effective for a wide range of nonlinear systems. On
the other hand, Chen combines multilayered neural networks with self-tuning adaptive
control techniques to control single-input single-output feedback linearisable systems.
More recently, Sanner and Slotine [204] have presented a direct adaptive tracking control
procedure in which the weights of the Gaussian radial basis function network are updated

by a stable adjustment scheme based on Lyapunov theory.

As the above issues are central to the research presented in this thesis they are discussed

in greater detail in Chapter 2.

1.2 Outline of the Thesis

This thesis is primarily concerned with the development of a neural network based model
reference adaptive control scheme for discrete-time non-affine nonlinear systems. The

aims of this study are therefore:

e to ezplore the issues associated with using neural networks in the modelling and

control of nonlinear dynamic systems;
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e to establish a framework for the use of neural networks in the model reference

adaptive control of nonlinear systems;

o to develop the theory to ensure the convergence and stability properties of the

closed-loop system, and

e to investigate the effectiveness of the proposed stable neural adaptive control scheme

through simulation studies of arbitrary and “real world” systems.

In Chapter 2, an introduction to artificial neural networks is provided. A brief discus-
sion of various neural network architectures commonly used in the neural control area
is provided and some of the implementation issues such as the network structure and
learning algorithms are considered. The use of artificial neural networks in the modelling
of dynamic systems is discussed. In particular, time delay neural networks (TDNN),
which are used in the proposed neural control scheme, are analysed in detail. Correla-
tion tests are used to determine the validity of a particular TDNN model for a given
nonlinear dynamic system. An overview of the major existing neural control schemes is
also provided in Chapter 2. The limitations and strengths of the approaches considered

are also discussed.

A neural network based model reference adaptive control scheme for discrete-time non-
affine nonlinear systems is presented in Chapter 3. The approach combines the forward
modelling scheme of Jordan [95] with the model reference neural adaptive control ap-
proach of Narendra and Parthasarathy [166]. In this approach the nonlinear system 1s
treated as a “black box” with the only a priori knowledge assumed being the relative
degree and order of the system and the maximum lag of plant input and plant output
terms. Therefore, unlike other approaches, there is no need to assume knowledge of the
separability or otherwise of the control terms and the output variable terms, nor their
respective nonlinear functions, and the inverse of the nonlinear functions do not need to
be explicitly identified. Furthermore, the approach can also deal with nonlinear systems
which are non-affine in control and where the control is heavily embedded within the
nonlinearities of the system dynamics. This is in contrast to existing geometric control
approaches for nonlinear system and many other neural adaptive control approaches. In

the approach, time delay neural networks based on the multilayer perceptron are used
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to determine the plant Jacobian and synthesise the reference model control. The neural
adaptive control approach is presented in a multi-input multi-output framework. The
implementation of the scheme in both an off-line and on-line environment is discussed.
Simulation examples are provided to highlight the effectiveness of the scheme in both an
off-line and on-line environment for single-input single output systems and multi-input
multi-output system. The ability of the proposed approach to deal with disturbances
such as dynamic plant noise, sensor noise and load disturbance is also considered. The
advantages of the on-line approach, particularly as a result of performing both identifi-
cation and control simultaneously and in a closed-loop environment, are demonstrated
via a simulation study of a marginally stable nonlinear system. Finally, the limitations

of the scheme are discussed which gives rise to the issues addressed in the next chapter.

An enhanced neural network based model reference control scheme is proposed in Chap-
ter 4. As with the scheme discussed in the previous chapter, the enhanced neural control
scheme is formulated for a general discrete-time multi-input multi-output nonlinear sys-
tem. Furthermore, the general nonlinear systems considered are non-affine in control and
the control may be heavily embedded in the nonlinearities of the system. Weak assump-
tions regarding the order, relative degree and number of delay terms in the plant output
and control variable are made. Output feedback is also assumed. The enhancements
derived allow the issues of stability of the closed-loop system and convergence of the
tracking error to be addressed. An enhanced reference model is introduced which allows
the derivation of sufficient conditions to guarantee the convergence of the tracking error.
Lyapunov theory is used to guarantee the stability of the closed-loop system. The basic
strategy of the proposed scheme is to generate a control input via the neural network
controller such that the plant output is nearest, in some norm sense, to a desired plant
output generated by the enhanced reference model. A modified controller neural network
weight update equation is proposed to achieve the desired control. Simulation studies
demonstrate the effectiveness of the new approach for both single-input single-output
systems and multi-input multi-output systems. The performance of the system in the
presence of dynamic plant noise, sensor noise, load disturbance and plant uncertainty
and/or variations are investigated. The ability of the proposed neural control scheme

to handle non-ideal plant dynamics such as nonminimum phase systems and marginally
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stable systems is also examined.

The practical feasibility of the enhanced neural control scheme is investigated in Chap-
ter 5. The proposed approach is applied to the anti-skid brake system problem. This
problem represents a difficult challenge for any control scheme because of the highly
nonlinear and time-varying dynamics of the vehicle-brake system. In this chapter, a
model of the dynamics is first derived. The effects of environmental conditions such as
road surface are incorporated into the dynamics via a highly nonlinear relationship. A
study of existing approaches to this problem is also conducted to identify the practical
difficulties associated with an anti-skid brake system. A neural network based anti-skid
brake system is proposed which is demonstrated to provide effective braking performance

even under harsh environmental conditions.

From the extensive study described in this thesis, general conclusions regarding the de-
velopment of the new neural network based model reference adaptive control strategies
for discrete-time non-affine nonlinear systems of unknown structure are drawn in Chap-
ter 6. The principal features of the neural control approach developed in this thesis are
highlighted. From these conclusions and the experience and knowledge gained through-
out this research, a number of recommendations are made for the future development of

neural adaptive control schemes.

1.3 Major Contributions of the Thesis

The principal contributions made in this thesis are as follows:

e A critical review of existing geometric approaches to the adaptive control of non-

linear systems.

e A critical review of the use of artificial neural networks for the modelling and control

of nonlinear dynamic systems.

e The development of a neural network based model reference adaptive control scheme
for general multi-input multi-output non-affine discrete-time nonlinear dynamic

systems of unknown structure.
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The development of an enhanced model reference neural control scheme for which
proofs of the convergence of the tracking error and stability of the closed-loop

system are furnished.
The derivation of a modified controller neural network weight update equation.

The investigation of the performance of the neural control system in the presence
of disturbances, dynamic variations and uncertainties and non-ideal dynamic be-

haviour such as marginal stability and nonminimum phase behaviour.

The application of the proposed neural control system to a vehicle anti-skid brake

system.
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Chapter 2

Neural Networks for the Control of

Dynamical Systems

2.1 Introduction and Overview

The birth of artificial neural networks is usually credited to M€Cullogh and Pitts [146]
who outlined the first model of an elementary computing neuron. Research into neural
networks continued strongly during the 1950’s and 60’s. However, towards the end of
the 1960’s problems arose due to the relatively modest computational resources available
to undertake research on neural networks, the lack of efficient learning schemes for the
networks and doubts about the potential of layered learning networks. Neural network
research entered a stagnation phase during the 1970’s and beginning of the 1980’s with

only a handful of researchers continuing in the area.

However, since the early 1980’s there has been a rapid growth in theoretical and applied
research related to artificial neural networks. Much of this growth can be attributed to the
advances made in the computer technology in the 1980’s, which enabled neural network
researchers to simulate and test their ideas in a thorough manner. The resurgence in
interest in neural networks was also due in part to a number of seminal papers that
significantly furthered the potential of the area {72, 73, 128, 179, 200]. In particular, the

papers of Hopfield {72, 73], in which a recurrent neural network for associative memory
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was introduced, resulted in an explosion of activity into the computational properties of
fully connected networks. Arguably a more important development occurred in the mid
1980’s. The backpropagation algorithm was developed independently by Parker [179] and
Rumelhart et al. [200]!. In Lippman’s often cited paper [128], several different neural
network models are discussed, such as the Hopfield network, the multilayer perceptron
and self-organising maps and these still remain the foundation of most of the current

neural network research.

Applied research related to neural networks has also continued unabated since the early
1980’s. The application of neural networks to image recognition, optimisation, pattern
recognition, speech recognition and character recognition have been well studied (see for
example IEEE Transactions on Neural Networks, Proceedings of the International Neural
Networks Conference, Neural Computation etc). One application which has received
a great deal of attention in recent years is the use of neural networks in the control
of dynamic systems. The explosion of activity in this area can be attested to by the
recent special issues of the IEEE Control Systems Magazine (1988, 1989, 1990, 1992)
[84, 85, 86, 87] and the many papers on the subject in both control journal and conferences
and neural networks journals and conferences. Furthermore, a number of recent books

and collection of papers have been produced in this area [64, 151, 242].

From the control theory viewpoint, the emergence of neural networks as a method of
forming an arbitrarily close approximation to any continuous nonlinear function has
provided control researchers with an alternative approach to the traditional schemes to
deal with a general class of complex nonlinear control problems. The traditional control
methods developed for nonlinear systems, such as feedback linearisation, input-output
linearisation and output feedback control require a number of assumptions to be made
about the system to be controlled and subsequently, can only be applied to certain
classes of systems (see Chapter 1). As a result, adaptive design techniques have yet to
be established for a general class of nonlinear structure. Artificial neural network based
control schemes offer promise in this area. Apart from the approximation abilities of

neural networks, their inherent adaptivity has also generated a great deal of interest in

1The backpropagation (BP) algorithm was first developed by Werbos in 1974 [244] and its first prac-
tical application was for estimating a dynamic model to predict nationalism and social communications.
However, the work of Werbos was virtually unknown in the scientific community
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the control community. Furthermore, the parallel nature of neural networks and their
fast adaptability has provided additional incentive for the investigation of their use in

the identification and control of complex nonlinear structures.

In this chapter, a very brief exposition of the biological motivations and foundations of
artificial neural networks is provided. An overview of some of the major neural network
architectures, particularly the multilayer perceptron, and learning algorithms, such as
backpropagation, is also provided. Some of the major concepts in the modelling of
dynamic systems using neural networks are then discussed. Finally, an overview of the

main neural control schemes is provided.

2.2 Basic Concepts of Artificial Neural Networks

2.2.1 Biological Foundations

Artificial neural networks were first derived as an attempt to model the networks of the
biological neurons in the brain. Although artificial neural networks are highly simplified
models of their human equivalent, they still provide an insight into the principles of

biological computation.

The human brain consists of approximately 10!! elementary nerve cells called neurons.
These elements form the fundamental building block of the biological neural network.
Each of these neurons is connected to approximately 10* other neurons, resulting in a
biological neural network of about 10'® connections. A diagram of a biological neuron is

given in Figure 2.1.

A typical cell has three main regions: the cell body, the axon and the dendrites. The cell
nucleus is located in a region called the cell body or soma. Around the body of the neuron
is a tree-like network of nerve fibres called dendrites. Dendrites receive information from
other neurons through the axon. The axon is a long fibre extending from the cell body
which branches or arborizes into a series of strands and substrands, at the end of which
are the interconnections to other neurons, known as the synapses. Thousands of such

connections are made with other neurons. These connections are generally not physical

35



syhapse

PR
m_u:leus

i dendrites

Figure 2.1: A typical biological neuron

connections as the axon and dendrites do not touch. The very small gap between the

“connected” neurons is known as the synapse gap or synapse cleft.

Signals are transmitted from one cell to another at the synapse via a complex chemi-
cal process in which chemical molecules, called neurotransmitters, are released. These
transmitters diffuse across the synapse gap to the dendrites at the other side of the
synapse and modify the potential of the cell membrane. Depending upon the type of
neurotransmitter generated, the cell potential is either increased (excitatory synapse) or
decreased (inhibitory synapse). The signals received from each connecting neuron are
then aggregated over a short time interval known as the period of latent summation.
If the resultant potential exceeds a certain threshold, the neuron “fires” and a pulse of
fixed strength and duration is sent down the axon where it branches out to other neurons.
This voltage pulse is known as the action potential. After carrying a pulse, the neuron
cannot fire for a certain time called the refractory period, even if it receives a very large
excitation. Although the refractory period is not uniform over the cells, it is generally of
the order of 3-4 milliseconds. Further details on the operation of biological neuron can

be found in (3, 258).
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2.2.2 Artificial Neural Network Models

As research in this area continues to develop and evolve, new and extended definitions
of artificial neural networks continue to be generated. However, the formal definition of
artificial neural networks proposed by Zbikowski and Gawthrop [254] is a succinct and

relevant definition:

DEFINITION 2.2.1 An artificial neural network or connectionist model is charac-

terised by

e parallel architecture: it is composed of many self-contained, parallel interconnected

processing elements or neurons;

e similarity of neurons: each basic processor is described by a standard nonlinear

algebraic or differential equation;

o adjustable weights: there are multiplicative parameters each associated with a single

interconnection and they are adaptive.

Alternative and equally valid definitions have been proposed by Hecht-Nielsen [70], Hertz
et al. [71] and Zurada [258].

The basic unit in the above definition is the neuron. The first formal definition of an
artificial neuron model based on the highly simplified biological model presented above
was formulated by M€Cullogh and Pitts in 1943 [146]. A diagram of this model is given
in Figure 2.2.

Figure 2.2: McCullogh-Pitts neuron model

In this model, a neuron is represented as a binary threshold unit, i.e., the neuron can be in

only one of two possible states. In particular, the artificial neuron performs a weighted
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summation of its inputs from other units and generates a one or zero depending on
whether the sum is above a below a given threshold. This can be represented by the

following equation:

yi = g(>_ Wijz; — i) (2.1)
=1

where y; is either 1 or 0, and represents either the neuron firing or not firing,

W;; represents the synaptic strength of the connection from neuron j to neuron :
and is greater than zero for an exhitory synapse and less than zero for an
inhibitory synapse,

pt; is the threshold for neuron : which must be exceeded for the neuron to fire, and

g(h) is the Heaviside function given by

oy = ¢ - "= (22

0 otherwise

Although the M®Cullogh and Pitts neuron model is very simplistic, it is still a compu-
tationally powerful device capable of performing basic logical operations such as NOT,
OR and AND, provided its weights and thresholds (bias) are selected properly. One of
the major limitations is that these values are fixed for a particular operation and are
not adaptive. A great deal of research has been conducted into developing appropri-
ate techniques to adapt the weights and thresholds, and these will be discussed in later

sections.

A more commonly used neuron model utilises a sigmoid nonlinearity instead of the hard-
limiting nonlinearity described above. A sigmoid function may be loosely defined as a
continuous, real valued function whose derivative is always positive and whose range is
bounded. The most commonly used sigmoidal activation function is the logistic function,

1

i (2.3)

g(h)

where 3 is the steepness parameter, usually 2 or 1. Other sigmoid functions such as the

hyperbolic tangent are often used, i.e.,

ePh — =Pk

g(h) ES tanh(ﬂh) = m

(2.4)
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One advantage of these types of functions is that their derivatives are easily found

Sy = | 2= ab) for (23 ..
BUL=g*(h)  for (24)

This property proved to be of major benefit in deriving gradient based learning algorithms
for the multilayer perceptron. The sigmoidal nonlinearity is also popular in applications
which require continuous-valued outputs rather than the binary output produced by the

hard limiter. Control applications fall into this category.

The function g¢(.) is often referred to as the activation function as it represents the thresh-
old which exists within a biological neuron that must be exceeded in order for the neuron
to activate. Although the above logistic activation function (2.3) or tanh activation func-
tion (2.4) are most commonly used, basically any monotonic, continuously differentiable
thresholding function may be used for ¢g(.). Recently, B. L. Kalman and Kwasny [99]
have made a strong case for the use of the hyperbolic tangent activation function. They
show that tanh is the only activation function which satisfies four properties described

as being necessary for the effective training of the neural network.

2.2.3 Network Topology

An artificial neural network consists of many interconnected neurons. The way in which
these neurons are interconnected classifies the network into two major categories, namely
feedforward neural networks, also known as static networks, and feedback neural networks

also known as recurrent or dynamic networks.

Feedforward networks are systems in which the input and intermediate signals are always
propagated forwards. Therefore, the flow of information is from the input of the network
and is directed to the output of the network with no returning paths being allowed. A
block diagram of a layered feedforward neural network is given in Figure 2.3a. In this
network there is a set of input terminals whose role is to distribute the input signal to the
rest of the network. This is followed by (possibly) several intermediate layers of neurons
and then an output layer from which the network output is obtained. A feedforward

neural network in which there are no connections from neurons in one layer to neurons
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in previous layers, the same layer or to neurons more than one layer ahead is known as
a strictly feedforward artificial neural network. A feedforward neural network is often
referred to as a static network because it implements a static mapping from its input

space to its output space.

As the name suggests, feedback (or recurrent or dynamic) artificial neural networks in-
volve either the states or the outputs being fed back. Therefore, feedback neural networks
consist of interconnections between multiple neurons (and often onto themselves). One
of the key features of recurrent neural networks is that because feedback is present, the
current values of the network are influenced by the past values. Therefore, recurrent
neural networks are dynamic systems and are generally described by nonlinear difference
or differential equations. A block diagram of a recurrent neural network is given in Fig-
ure 2.3b. A special case of a recurrent network is one in which the output of every neuron
is fed back with varying non-zero weights to the inputs of all neurons. Such a network
is called a fully connected neural network. Recurrent neural networks are inherently
dynamic and usually only consist of one layer because their complex nonlinear dynamics
provide them with powerful representation capabilities. The ability of dynamic neural

networks to model nonlinear systems will be considered in Section 2.3.

Figure 2.3a: Feedforward artificial neural network

2.2.4 Learning Algorithms

As defined earlier, artificial neural networks consist of adjustable weights which are adap-

tive multiplicative parameters associated with each neuron interconnection. This prop-
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Figure 2.3b: Feedback artificial neural network

erty of artificial neural networks is known as learning. The ability to learn is one of
the most attractive features of neural networks and one of the main reasons for their
popularity. Learning is achieved by iteratively adjusting the weights (W;;’s) of a network
so as to improve its performance, as indicated by some performance or cost function.

There are two general learning paradigms, namely supervised and unsupervised learning.

In supervised learning, one considers a training pair consisting of an input vector and a
desired output vector. The input vector is applied to the network and then the resultant
output vector is compared with the desired output vector. The difference is then used to
modify the weights W;; so that the output error is reduced via some learning algorithm.
This scheme is sometimes called learning with a teacher, where the teacher provided
the desired outputs. Supervised learning is well suited to model reference control and
self-tuning regulators as the desired response is available. A special case of supervised
learning is reinforcement learning. In this case the teacher provides information about
whether the output is right or wrong. Therefore, an explicit desired response is not
present in reinforcement learning. Reinforcement learning is sometimes called learning

with a critic.

In unsupervised learning, no target vector is present. Therefore, explicit error information
cannot be used to improve the network behaviour. Instead, the network must attempt to
classify the output according to patterns, features, correlations or regularities in the input
data. Such networks must thus self-organise so that a consistent output is produced for

a given input vector. This learning is often referred to as self-organisation. Unsupervised
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learning is only useful when there is a certain degree of redundancy in the input data.
Without redundancy, the input data would seem like random noise, thus making it
impossible to detect any patterns or features. Examples of self-organising networks are
the adaptive resonance theory (ART) networks [27] and Kohonen’s self-organising feature

maps [109].

2.2.5 Feedforward Artificial Neural Network Models

The first learning feedforward artificial neural network was developed by Rosenblatt in
1958 [196]. Rosenblatt proposed numerous variations of the perceptron, but the most
commonly referred to consists of three layers and is often called the elementary percep-

tron. A diagram of this perceptron is given in Figure 2.4.
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Figure 2.4: Rosenblatt’s elementary perceptron

The first layer is an input retina, which consists of a series of sensory units or S-units.
It is connected to a second layer composed of what he called associations units (A-
units) which act as feature detectors. Finally the units in the output response layer
(R-units) produce an output that is a threshold weighted sum of their inputs. As shown
in the above figure, the original perceptron proposed by Rosenblatt used a hard-limiting
nonlinearity. This was modified in subsequent incarnations of the perceptron. Another
feature worth noting is that the weights connecting the input layer to the middle layer
are fixed. Thus, although the perceptron model has three layers, it is actually more like a
two layer network. Rosenblatt proposed a supervised learning rule to update the weights

connecting the A-units to the R-units. A special case of Rosenblatt’s perceptron model is
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the single layer perceptron. Rosenblatt was able to prove the convergence of a proposed
learning algorithm to iteratively adjust the weights of a single layer perceptron [197].
This proof is known as the Perceptron Convergence Theorem [258]. Minsky and Papert
[152] have analysed the perceptron in detail in their book Perceptrons and discovered
several limitations with the perceptron learning theorem. One of the most important
limitations proved by Minsky and Papert was that the single layer perceptron can only
solve problems that are linearly separable. However, many interesting problems are
not linearly separable. The simplest example is the exclusive-or (XOR) problem. Very
similar networks called adalines were developed around the same time by Widrow and

Hoff [246, 247).

Rosenblatt also studied structure with multiple layers of neurons and believed they could
overcome the limitations of the simple perceptron. However, at the time there was no
reliable algorithm which could be used to train the network. Minsky and Papert [152]
doubted that a suitable algorithm could be found and as a result the interest in neural

networks was diverted to other areas such as artificial intelligence until the mid 1980’s.

Multilayer Perceptron

Interest in the multilayer perceptron (MLP) waned after the publication of the book
by Minsky and Papert. However, there was a resurgence of interest in the mid-1980’s
thanks to the derivation of the backpropagation algorithm [179, 200]. A multilayer
perceptron is formed by cascading two or more layers of neurons together. The neurons
used in the MLP generally employ the sigmoidal nonlinearity instead of the hard-limiter
of Rosenblatt’s perceptron. A diagram of a fully connected multilayer perceptron is given

in Figure 2.5.

This network is described as a three layered MLP as the input nodes do not comprise a
layer. This is because they do not perform any computation. Instead they distribute the
input vector to the internal (hidden) layers of the network. A hidden layer is defined as
a layer of neurons which is not accessible from outside the MLP. Therefore the network

shown has two hidden layers and one output layer. The output from neuron ¢ in layer m
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Figure 2.5: A multilayer perceptron
is given by
m
— -1
y" =9 Wiyl ™) (2.6)

ey
where W is the weight from neuron j in layer m —1 to neuron ¢ in layer m and yJ =ag).
The convenient notation introduced in [169] to represent a multilayered perceptron will
be adopted in this thesis. Thus a 3 layered network with 4 inputs, 1 output and 20 and

10 nodes in the respective hidden layers will be denoted 03 54 10,1-

Although in equation (2.6) it is assumed the output nodes have the same sigmoidal acti-
vation function as the hidden layer nodes, this is not always the case. Many applications
use the linear output function g(z) = z as the activation function for the output layer.
The primary advantage with using linear activation functions is that the output is not
constrained to the limits of the sigmoid, e.g. [0,1]. This is particularly important in
time-series prediction and functional approximation, and therefore in control applica-

tions.

As mentioned earlier, the capabilities of a simple perceptron are limited to problems
which consist of linear decision boundaries and simple logic functions. However, mul-
tilayer perceptrons are capable of nonlinear partitioning of the input space and thus it
is possible to implement complex decision boundaries and arbitrary logic functions [82].
Furthermore, as will be discussed later, multilayer perceptrons are capable of forming an

arbitrarily close approximation to any smooth, continuous nonlinear function.
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Backpropagation Learning Algorithm

The backpropagation learning algorithm was originally proposed by Werbos in 1974 [244].
However, his work was not widely known in the scientific community. It was not until
the rediscovery of the algorithm by Parker [179] and particularly Rumelhart et al. [200]
that interest in the MLP was rekindled. To this day, it arguably remains the most com-
monly used supervised learning algorithm. The backpropagation algorithm is essentially
an extension of the gradient descent algorithm to the multilayer perceptron. One of the
primary stumbling blocks with developing a learning algorithm for the original formula-
tion of the MLP [196] was that the derivative for a hard-limiting activation function is
zero almost everywhere. However, the nonlinearity needed to be present otherwise the
network would merely be implementing a linear transformation and therefore could be
reduced to a single layer network. The introduction of a sigmoidal activation function

made it possible to derive a gradient descent algorithm.

The backpropagation algorithm essentially provides a means of adapting the weights
W;; in a MLP to learn the training pair {z;,d;} in a minimum least sqﬁares sense. A

derivation of the algorithm is provided in Appendix A.

The backpropagation algorithm can be summarised as follows :

1. Randomly initialise the weights such that, for example, W7 € R[—0.5,0.5]
2. Apply the inputs to the network y? = z;

3. Generate the outputs for the following layers (forward pass)

g = g(h") = g(Q_WZyr™) (2.7a)

J
4. Compute the delta for the output layer
s = g'(hM)[di — 4]

= gl(z ml}ly?/!—l)[di _yf\J] i=1,...,N (27b)
i

5. Propagate the §’s backwards to get the the §’s for the inner layers

Mt = g'(RPTY) YW m=M,...,1 (2.7¢)

t

45



6. Calculate the change in weights
AW (k) = némyr=? (2.74)
7. Calculate the new weights
Wik +1) = WE(k) + AW (k) (2.7€)

8. Go back to step 2 and repeat for the next time step.

where the neural network has M layers, m =1,..., M and

y™ is the output of neuron ¢ in layer m,

y?  is the ith input = =;,

W is the weight for the connection from the jth node
in layer m — 1 to the zth in layer m,

d; is the desired response of the i¢th output node, and

N is the number of nodes in the output layer.

The learning rate (n) is related to the size of the step taken along the error surface when
adjusting the weights. A small learning rate means that only small steps are taken down
the error surface, resulting in a smooth, virtually continuous path of descent. However,
with a small learning rate it is possible to become stuck in a local minima, giving a
sub-optimal solution. With a larger learning rate, bigger steps are taken and thus the
time taken to reach a minima is smaller. However, with a larger learning rate, it is also
possible to step over a narrow valley that may contain the global minima, but on the
other hand it is also possible to step out of a valley containing a local minima. Hence, a
trade-off between speed of convergence and optimality of the solution must be considered

in setting the learning rate.

As shown above, the weights are usually initialised to small random values. This gen-
erally ensures that the search is started in a relatively safe position [82]. Nguyen and
Widrow [170] have suggested an alternative method for choosing in the initial values of
the adaptive weights. Rather than randomly initialising all of the weights over a particu-

lar region say {—0.5,0.5}, Nguyen and Widrow suggest randomly initialising the weights
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of each hidden node over a distinct, but slightly overlapping smaller linear region. This

is shown to result in a large reduction in learning time.

A complaint which is often made about the backpropagation algorithm is that learning
can be very slow [77]. The reason for this is that the error surface for the MLP has
a number of flat spots. As the step size for each update is given by nAW, with the
learning rate n usually fixed, then the actual steps taken along the error surface are
determined by the gradient at that point. This means that on the commonly occurring
flat portions of the surface, the gradient is small and thus the gradient search will move
slowly along these regions. Therefore, learning is also slow. One method to speed up
the learning process is to adapt the learning rate according to the local curvature of
the surface [91, 200]. The simplest method is to add a momentum term of the form

(W (k) — W7 (k — 1)) to each weight update, so that equation (2.7e) becomes
Wik +1) = W7 (k) + AWT (k) + (Wi (k) — WT(E - 1)) (2.8)

where 0 < a < 1 is the momentum constant and is typically chosen as 0.9. The mo-
mentum term makes the current search direction an exponentially weighted average of
past directions. This is essentially a low pass filter applied to the search direction, so
that rapid fluctuations are filtered out and thus the remaining trend will be towards a
more global minimum. Furthermore, the addition of a momentum term helps with the
problems associated with travelling along flat regions of the error surface after descend-
ing from steep portions. It has been shown that a momentum term helps to speed up

convergence quite significantly {91, 258].

A primary reason for using a MLP in control and signal processing is its ability to imple-
ment nonlinear transformations for functional approximation problems. Training a neural

network using input-output data can be considered a nonlinear functional approximation

problem [80].

It has been shown by Cybenko [40], Hornik et al. [74] and Funahashi [55] that multi-
layered neural networks with an arbitrarily large number of nodes in the hidden layer
can approximate any continuous function on a compact subset of the input space to a
desired degree of accuracy. In particular, a continuous function can be approximated by

a feedforward network with only a single internal hidden layer, where each node has a
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sigmoidal nonlinearity. Other forms of nonlinearities were also considered. Funahashi’s

theorem on the existence of an approximation function is given below.

THEOREM 2.2.1 Funahashi’s Theorem

Let ¢(z) be a nonconstant, bounded and monotonically increasing continuous function.
Let K be a compact subset of R? and f(z1,...,z,) be a real valued continuous function on
K. Then for any € > 0, there exists an integer N and real constants ¢;,0:{i =1,...,N)
and Wi;(i =1,...,N;5 =1,...,p) such that

N i

A

f(xl, BN ,:Itp) = Z Ci¢(z ‘/V,'jwj — 0'.') (29)
i=1 7=1
satisfies maxzex | f(T1,...,2p) — Fzy,...,2,) |< € where ols are bias weights.

This theorem, and the equivalent theorems provided by Cybenko [40] and Hornik et
al. [74], are existence theorems. They provide no information about the number of
nodes required to approximate a nonlinear function. In general, the appropriate size of a
network for a given problem is difficult to establish. Furthermore, because of the unique
demands for the networks that each problem imposes, this problem is unlikely to be
solved for a general case. Baum and Haussler [16] have found that if the network is too
small it will not be able to form a good model for the problem. On the other hand, if the
network is too big, it may be able to form a number of solutions that are consistent with
the training data, but most of which provide only a poor approximation to the problem.
Generally the number of nodes in the network is chosen using heuristic rules based upon
past experience or some specific knowledge of the structure of the problem. For the case
of a two-layer network (i.e., one hidden layer and one output layer), Huang and Huang
[76] have derived a least upper bound for the functional approximation problem. They
found that the number of hidden nodes should be one less than the number of training
samples. In practice, however, it is desirable that the number of hidden nodes is much
less than the number of training samples in order to prevent the network from simply

memorising the training samples [83].

On the topic of the number of hidden layers required to approximate a function, Cybenko,

Funahashi and Hornik et al. [40, 55, 74] have mathematically proved the approximation
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capabilities of multilayered neural networks with as few as one hidden layer. However,
Chester [34] has given theoretical support to the empirical observation that networks with
two hidden layers perform better in terms of accuracy and generalisation capabilities than
a network with one hidden layer. Furthermore the overall number of processing units
is less with two hidden layers. Blum and Li [21] have shown that there is a class of
piecewise constant functions which cannot be implemented by a two-layer McCullogh-
Pitts network. They show that three-layer networks are, in general, required to perform
simple function approximation. Whilst Blum and Li, and Chester demonstrate the need
for 2 hidden layers in terms of numerical accuracy and total number of neurons, Sontag
[222, 223] has shown that nonlinear control systems can be stabilised using 2 hidden
layers, but not, in general, using one. His reasoning is based upon the fact that control
laws for nonlinear systems require the use of discontinuous mappings, which cannot be
approximated well by single hidden-layer networks. In practice, the question of how
many hidden layers would be best for an approximation problem is similar to the issue
of the number of hidden layer nodes, in that the answer depends largely on the problem

being considered.

Other Learning Algorithms

Apart from the backpropagation algorithm, a number of other supervised learning ap-
proaches have been recently developed [11, 32, 131, 198, 213]. In [11], a learning process
for MLP’s based on the recursive least squares algorithm is developed by Azimi. The
method iteratively minimises the global sum of the squared errors between the actual
and the desired output values. The weights in the networks are updated by recursively
solving a system of normal equations. An analog of the backpropagation algorithm is
used to determine the desired target values for the hidden layers. Simulations results

indicate a very fast convergence behaviour for the proposed algorithm.

Chen et al. [32] have developed a recursive prediction error algorithm for the training
of a MLP. The algorithm is based on the standard recursive prediction error algorithm
provided in [130] and modified so that it can be integrated into the parallel structure of

the network. The main drawback with the algorithm is that it is computationally more
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complex than the backpropagation algorithm, but it is claimed that it is likely to be

more efficient in terms of convergence.

In the paper by Loh and Fong [131], the backpropagation algorithm is re-cast as a
generalised least squares algorithm. The proposed method is an iterative procedure
developed for a nonlinear identification problem. By using the generalised least squares
algorithm, the learning rate is replaced by a general gain matrix derived from all the
previous data. Simulation results are used to show its rapid rate of convergence compared
with the backpropagation algorithm. However, as with [32], this is also achieved with an

increase in computational complexity.

Singhal and Wu [213] have suggested the use of the extended Kalman filter to train
the weights in a multilayer perceptron. A standard Kalman filter attempts to estimate
the state of a system that can be modelled as a linear system driven by additive white
Gaussian noise. The measurements available of linear combinations of the system states
corrupted by additive white Gaussian noise. In the approach presented in [213], the
weights of the MLP are the states that the Kalman filter attempts to estimate and the
output of the network is the measurement used by the Kalman filter. As the multilayer
perceptron is being considered, the extended Kalman filter is used. This algorithm uses
the Gauss-Newton search direction in which the negative gradient is multiplied by the
inverse of an approximate Hessian matrix of the given criterion . This is claimed to be a
more efficient search direction than the steepest-descent approach of backpropagation and
thus it results in a significant improvement of the convergence performance. However, it
also results in an increase in computational complexity and the weight update requires
a centralised processing and so the parallel structure of the MLP is not exploited. Ruck
et al. [198] have performed a comparative analysis of backpropagation and the extended
Kalman filter approaches and found that (1) the backpropagation algorithm is a degen-
erate form of the extended Kalman filter, (2) the backpropagation algorithm sacrifices a
great deal of information about the weights that the extended Kalman filter uses, but (3)
the backpropagation is computationally more efficient, achieves comparable classification
performance and is a superior training algorithm in terms of accuracy as a function of

computational cost over the extended Kalman filter.
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Radial Basis Function

Another commonly used feedforward artificial neural network is the radial basis function
(RBF) network [26, 158, 185, 226]. A RBF network consists of two layers in which the
hidden nodes consist of basis (or kernel) functions which produce a localised response
to the input vector, i.e., they produce a significant response when the input vector is
within a small localised (radial) region of the input space defined by the basis function.
The output nodes perform a simple linear combination of the basis function outputs.
Due to the localised nature of the basis functions, RBF networks are often referred to as
localised receptive field networks [158]. A block diagram of an RBF network is shown in
Figure 2.6.

input vector hidden layer 1 output layer

Figure 2.6: A radial basis function network

Radial basis functions get their names from the fact they employ Gaussian kernels that
are radially symmetric. Therefore each node produces an identical output for inputs that
are at a fixed radial distance from the centre of the kernel. The output from each node

and the subsequent network output is given by

di(z) = exp (—(:E — r‘;z(: — 1')) 1=1,...,Np (2.10a)
N
y = Z:Wifbi(fﬂ) (2.10b)

where ¢; is the output from the ¢th node in the hidden layer,

x is the input vector,
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z; is the centre of the basis function of hidden unit 1,

o; is the normalisation parameter of the ith node, also called the width,
Ny, is the number of hidden layer nodes,

W; are the weights in the output layer, and

N is the number of output nodes.

The radial basis function can be considered to be a hybrid network, consisting of an
unsupervised learning part (learning in the hidden layer) and a supervised learning part
(learning in the output layer). The unsupervised part of learning is the determination of
the basis centres z; and widths o;. An approach for determining these values is the K-
means clustering algorithm. This approach involves firstly randomly choosing the initial
cluster (basis) centres z;. Usually these are set to the first /N training samples. Then
all of the training patterns are grouped together with their closest cluster centre. For
each group of samples, the new cluster is calculated as the mean of the sample values.
The process is then continued until there is no change in the centre values. Once the
clustering algorithm is complete, the normalisation parameters (or basis width) o; are
then calculated. These are often chosen using the P-nearest neighbour heuristic [158].
The P = 2 nearest neighbour heuristic calculate the Euclidean distance between each

cluster centre and its two nearest neighbours [226]

IV

1 2
o =ﬁ(($i —z5)") (2.11)

where (.), is the average over the P nearest neighbours.

Moody and Darken [158] use a global value of o = o;, which is the average of (2.11) over
all cluster centres. Once the basis centres and widths have been determined they are
usually held fixed. By doing this, the RBF network can be considered a special two-layer
network which is linear in the parameters W;. Thus the hidden layer performs a fixed
nonlinear transformation with no adjustable parameters and it maps the input space
into a new space with the only adjustable parameters being the weights of the linear
combination given by equation (2.10b). These parameters can be determined using the
linear least mean squares method, which is an important advantage of this approach. This

represents the supervised learning stage of this approach. The weight update equation
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is given by
Wi(k + 1) = Wi(k) — n(y: — di)di(z) (2.12)

More recently Chen et al. [33] have developed a systematic approach to the selection of
RBF centres based on the orthogonal least squares algorithm. This approach is shown to
be far superior than a random selection of RBF centres. Furthermore, in this approach,
the selection of the centres is directly linked to the reduction of the error signals of the

network.

As with the multilayer perceptron, the radial basis function network has been shown to
be able to form an arbitrarily close approximation of any continuous nonlinear function
(68, 178]. Therefore RBF networks are also used in time series prediction problems

[33, 93, 158, 148] and identification and control [51, 79, 186, 202, 203, 204, 234, 235].

2.3 Dynamic Systems Modelling Using Artificial Neu-

ral Networks

Many forms of neural networks are used in the modelling of nonlinear dynamic systems,
including modified versions of static networks such as the multilayer perceptron and the
radial basis function, and dynamic networks such as the continuous-time and discrete-
time recurrent neural networks. In this section the use of the major networks in dynamic

systems modelling is discussed.

2.3.1 Time Delay Neural Networks

A time delay neural network (TDNN) is a modification of a static network such as
the multilayer perceptron or the radial basis function which is used to model dynamic
systems. It is formed by feeding the input sequence into a tapped delay line of a specified
length and then feeding the taps from the delay line into the static neural network. A
diagram of a TDNN is shown in Figure 2.7.

Such a network is capable of modelling nonlinear systems in which the output has a finite
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Figure 2.7: Time delay neural networks

temporal dependence on the input [83]:

yp(k) = f(u(k),u(k —1),...,u(k —m)) (2.13)

These networks can be trained using the conventional backpropagation algorithm. TDNN
have been widely applied to the problem of speech recognition {119, 129, 239, 240], time
series prediction [93, 94, 120, 148] and identification and control {28, 169, 166].

Feedback can be incorporated into the above structure by simply feeding back the output
of the network through a second tapped delay line. The architecture is considered by
Narendra and Parthasarathy in [169] for use in the identification and control of nonlinear

systems. A block diagram of such a system is given in Figure 2.8.

yp(k)
[ |

Multilayer Perceptron ]

i A A
uk) | uk-1)| eee uk-m) lI)\’p(k—n) YY) yp(k—-2) yp(k—l )

u(k) ——— Tapped Delay Line Tapped Delay Line <

Figure 2.8: TDNN with output feedback
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The architecture is very general and can be used to model nonlinear systems of the form

yp(k) = fyp(k), ..., yp(k —n),u(k),...,u(k —m)) (2.14)

The architecture shown in Figure 2.8 is often referred to as a paralle]l model because
the previous outputs of the identification model (namely §,(k — 1),...,9,(k — n)) are
fed back to generate the current model output. In practice, a series-parallel model is
generally used. In a series-parallel model, the actual output of the plant, rather than the
neural estimate of the plant output, is fed back into the neural network approximating the
plant dynamics. Reasons for choosing a series-parallel model over a parallel identification

model are provided in the next chapter.

If time delay neural networks are to be used for the identification and control of nonlinear
systems (2.14), then the number of delayed values of plant input (m) and plant output (n)
need to be known a priori. This knowledge enables the required number of taps for the
network to be determined to achieve a good approximation of the nonlinear system. Over-
parameterisation (choosing too many taps) or under-parameterisation (too few taps)
often results in the model being very sensitive to noise dynamics or grossly inaccurate.
Furthermore, as shown by Baum and Haussler [16], a neural network with excess degrees
of freedom has bad generalisation performance. The adequacy of a particular model
is also affected by such factors as insufficient hidden nodes, poor choice of learning
rate and noisy data. In the work presented in this thesis, these values are assumed
to be known. However, if the number of taps cannot be known a priori, then several
approaches can be used to determine the appropriateness of a particular model. One may
use the magnitude of the identification error as a guide to validate the neural network
identification model. However, this is unreliable as a poorly chosen model may produce
an equally good identification error as the correct model for a particular data set. A
more quantitative method of model validation, suggested by Billings et al. , is that if
a model of a system is adequate then the identification error should be unpredictable
from all linear and nonlinear combinations of past inputs and outputs. Therefore, the

following correlation conditions should hold if a particular model is valid:
bee(t) = Ele(k— 1)e(k)] = 6(7) (2.15a)
$uc(t) = Eu(k—r1)e(k)]=0  Vr (2.15b)

39



$a(r) = E[(u*(k—71)—a?(k)e(k)]=0  Vr (2.15¢)
$aa(t) = E[(W(k—71)—a*(k)e)]=0  Vr (2.15d)
bu(e)(1) = El(e(k—T)e(k—1—=7)—u(k—1-7))]=0 >0 (2.15€)

where 4?2 is the signal u? with the mean level @? removed and the correlation function
between two sequences 1, and 1, is

N-r

P1(k)2(k + 7)
¢1/1111J2 (T) = —+=1 1 (216)

é w(k) g%

The correlations are normalised such that —1 < ¢y, 4,(7) < 1. For a large data set N,
the standard deviation of the correlation estimate is 711-\,- and therefore the 95% confi-
dence limits are approximately %. These limits are used to indicate if the estimated

correlations are significant or not.

For linear systems, well-established tests are available for validating the estimated model.
In particular, the well-known covariance tests, which consist of calculating the autocor-
relation of the residuals (2.15a) and the cross-correlation between the residuals and the
input (2.15b), are commonly used. However, as shown by Billings and Voon in [19], the
covariance tests are not sufficient to validate a model of a nonlinear system. As a result
additional tests (2.15¢c — 2.15e) are derived for a particular class of analytic nonlinear
systems [19]. Neural networks can be used to model a wider range of nonlinear systems.
Therefore, it is impossible to state that the correlation tests will be able to detect all of
the possible nonlinear terms that the neural network represents. However the simulation
results considered here and by Billings et al. [18] indicate that these tests are useful tools

in the analysis of neural networks for the modelling of nonlinear systems.

Model validity tests such as this are applied to detect if there are any unmodelled terms in
the residuals which will result in biased estimates when they are omitted from the model.
However, the above tests can only be applied when a noise process is also present. The
tests can be applied to systems in which the noise is additive at the output, such as sensor
or measurement noise, or where it enters the system internally and thus is coloured by

the dynamics of the system, known as dynamic noise. In the tests, it is assumed that
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worst possible combinations of signal properties exist, i.e., the input u(.) and noise v(.)

are independent zero mean processes, v(.) is white and u(.) may be white.

The following example is used to highlight the effectiveness of a correctly chosen time
delay neural network in modelling a nonlinear dynamic system and the usefulness of the

model validity tests.

EXAMPLE 2.3.1 Consider the nonlinear system defined by the difference equation

) _ g3(k) + 0.5u(k) + 0.5u(k — 1)
y(k+1) = T+ 7200

p(k+1) = glk+1)+n(k+1) (2.17)

The plant is nonlinear in output and control, and the nonlinearities are not separable.
The plant output ¢(k + 1) is corrupted by a white measurement noise n(k + 1), thus
resulting in the measured plant output of y,(k + 1). The input-output pair {u(.),ys(.)}

is used to train the neural network.

A correctly parameterised model for this system consists of a neural network with the in-
put vector z(k) = [yp(k), u(k),u(k—1)]T and thus can be represented by the identification

model

Ye(k + 1) = N[yp(k), u(k), u(k — 1)] (2.18)

An over-parameterised model is represented by the equation

Yop(k +1) = Na[yp(k), yp(k — 1), yp(k — 2), u(k), u(k — 1), u(k - 2)] (2.19)
and an under-parameterised model by

Yup(k + 1) = Na[yp(k), u(k)] (2.20)

The neural networks Ny, Nz and N3, which are of the form Q3 50 10 1, Q2 50,10,1 a1d O3 20,10,15
respectively, are trained with a zero mean random input signal u(k) € R[—1,1] and a
noise process n(k) € R[—0.1,0.1] for 10,000 iterations with a learning rate of n = 0.1
and a momentum rate of @ = 0.9. The resultant prediction errors are ¢; = 0.0065,
€; = 0.0066 and €3 = 0.0573. The identification responses for the three models are given
in Figures 2.9a, 2.9b and 2.9c.
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Figure 2.9: Response of the plant
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As can be seen from these figures, the identification results are very good for the correctly
parameterised case and the over-parameterised case, but are very poor for the under-
parameterised case. The poor performance of the under-parameterised case is primarily
due to the fact that the u(k — 1) term is neglected in the identification model, but it
has a significant effect on the plant response. These figures also highlight the deficiency
in using the identification error to try and determine the appropriate neural network
parameterisation. In this example, the over-parameterised model consists of three extra
terms (y,(k—1), yp(k—2), u(k—2)), yet it virtually has an equivalent identification error as
the correctly parameterised model. Not only does the over-parameterised model require
additional weights and thus greater computation time than the correctly parameterised

case, for an alternative data set it is likely to perform significantly worse.

The model validity tests are then carried out for each model with a zero mean uniformly
distributed white noise input u(k). The results are shown in Figures 2.10a, 2.10b and

2.10c.

The results for the correctly parameterised model given in Figure 2.10a illustrate that all
of the validity tests, except ¢ ,, are satisfied. However as shown in [20], if a additive noise
process is being considered then the correlation terms e, ¢ue and ¢¢(cu) are of principle
importance in determining the validity of a model, whereas the remaining terms ¢,
and ¢, , help to determine the validity of the model when dynamic or internal noise
is also present. Therefore, for the system considered, the correlation results given in

Figure 2.10a verify that the model considered is the correct model.

The results given in Figure 2.10b indicate that several of the correlation terms are outside
the 95% confidence limits for the over-parameterised case. In particular, the terms ¢,
and ¢(cy) indicate that the model is dgﬁcient in some way. Therefore, the results confirm
that the correlation tests are a better method of determining the validity of a particular
model than comparing identification errors. However, a point which must be noted for
both the correctly parameterised model and the over-parameterisation model is that
although . =~ &, this autocorrelation will never exactly be the delta function because

both the system inputs and outputs have been used as input nodes to the network.

The model validity test for the under-parameterised case are provided in Figure 2.10c.
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Figure 2.10a: Model validity tests for a correctly parameterised identification model:
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These results show that all of the correlations are well outside the residual noise correla-
tion ¢ and the cross-correlation ¢,., confirming that the under-parameterised model is

severely deficient for the given system.

Hence, if prior knowledge of the number of delayed values of plant input and plant output
is not available, then the main conclusions which could be drawn from the above results
are that the correct model for the system considered would be the first one analysed and

that the remaining two models are deficient in some way.

In the examples considered here, uncorrelated white noise is added to the output as
sensor noise. However, if coloured noise (either coloured sensor noise or dynamic noise)
is present then the noise process would induce bias in the neural estimate. This bias
means that although the neural network provides good prediction over the data used
in training, it is valid over that data set and may not perform as well for different
sets. Therefore, the neural network performs a curve-fitting role, rather than modelling
the underlying system dynamics. This defeats the purpose of using neural networks to
model nonlinear systems. It is therefore very important to eliminate this bias. This can
be achieved if the residual becomes uncorrelated with respect to past measurements of
the system response. One way to do this is to model the noise as well. For an additive
coloured noise source, the neural network identification model can also be used to model
the noise process by incorporating extra input terms to represent the noise process, e.g.,
z(k) = [y(k),u(k),u(k — 1),n(k),...,n(k — p)}¥, where p is the maximum lag of the

noise process. This issue is dealt with in more detail in [18].

2.3.2 Dynamic Neural Networks

Dynamic or recurrent neural networks can offer great advantages over feedforward neural
networks in certain problems. Dynamic networks are particularly appropriate for iden-
tification, control and filtering applications. However, one difficulty with these networks
is developing learning algorithms, particularly gradient search based algorithms. This
is because the output of the nodes in a recurrent network is a recursive function of the

output of the nodes from the previous time step and thus the calculation of the gradient
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is also a recursive computation. This makes the learning algorithm far more complex.

A model of a continuous-time recurrent network [71, 79, 184] is given in Figure 2.11. This
network consists of a single layer of nodes which are fully interconnected. The dynamics
of the network are described by the following differential equation
N
Tigi(t) = —yi(t) + g(Z1 Wijyi() +w) 1=1,2,...,N (2.21)
5=
where 7; is a positive constant,
y; 1s the state of the zth node,
W, is the weight connecting node j to node ¢z,
u; 1s the input to the ¢th node, and

g(.) is the nonlinear (sigmoidal) activation function.

_ -
g T P + 4

W ——
7
N

Figure 2.11: Continuous-time recurrent neural network

The discrete-time version of the continuous-time recurrent neural network, called the
discrete-time recurrent neural network [194, 250], is shown in Figure 2.12 and is described
by the following difference equation

yi(k+1) = g3 Wiy;(k) + ui(k)) (2.22)

i=1

Recurrent neural networks possessing the same structure can exhibit different dynamic
behaviour, depending on the learning algorithm used. Therefore, recurrent neural net-
works are defined not only by their structure, but also by the learning rules used. There
are two general approaches to the training of recurrent neural networks, fixed point
learning and trajectory learning. Fixed point learning is aimed at making the network

reach a desired equilibrium or fixed point. This requires that the transients die away and
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Figure 2.12: Discrete-time recurrent neural network

that the fixed point is a stable attractor. In trajectory learning, the network is trained
to follow the desired trajectory in time. Trajectory learning can be considered to be a
generalisation of fixed point learning as when ¢ — oo, the trajectory will also reach a

prescribed steady state.

Fixed Point Learning

It can be seen from equation (2.21) that a fixed point for the network (i.e., where y = 0)
is given by
N
& = 9O Wijyi(t) + u) (2.23)

=1
The error measure for the fixed point is defined as

E= %ZEZ (2.24)
k
where
— if £ is an output unit
E, = Ek—yk 1 output uni (2.25)

0 otherwise

During fixed point learning, the network does not receive any external inputs. It is
excited by the initial conditions and evolves with £, as a constant reference signal. This

is achieved using recurrent backpropagation [184].

Trajectory Learning

Trajectory learning is a more appropriate scheme for dynamical systems modelling as

it involves training a recurrent neural network to follow a desired trajectory (or input-
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output sequence) in time. For this case the error for the recurrent network defined by

the differential equation (2.21) is given by

B =5 [ 1)~y ~ y()ldr (226)

where d(7) is a vector of the desired trajectories and t; is a constant for an off-line scheme
or a variable for an on-line scheme. The discrete-time equivalent of the system (2.22) is
given by t
1

B = 5 2[dr) - s () () (227
In order to train a recurrent neural network to minimise the above functions, a new learn-
ing rule is required. Conventional backpropagation cannot be used as it does not allow
for modifiable recurrent connections. Recurrent backpropagation will not suffice either
as it assumes constant inputs and an approach to a fixed point or attractor, whereas the
interest here is in input-output sequences. The simplest method of achieving trajectory
learning is a scheme called backpropagation through time which was originally suggested
by Minsky and Papert [152], combined with backpropagation by Rumelhart et al. [200]
and elaborated by Werbos [245]. The basis of the scheme is to replace a one-layer recur-
rent neural network with a feedforward one with ¢; layers. This is often referred to as
“unfolding the network through time”. The resultant unfolded network is strictly feedfor-
ward and can be trained using standard backpropagation. Further details can be found
in [79, 80, 245]. A continuous version of backpropagation through time is introduced by
Pearlmutter in [181] and can be applied to the system described by equation (2.21) and
error function (2.26). One problem with backpropagation through time is that it is mem-
ory exhaustive as it requires the storage of several copies of the network. This memory
requirement grows as the length of the training sequence grows. Another approach com-
monly used is real-time recurrent learning [194, 250]. Whereas backpropagation through
time is inherently an off-line technique, real-time recurrent learning is essentially an on-
line algorithm in which the gradient is calculated recursively. The primary advantage
with this method is that it is more memory efficient than backpropagation through time,
however it is computationally expensive because of its recursive nature. Further details

about real-time recurrent learning can be found in [80, 194, 250, 254].
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2.4 Neural Adaptive Control Architectures

Some of the most popular nonlinear control schemes are the geometric approaches such as
tfeedback linearisation, input-output linearisation and output feedback control. However,
as shown in Chapter 1, these methods require a number of assumptions to be made
about the system. In particular, such approaches assume the following continuous-time

canonical model
i = f(a) + g(z)u (2.23)

which, although fairly general, is not universal. The great diversity of nonlinear systems
is the main reason that adaptive design techniques for nonlinear systems have yet to be
established for a general class of systems. This is in contrast to linear system theory

where control schemes are well established for a general class of plants [167, 205].

From the control point of view, artificial neural networks offer an alternative to the
conventional approach. In particular, it is their ability to represent nonlinear mappings
and hence to model nonlinear systems which can be utilised in the synthesis of nonlinear
controllers. As a result, a number of neural network based control approaches have been
developed in recent years. These can be broadly categorised into four major approaches:

supervised control, inverse control, adaptive critic and neural adaptive control.

The basic idea of supervised control is to train a neural network to mimic the actions of
an existing controller. The earliest example of a supervised control system is the broom
balancing system of Widrow and Smith [248]. In this system the teaching controller, on
which the neural network is trained, implements a linear switching surface. A similar
approach is adopted by Guez ad Selinsky [62]. In this paper a neural network is trained
to mimic a “teacher” which controls a cart-pole system. Three main types of “teacher”
are considered: explicit linear control law, explicit nonlinear control law or a human
operator. Hecht-Nielsen [70] also considers the issue of training a neural network to

control a cart-pole system using a human teacher.

The inverse control approach was first suggested by Psaltis et al. [189]. The basic idea
is that a neural network is trained to emulate an inverse system model, and then this

inverse model is cascaded with the plant such that the combined system results in an
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identity mapping between the desired response (reference input to the controller) and the
controlled system output. This approach has several limitations when nonlinear systems
are being considered. Firstly, the inverse of a nonlinear system may not exist, and if it
does, it may not be unique. Secondly, such an approach is limited to systems with equal
number of inputs and outputs. Finally, the approach is an open-loop feedforward control
scheme and thus the robustness of such a scheme can be poor. This lack of robustness
can be attributed primarily to the absence of feedback. However, this problem can
be overcome to a certain extent by using an on-line scheme, such as the specialised
learning architecture [189] or the forward modelling approach [96]. One problem with
such schemes is that the weight update equation for the controller network is difficult
to derive. This is because the plant is located between the controller network and the
output error. Therefore, in order to obtain the appropriate error for the controller output
it is necessary to find the Jacobian of the plant. Psaltis et al. [189] consider a first order
approximation of the plant Jacobian. Jordan and Jacobs [96] have shown that the plant
Jacobian can be obtained by backpropagating the output error through a neural network
which identifies the plant. As a neural network is used to model the plant, this scheme
is often referred to as forward modelling or indirect inverse control. These issues will be

discussed in more details in the next chapter.

The adaptive critic approach is an extension of the reinforcement learning method. Unlike
other neural control approaches, where the aim is to determine the control outputs from
desired plant responses, the adaptive critic scheme involves determining the control that
would lead to an increase in a measure of the plant performance. This measure is not
necessarily defined in terms of the desired response. This approach generally consists of
two neural networks: a critic network and a controller network. The critic evaluates the
plant performance and then generates an evaluation signal which is used in conjunction
with a reinforcement learning algorithm to train the controller network. Such a scheme

is used by Barto et al. [15] for a cart-pole system.

The final major neural control approach is neural adaptive control. This approach is
perhaps the most popular neural control scheme, particularly amongst the control com-
munity. This is because neural adaptive control involves the incorporation of artificial

neural networks into conventional control frameworks such as model reference adaptive
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control, self-tuning regulators and feedback linearisation. In the remainder of this section,

some of the recent neural adaptive control approaches will be reviewed.

One of the seminal publications in neural adaptive control is the paper by Narendra and
Parthasarathy [169]. The paper demonstrates that the use of artificial neural networks
in the identification and control of a wide range of non-trivial nonlinear systems is feasi-
ble. Four different classes of discrete time single input-single output (SISO) systems are

considered. These can be described by the following nonlinear difference equations :

e Model I
n—1
bk 1) = 3 aigplk — i) + gluk),u(k = 1), u(k —m+ 1)) (2.29)
1=0
e Model II

b+ 1) = (8, sk — 1), oo gy =+ D]+ 3 beulk =) (230)

1=0

e Model III

yp(k+1) = f[yp(k)ayp(k_ 1)a T 7yp(k_n+ 1)] +g[u(k),u(k—— 1)’ T ’u(k_m+1)]
(2.31)

e Model IV

ok +1) = flyp(k), ok = 1), 0k =+ Dsu(k),ulk — 1), u(k = m +1)]
(2.32)

where f(.) and g(.) are nonlinear functions, u(k) € R is the scalar control and y,(k) € R
is the scalar output, m < n, a; and b; are scalar constants and the plants are minimum
phase with known order and relative degree. In Model I, the plant is linear in output, but
nonlinear in control, whilst in Model II, the opposite is the case. In Model III, the plant
is nonlinear in output and control, but the respective nonlinear functions are separable,
whilst in Model IV they are not. Model IV clearly encompasses the other three models

and is thus the most general model.

In the paper, Narendra and Parthasarathy successfully implement a neural network em-

ulator for plants belonging to each of the four models. However, in models where linear
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terms exist, they assume that these are known and only identify the nonlinear parts of
the plant. In the case of Model III, where two nonlinear functions exist, they imple-
ment two neural emulators, one to identify the nonlinear function f(.) and the other to
identify the nonlinear function g(.). A multi input-multi output (MIMO) system is also
successfully identified.

The problem of designing a controller, such that the output of the plant tracked the out-
put of a stable reference model, is then considered. In designing the controller, Narendra
and Parthasarathy assume that control and output terms are separable and that the linear
terms present are known or can be separately identified. Furthermore, when controlling
plants belonging to Models I and III, they assume that the inverses of the operators on
the control u(k) exist and can be approximated. A control structure for a plant belonging
to Model IV is not considered as it is regarded as being analytically intractable. In spite
of its limitations, the results provided show that the method is very effective, in terms

of good tracking and identification.

The approach proposed in [169] 1s best highlighted by the following example.

EXAMPLE 2.4.1 Consider the plant described by the following difference equation

yp(k+1) = #”(y’%c; + u3(k) (2.33)

The plant equation is nonlinear in output and control, and their respective nonlinear
functions are separable. It thus belongs to Model III. In [169] two neural network em-
ulators, Ny and N, are used to emulate the separable nonlinear functions f(y,(k)) and

g(u(k)). The identification model used is
Jp(k +1) = Nylyp (k)] + Ny[u(k)] (2.34)

Both neural networks belonged to the class 3 590, and are trained over the interval

[—10,10] and [—2,2], respectively. The reference model used is of the form
Ym(k +1) = amym(k) + (k) (2.35)
and thus the control input is given by

u(k) = Ny-1[—Nylyp(k)] + amys(k) + (k)] (2.36)
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where N,-1 is a neural network of the class Qf ,; 4, trained to estimate of the inverse
of the nonlinear function in control, ¢(.) and a., is a prespecified constant. Ng-1 is
trained such that N,[N,-:1[r]] & r over the interval r € [—4,4]. Good tracking results are

achieved for r(k) = sin(%) + Sin(aLok)

REMARK 2.4.1 Control laws of the form of equation (2.36) will be referred to as

explicit control laws as they are analytical equations for the control input which rely on

knowledge of the plant structure. For ezample, in equation (2.36) the control law is
generated by incorporating the neural estimate of the nonlinear function in the output and
the neural estimate of the inverse of the nonlinear function in control into a difference
equation whose form is governed by knowledge that the plant output is simply the sum of

the outputs from these nonlinear functions.

This example highlights how the approach presented in [169] relies on the assumption
that any separability of control and output data is known and can be utilised and that

the inverse of a function exists and it can be identified.

Another neural adaptive control proposed by F-C. Chen [28, 30, 31] uses neural networks
to approximate the Lie derivatives of a plant of the form (1.18) and then a feedback
linearizing control is generated to ensure the output of the plant tracks the desired
signal. More specifically, Chen and his co-authors consider a SISO «-th order system

with a normal form? as follows:

T, = I3

by = f(z) +g(e)
y = hiz)=m=
(2.37)

where © € R” and f(.) = L}h(z) and g(.) = LyL} ' h(z) are smooth functions, where

h(z) = z; in [31]. As shown in Chapter 1, differentiating the output y with respect to

2Refer to Chapter 1 for a detailed discussion of the normal form of a nonlinear system and input-
output linearisation techniques.
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time 7 times leads to the input-output form of the above normal system
y? = Lih(z) + LgL}'—lh(:v)u (2.38)

for which the control
1

“ T LT h()

results in the simple input-output linearised system

(=Lh(z) +7) (2.39)

Yy = (2.40)

The aim of the control approach presented in [31] is for the plant output y to track a

reference trajectory y,,. In [31] the the reference input is defined as
r=y —k,_1e,—... — koe (2.41)
where the constants k; are chosen such that the polynomial
K(p)=p" +kyp" ' +...+ kip+ ko (2.42)

has all of its roots strictly in the left half plane. Thus the control input (2.39) is shown

to result in error equation

e’ +ky_1e7 4+ ke (2.43)

where e is the tracking error. A local convergence theorem for the above tracking error
is then provided in [30, 31] which relies on the assumptions that (1) the Lie derivative
L}h(z) vanishes at the origin, (2) LgL}_lh(:v) is bounded away from zero, (3) the system
is minimum phase, and (4) that the Lie derivatives can be exactly represented by a

multi-layered neural network without bias weights.

The above two schemes are limited by the fact that an artificial neural network can
only approximate the plant over a specified finite region. Recently, Sanner and Slotine
[202, 203, 204] have proposed adding a sliding control term to the control law. The sliding
control term takes over from the neural adaptive component when the state moves outside
of the region on which the network approximation is valid. When the state of the plant
returns to the region where the neural network provides a good approximation, then the
sliding control is turned off. The control law thus has a dual character acting as either a

sliding controller or a neural controller depending on the position of the plant state. To
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avoid control chattering (high control activity) occurring along the boundary between
the two types of operation, a modulation function is incorporated to control the degree to
which each component contributes to the control law. This ensures a smooth transition

between the adaptive and sliding control strategy.

A similar scheme is adopted by Tzirkel-Hancock and Fallside in [235]. A sliding control
term is used in conjunction with a neural control approach proposed in [234]. As with
[202, 203, 204], the sliding control compensates for uncertainties in the plant nonlinear-
ities outside the state region in which the network approximation is used. The neural
control method is based on neural network approximation of the Lie derivatives of the
continuous-time nonlinear system. Adaptation of the network weights is based on Lya-
punov stability results. An input-output linearisation scheme is used to make the system

output track a desired reference signal.

Polycarpou and Ioannou [186] similarly consider a stability based network adaptation
scheme. However, the neural networks are embedded in a certainty equivalence based
control scheme in which the neural networks are used to model the nonlinear functions
f(.) and g(.) of a first order continuous-time system of the form (1.18) rather than
their Lie derivatives. The weights of the neural networks are adapted by laws derived
from Lyapunov stability analysis and the use of a projection algorithm. The control
objective of this scheme is to force the plant output to follow a reference model. As with
[202, 235], a sliding controller term is used in conjunction with the certainty equivalence
control law. It can be easily shown that this approach is equivalent to the approach
described in [234, 235], except that in [186], the output variable is the state variable and

the unity relative degree is considered.

The schemes presented by Chen and his co-authors, Tzirkel-Hancock and Fallside and
Polycarpou and Ioannou are essentially based on feedback/input-output linearisation
approaches, and as a result are subject to the restrictions imposed on such schemes (as
discussed in Chapter 1). In particular, they are restricted to a system which is affine in
control. Although, such systems are fairly general, they are not universal and thus these

approaches can only be used on a limited class of system. Furthermore, the approaches
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presented in [31, 186, 234, 235] deal with continuous-time nonlinear systems only>. One of
the problems with discrete-time nonlinear systems is the complexities which arise when
discretising a continuous-time nonlinear system. In particular, the discretisation of a
continuous affine-in-control nonlinear system results in a non-affine discrete-time system

which are difficult to control using geometric approaches such as feedback linearisation.

2.5 Conclusions

This chapter highlights some of the major issues and concepts associated with the use of

artificial neural networks in the control of nonlinear dynamical systems.

For the sake of completeness, several basic concepts of artificial neural networks are
presented in Section 2.2. In particular, a brief exposition of some of the biological foun-
dations and motivations of artificial neural networks is provided. A definition of an
artificial neural network is given and the main network topologies and learning schemes
are discussed. As multilayer perceptrons trained with the backpropagation learning al-
gorithm are used in the neural controller presented in subsequent chapters of this thesis,
these concepts are also discussed in detail. A major factor in the use of artificial neural
networks in control is their ability to approximate any continuous nonlinear function.
Therefore, this ability is examined in some depth. Implementation issues, such as the
number of hidden layers, the number of processing nodes and the type of nonlinear

activation function are also discussed.

One area of interest with artificial neural networks is their ability to model nonlinear
dynamical systems. This issue is of particular importance from a control context as such
systems are usually considered. Therefore, a number of artificial neural network architec-
tures for dynamic systems modelling are considered in Section 2.3. In particular, the use
of time delay neural networks for the modelling of nonlinear dynamic systems is investi-
gated thoroughly. The problems associated with incorrectly choosing the number of taps

in the tapped delay line used in these networks are discussed. The use of correlation tests

3An input-output linearisation approach for discrete-time affine-in-control nonlinear systems is pro-
vided in [28, 30]
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to determine the validity of a given neural network model is investigated. These tests are
shown to be able to distinguish between a correctly parameterised neural network model
for a discrete-time nonlinear system and an incorrectly parameterised model, such as an

over-parameterised or under-parameterised model.

Finally, a detailed discussion of existing neural control schemes is provided. In particular,
the four major classes of schemes, namely supervised control, inverse control, adaptive
critics and neural adaptive control are considered. A critical review of the major neural
adaptive control papers is presented. In particular, some of the limitations and strengths
of these schemes are discussed. This will facilitate the comparison of the neural control

scheme presented in this thesis with the existing approaches.

The neural adaptive control approaches reviewed in this chapter are, in general, limited
by the type of system that they can handle. In particular, the approaches proposed by
Chen et al., Tzirkel-Hancock and Fallside and Polycarpou and loannou are essentially
feedback/input-output linearisation approaches which require that the system is affine
(linear) in control. Furthermore, the approach presented by Narendra and Parthasarathy
utilises knowledge of the separability of the control and output terms to design the explicit
control law. Plants in which such knowledge cannot be utilised are considered difficult
to control. In the next chapter, a neural adaptive control procedure will be presented
which provides a unified approach to the control of a general class of nonlinear system.
More specifically, the approach will be shown to be able to deal with nonlinear systems
which are non-affine in control and where the control is heavily embedded within the
nonlinearities of the system, including systems where the control and output terms are

not separable.
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Chapter 3

Adaptive Neural Controller

3.1 Introduction and Overview

A great deal of research has recently been conducted into the development of neural
network based control schemes. As shown in the previous chapter, these schemes can be
broadly categorised into four major approaches. In the control community, arguably the
most commonly used approach is neural adaptive control. This is primarily because in
this approach neural networks are used within traditional and well understood control
frameworks such as model reference control. The analysis of the major neural adaptive
control schemes provided in Chapter 2 shows that most of the approaches developed so
far are limited to certain classes of systems or are subject to a number of assumptions

about the system.

The primary motivation for the neural controller design presented in this chapter is to
relax the assumptions made in the paper by Narendra and Parthasarathy [169], namely
that (4) control and output terms are separable, (i1) the separate nonlinear functions f(.)
and g(.) can be independently identified, and (iié) the inverse of the nonlinear functions
f(.) and g(.) can be ezplicitly identified. However, to ensure the existence of a control,

it is assumed that the plants are completely controllable! and observable?. The end

1In this context the notion of controllability means that a control input u exists which can transfer
the systems from one state to another in a finite number of states.
2Qbservability is concerned with the problem of determining the state of a dynamic system from
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result is that a unified method of the control of nonlinear systems has been developed, in
which plants belonging to Models I-IV? are treated exactly the same. This is achieved
because the plant is treated as a “black box”* with little a priori knowledge of the
system required. In fact, in terms of the plant structure and dynamics, the only a priori
knowledge required is the number of delayed values of plant input and plant output, and
the order and relative degree of the system. This knowledge is necessary to determine
the number of taps required for the time delay neural networks used in the approach.
Hence because of the limited amount of system information required in this approach,
a wide range of nonlinear systems can be handled, including those in which the output

and control terms are not necessarily separable.

Time delay neural networks are employed in the approach to emulate the plant dynamics
and to synthesise the reference model control. The neural controller is designed to ensure
the output from a nonlinear plant is made to track the output of a stable reference model

which represents the desired closed-loop dynamics of the system.

Model reference adaptive control is chosen as the control framework into which neural
networks are incorporated because of its suitability for use in a supervised learning neural
network scheme. The reference model provides the desired output which is used by the
supervised learning scheme to generate an output error to modify the neural network
weights. Furthermore, MRAC allows the system designer to incorporate the desired
closed-loop dynamics of the system into a structured form, i.e., the reference model.
This provides an additional degree of freedom to the system designer as the structure of

the reference model can be altered to meet different performance specifications.

The basic structure of the scheme presented here is described in detail in the next section.
The problem to be addressed is formulated for a general multi-input multi-output system.
The implementation of the scheme in an off-line and on-line environment is also discussed.
Simulation examples are then provided to highlight the effectiveness of the scheme. The

limitations of the scheme are then discussed which gives rise to the solutions presented

observations of the output and control vectors in a finite number of sampling periods.

3Refer to Chapter 2 for a definition of the nonlinear systems belonging to Model I - Model IV.

4In the same way that transfer functions provide a generic input-output representation for linear
black box models, neural networks potentially provide a generic representation for nonlinear black box
models.
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in the next chapter.

3.2 Basic Structure of the Control Scheme

The neural adaptive control method presented in this chapter is a combination of the
model reference neural adaptive control approach of Narendra and Parthasarathy [169)

and the forward modelling approach of Jordan [95].

In the approach presented in Narendra’s paper, multilayer neural networks are used to
identify the unknown nonlinearities of the system and then the neural estimates are used
in an explicit control law to ensure that the output of the plant tracks the output of the
reference model. As shown in the example given in Chapter 2, this approach utilises any

partial linearity or separability in the system to design the control.

In the forward modelling approach of Jordan, and similarly the specialised learning ap-
proach of Psaltis et al. [189], a neural network is used as the controller and it is trained
to ensure that the output of the plant tracks a desired response which is the input to
the controller. Therefore, this approach is an inverse control scheme. As discussed in the
previous chapter, a problem with forward modelling schemes is that the plant is located
between the output of the controller network and the output error. This provides a dif-
ficulty in obtaining the controller error and thus deriving a weight update equation for
the controller neural network. It is shown in [189] that in order to obtain the appropriate
error for the controller output, it is necessary to find the Jacobian of the plant. In the
forward modelling approach of Jordan [95], it is shown that the plant Jacobian can be

obtained from a neural network which identifies the plant.

Hence, the aim of the approach considered here is to design a control such that the
output of the nonlinear system tracks the output of the reference model as suggested by
Narendra and Parthasarathy {169]. However, unlike [169], a neural controller is trained
to achieve the desired control rather than using an explicit control law. As in Jordan’s
scheme [95], the weights of the controller neural network are modified by a weight update
equation which utilises the plant Jacobian obtained from a neural network model of the

plant. However, unlike [95, 171, 189], the neural controller does not learn an inverse
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model of the the system. Instead it can be thought of as learning a “detuned” inverse of
the system with the amount of “detuning” dependent upon the reference model chosen.
The approach further differs from the scheme presented by Narendra and Parthasarathy
[169] in that the neural network emulator models the entire input-output dynamics of

the system, rather than just the nonlinearities in the output or control terms.

As the neural adaptive control scheme considered here is based on the well established
model reference adaptive control methodology, it is subject to the design requirements of
this scheme. Firstly, the choice of the reference model is extremely important to achieve
good control. The reference model is chosen to reflect the desired closed-loop dynamics of
the system, usually in terms of performance specifications such as rise time, settling time,
overshoot or frequency domain characteristics. However, the structure of the reference
model is also constrained by its order and relative degree, given a priori knowledge of the
order of the plant. These constraints are placed to ensure that the desired response is
achievable by the plant. Generally, the reference model is chosen to be linear and stable

and its order is chosen to be equal or greater than the order of the plant to be controlled.

In an MRAC scheme, the controller is designed to generate control variables such that
the output of the plant tracks the reference model output for a given bounded reference
input. This is achieved by adjusting the parameters of the controller via an adjustment
mechanism so as to minimise the error between the reference model and the system.
In the neural network MRAC scheme considered here, the parameters of the controller
can be considered to be the weights of the controller neural network and the adjustment
mechanism is the weight update equation. For this neural network based model reference
control problem, the above scheme can be mathematically expressed for a general multi-

input multi-output system as follows:

Consider a plant governed by the following nonlinear difference equation
yp(k i 1) - f(yp(k)7 e ayp(k -1+ 1); u(k)7 T au(k —m+ 1)) (31)
yp(0) = Ypo VkEN (3.2)
where y, € R" is the output vector, u € R" is the control vector, f : R**! x R"™X™ — R"

is a smooth nonlinear function, y,, is the initial output vector, k is the time index, N is

the set of natural numbers and m and [ are the number of delayed values of plant input
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and plant output, respectively.

The control strategy is to find a feasible control input
u(k) = g(yp(k), - - yp(k — 1+ 1);u(k = 1), -+, u(k —m + 1);r(k); We) (3.3)

where ¢ : R™! X R™*™ — R', is a neural network parameterised by the weights W,, such

that for a stable reference model governed by

Ym(k+1) = frn(Ym(k),ym(k —1), -+, ym(k — d + 1); 7(k)) (3.4)
ym(0) = ¥Um, (3.5)

where y,, € R" is the reference model output vector, r € R” is the reference input,
fm : R™*4 x R™ — R™ is usually a linear function, d > [ and y,,, is a given initial output
vector for the reference model. In this case, the absolute tracking error satisfies the

following relationship

le(k+ DIl = llym(k+1) —yp(k+ Il <er (3-6)

eT(O) = €Ty = Ymo — Ypo (37)

where er > 0 is a predefined tracking error tolerance, er, is the initial tracking error

vector and ||.|| is the vector norm.

REMARK 3.2.1 The above scheme is formulated for discrete-time nonlinear systems
represented by difference equations of the form (3.1). This equation represents the dy-
namical relationship between the input and output of the plant and is often referred to as
the input-output equation or observer’s equation. However, many nonlinear systems are

expressed in the state space form

z(k+1) = fo(x(k),u(k))
y(k+1) = h(z(k)) (3.8)

where x € RP are the states of the system which may be be observable and f° : RF XR"™ — R"
and b : RP — R" are unknown smooth functions. Constructing adaptive controllers
for this form of general nonlinear system is a more difficult task. Therefore, systems

which can be expressed in the observer’s equation form are desirable. Formal methods of
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constructing the observer’s equation form of the nonlinear system from the state space
representation have been proposed by Goh and Noakes [57]. Hence, the observer’s equation
will be used in this thesis to describe the nonlinear systems, bearing in mind that this form

can be obtained from the state space representation.

Whilst the inverses of operators do not need to be explicitly modelled in this approach, the
existence of inverse operators still needs to be assumed in order to ensure the existence of
a control vector u(k) to achieve the desired objective. However, rather than the function
g(.) representing the the true inverse of equation (3.1), i.e., f~'(.), as is the case in
the inverse control approach [95, 189], in this MRAC scheme it represents a “detuned”
inverse of the plant. Furthermore, it is assumed that for any set of values u(k) in a

compact region of R, a solution to the problem does indeed exist.

Apart from the assumptions about the controllability and observability of the systems
under study, the following definitions and assumptions are also central to the neural

adaptive control scheme presented in this chapter.

DEFINITION 3.2.1 A plant of the form (3.1) has a relative degree {y1,72,-..,7},

where v, €N, 1 =1,...,7 if

ayp'(k +1)
J =0 VK ; 3.9
a’u,j(k—lfé,'j-l-l) Kij <7 ( )
wherei=1,...,n, j=1,...,r and there exists at least one j such that
ayp-’(k +1)

Fus(h =yt 7" (3.10)

for all points in the neighbourhood of the reference point v° = (y°,y°...,y% u®,u®, ..., u%).

ASSUMPTION 3.2.1 For the sake of simplicity, all of the plants considered in this
thesis are assumed to be of relative degree unity, 1 = v2 = ... =¥, = 1, i.e., the input at
k affects the output at k+1. However, after suitable modifications in the control strategy,

a similar procedure can be adopted when the relative degree is greater than unity.

DEFINITION 3.2.2 The system is minimum phase if the zero dynamics

0 = £(0,0,...,0;u(k),u(k—1),...,u(k —m+1)) (3.11)
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where 0 € R™ and u € R", is asymptotically stable to the reference point u® when the
plant output is kept at 0, i.e., no unbounded inputs lie in the null space of the operator
representing the plant. The zero dynamics represent the internal dynamics of the system

when the system output is kept at zero by the input.

ASSUMPTION 3.2.2 Unless otherwise specified, all of the plants are assumed to be

mintmum phase.

As the nonlinear function f(.) is unknown, the plant needs to be identified. This is
achieved by training a neural network parameterised by the weights W to emulate the

plant dynamics such that the predicted plant output is given by

Jo(k+1) = flyp(k), - yp(k =1+ 1);u(k), -, u(k —m+1);;Wr)  (3.12)
;0,,(0) = 0 (3.13)

and the absolute identification error ||y,(k + 1) — §,(k + 1)|| is finite, i.e.,

ler(k + 1] lyp(k +1) — gp(k + 1| < er (3.14)
erf(0) = er =yp (3.15)

where €7 > 0 is a predefined error tolerance and ey, is the initial identification error

vector.

REMARK 3.2.2 It has been shown by Cybenko [{0], Funahashi [55] and Hornik et
al. [74] that multi-layered neural networks with an arbitrarily large number of nodes in
the hidden layers can approximate any real valued continuous function f(.) on a compact

subset of RP = R™ !X R™*™ to a desired degree of accuracy, i.e., equation (3.14) is satisfied.

The identification model used here is known as a series-parallel identification model as
the output of the plant (y,) rather than the neural estimate of the plant output (g,)
is fed back into the neural network approximating the plant dynamics. Therefore the
identification model has the form given in equation (3.12). The alternative identification

model often used is a parallel model. In the parallel model the previous outputs of the
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identification model are fed back to generate the current model output. A parallel model

is governed by the following difference equation
?)P(k + 1) . fA(gP(k)a ?)P(k - l)a . a:gp(k -+ 1); u(k)v u(k - 1)3 T 7u(k —m-+ 1)) (316)

The series-parallel model has several advantages over the parallel model. Firstly, if the
plant is bounded-input bounded-output (BIBO) stable®, then all of the inputs to the
neural network emulator are bounded. The same cannot be said for a parallel model as
the stability of the neural network identification model cannot be guaranteed. Hence if
a parallel model is used, it cannot be guaranteed that the model parameters (weights)
will converge or that the identification error will decrease to zero. Furthermore, static
backpropagation can be used to adjust the weights of the network as no feedback loop

exists in the model.

The control procedure presented here is often referred to as an indirect control approach
(166, 169] because an identification model (NN emulator) is used to identify the input-
output behaviour of the plant. Using this identification model, the controller parameters
are then adjusted. However, unlike the traditional definition of an indirect control scheme
given in Chapter 1, it is difficult to derive an expression for the controller parameters in
terms of the parameters of the identification model. This is because a neural network
is a nonparametric identifier for which it is not possible to derive a simple relationship
between the learned weights of the network and the parameters of the plant. Hence the
definition of an indirect control procedure in the context of a neural network control
scheme is slightly different to the traditional case. Due to the nonlinear nature of both
the plant and controller, it has not been until very recently that methods for directly
controlling the parameters of the controller have been derived [186, 204, 235]. These

schemes do not employ neural networks in an identification role.

Theorem 2.2.1 (Funahashi [55]) and the equivalent theorems provided by Cybenko [40]
and Hornik et al. [74] are, in fact, existence theorems and thus provide no information
about the number of nodes required to approximate a nonlinear function, the required

values of the weights nor how to choose the weights. Therefore a number of factors are

5Most of the simulation examples considered are BIBO stable. However, this is not the case for the
marginally stable systems considered in this thesis.
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taken into account in deciding the structure and type of neural networks used in this

approach.

Firstly, because of the dynamic nature of the systems under study, the neural networks
used in this approach are time delay neural networks with output feedback of the form
shown in Figure 2.8. The number of taps in the tapped delay line is determined by the
number of delayed values of plant input (m) and plant output (/). The number of inputs
to the multi-layer perceptron is also dependent upon the output vector dimension (n)
and control vector dimension (r). Therefore the total number of inputs to the MLP is
(n x k+m x r). This information represents the only necessary a priori knowledge about

the structure of the system.

Furthermore, as multi-layered perceptrons are used in this approach, the backpropa-
gation algorithm is used to train networks and their structure is chosen based on the
considerations presented in the previous chapter. In particular, in accordance with the
discussion presented by Sontag [223], 2 hidden layers are utilised. The number of hidden

layer nodes is chosen using heuristic rules based upon past experience. \'

The problem formulated above can be addressed using either an off-line approach, in
which the controller and emulator neural networks are trained separately and off-line,
and an on-line approach, in which the neural networks are trained simultaneously whilst

the system is running.

3.2.1 Off-line Approach

The off-line approach to the neural network based model reference control problem is
essentially a two step procedure. The first is the identification phase and it involves
training a neural network using the backpropagation learning algorithm to approximate
the input-output dynamics of the plant to a sufficient degree of accuracy. This utilises
the functional approximation results discussed in Remark 3.2.2. A block diagram of the

identification process is shown in Figure 3.1a.

The emulator is typically trained with a random input signal u(k) uniformly distributed

in the input space R™ until the mean square identification error is less than a predefined
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Figure 3.1a: Identification stage for the off-line approach

error tolerance. Such an input signal ensures that the training set is representative of
the entire class of possible inputs for the system. This enables the system to respond
in the desired fashion even when it is subject to an input not in the training set. This

input signal is often referred to as persistently exciting.

DEFINITION 3.2.3 A vector U is persistently exciting if there exist positive constants
to, To, @ such that
t+To
/ U(rUT(r)dr > al ¥t 2t (3.17)
1

Once the plant has been learned sufficiently well, the neural controller is then trained
so that the plant output tracks the desired output from the reference model. A block
diagram of the controller learning stage is given in Figure 3.1b. As with the identification
stage, the controller is trained with a random reference input signal r(k) uniformly dis-
tributed in the input space R" (i.e., a persistently exciting signal) until the mean square
tracking error is less than a predefined tolerance. The weight vector of the controller
neural network is modified by a weight update equation which utilises the plant Jaco-
bian. To achieve this, the tracking error is backpropagated through the emulator neural
network as is shown in Figure 3.1b. A detailed account of the controller weights up-
date procedure is given in Section 3.2.3. As with the identification stage, this process is

undertaken off-line.

Once the controller has been trained sufficiently well off-line, the training process is

discontinued and the system is re-connected. The system is then subjected to the oper-
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Figure 3.1b: Controller training stage for the off-line process

ational reference input, which is assumed to be part of the the training sequence of the
controller neural network. If this is not the case then, provided the reference input is
still assumed to be part of the input space of the network, an input-output relationship
is extrapolated from the training examples to achieve the desired control. This is often
referred to as the generalisation capability of a neural network. The training process is
disconnected during the control stage to ensure that the network weights continue to map
the input-output relationship over the entire input space, rather than only a localised

subset of the input space represented by the actual operating conditions.

3.2.2 On-line Approach

In the on-line approach to the model reference control of a nonlinear system using neural
networks shown in Figure 3.2, the plant identification and control synthesis are done
simultaneously and in a closed-loop environment. This removes the need to separately
identify the system off-line, which can often be a very time consuming, costly and im-
practical task particularly if it involves taking a complex system off-line for a long period
of time. One of the main disadvantages with this approach is that because the controller
and emulator neural networks are trained whilst the system is operating under actual
working conditions, the training is very localised. This is because the actual input signals
represent a small subset of the input space of the system and thus networks are trained

over this smaller, localised input space. However, the on-line approach relies on the in-
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herent adaptivity of the neural networks and thus any changes in the operational input

space results in a modification of the network weights. It is therefore a truly adaptive

system.
reference Ya
model |
(k) / 2+ e
_— N u(k) B
[—=] mnlr%er plant
Ol Z
4
+

" )"
L tor
tba7(—rmrasua

Figure 3.2: Block diagram of the on-line identification and control scheme

Such an approach is particularly important for systems which cannot be identified using
open-loop techniques, such as marginally stable systems®. These systems often arise in
practice. Examples are ship steering [127], missile guidance [78] and the position control

of a servo system [10].

As with the off-line approach, the backpropagation learning algorithm is used to modify
the weights of the controller and emulator networks. Furthermore, the method proposed
by Jordan is also used to determine the plant Jacobian. However, as both the controller
and emulator neural networks are trained on-line, the plant Jacobian approximate will
initially be poor. As a result, the tracking performance for the initial few samples will also
be poor. In the situation that the tracking error becomes so large that the plant leaves the
usual region of operation, Tzirkel-Hancock and Fallside [234, 235] and Sanner and Slotine
[202, 203, 204] have suggested the use of a sliding control to force the plant back into this
region. An alternative solution would be to employ a short period of off-line identification
prior to the on-line operation. This would provide the neural network emulator with some
initial knowledge about the system and thus the Jacobian approximate would initially be
more accurate. For the systems considered in the simulation studies undertaken in this
research, the above limitation with the scheme did not prove to be a problem. However,

currently there are no theoretical results to always guarantee this.

6 A discussion of the definition of a marginal stable nonlinear system is provided in Example 3.3.11.
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3.2.3 Weight Update Equations

For both the off-line approach and the on-line approach the emulator neural network is
trained using the standard backpropagation learning algorithm. The measurable identi-
fication error, ef(k + 1) = y,(k + 1) — §,(k + 1), is backpropagated to modify the weight

of the network, where y,, J,,e; € R™.

However, in order to train the controller using a supervised learning scheme such as
backpropagation, the error u4(k) — u(k) in the controller output is required. The term
uq(k) is the desired control which would produce y.(k + 1) if applied to the plant.
However, as u4(k) € R" is not known, an approximation of the controller error denoted
by e., must be generated. A method for generating such an error is derived for a general

multi-input multi-output system below.

The cost function that is to be minimised is given by

1 N-1
E=5 3 (yn(k+1) —gp(k + 1) (ym(k +1) —yp(k +1)) (3.18)
k=0
where N is the number of samples, ¥m = [Ymys- -, Ymn)T a0d Yp = [Yp1y- -+ Ypnl -

E is minimised by performing a gradient descent in E(W,(k)), where W.(k) are the

2 [ (o

controller weights:

_ Ou(k) OE
= OW.(k) u(R) (3.19)
where u = [uy, ug, ..., u.]7.
By performing a gradient descent in E(u(k)), the term az_ﬁ) can be computed:
- T
OE oE  \" (dy,(k+1)\’
ou(k) 0yp(k +1) du(k)
dyp(k+1) OFE
Ou(k) Oyp(k+1) (3:20)
Therefore, the gradient descent in E(W,(k)) is given by
OE  Ou(k) Oy,(k+1) OF (3.21)

OW.(k) ~ OW.(k) Ou(k) Oyp(k+1)
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oE oE du(k) . Oup(k+1)
where IW.(R) is a p x 1 vector’, Bulk) is a r x 1 vector, WVIZ%T 1s a p X r matrx, Bu(R)

is a 7 X n matrix, and 1s an x 1 vector.

3y (k+1)

Equation (3.21; involves the Jacobian of the plant ﬂg{%ll, which is unknown. By back-

propagation through the neural network which identifies the plant, an approximate of

the Jacobian 8—555%12, can be obtained.

The term 3856) represents the change in the cost function as a result of a change in the
controller neural network output. As shown in [95], it can be obtained by backpropagat-
ing the tracking error through to the inputs of the emulator neural network corresponding
to the control u. As these inputs are the outputs of the controller neural network, the

term B_(k—) is related to the error in the output of the controller neural network. Since

the backpropagation algorithm performs a search along the negative gradient of the error

surface, the controller error is therefore defined as e.(k) = ——5%. Hence, the weight
update equation is given by
oF
c = c k) —
W.(k+1) W.(k) UOW(k)
ou(k) OF
= W.(k)—
&) =155, k) Buth)
Jdu(k)
(k+1) = Wik k 3.22
Wi(k+1) = W) +agled®) (3.22)
where the controller error is an r-dimensional vector e. = e, €c,,- - - , €] given by
09p(k + 1)
(= k = 2
ec(k) du(k) ay,, k+1)
%3::’1 3u1 yml ypl)
83%:- o Bur ymn ypn)

- 8 3 o
(ym1 Yp 3?1 + (ymz — Yp, ay:l +--+ (ymn - ypn)ﬁyflu

3y Opy 8y a7
_ (yml ypl) ayu2 + (ym2 - ypz)ﬁzz' + s + (ymn - ypn)ﬁyffr?- (3 23)

i (yml _ym)-yf]“‘i'(ymz ypz)au, +"'+(ymn ypn)?ff' ]

"The dimension p is the number of output layer weights = the number of output nodes x the number
of nodes in the last hidden layer.
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Therefore for the g-th controller output, the network output error is

a:l) 1 2 a n
eco(k) = (Ymy — Yp1) au” + (Yma ym) y” 4+ 4 (Ymn = Ypn) aif (3.24)
g g

where the time index k is neglected for the sake of simplicity.

The above controller error can be derived by backpropagating the tracking error through
the neural network which identifies the plant. In the following derivation, the results are
expressed in terms of the neural network system equations for a multi-input multi-output

system and can therefore be regarded as an extension of the work of Jordan [95].
The derivation of the controller error is as follows:

Consider a two layered neural network® with a inputs, b hidden units and n outputs.

The state vector yp = [Yps, Ypss--«sYpnl® is of dimension n and the control vector u =
[u1,u2,...,u,]T is of dimension r, where 7 < a. The neural network output vector is
denoted §, = [§pys Upgs- - - > pn) - The individual neural network outputs are given by

b

I (k+1) = g3 ijg(X_: Wjxk))

b
Ik +1) = g>] ijg(z Wiak))
j:]. k=1

b
Joa(k+1) = g(Q_Wiig Z 1k TE)) (3.25)
=1
Let the gth control input uy(k) be the lth network input, z;. Thus

81},,1(]6-{-1) _ aypl(k+1) ZWUQEW xk))Eb:( ZWka:k

Ougy(k) Oz
%};ﬁ)ﬁ _ g'(zb: ZWkwk i ZWkwk (3.26)

Now consider the effective output error §2

b
g’(g Z kxk yml k + 1) ypl(k + 1))

BA two layered neural network is considered in the above proof for space reasons. However, it is a
straightforward task to extend the proof to an arbitrary number of layers.
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g’(; Z k) Uma(k 4+ 1) — yp (K + 1)) (3.27)

where Ym = [Ymyy Ymas - - - > Yma )2 is the n dimensional desired output vector.

Backpropagating the above output errors to the hidden layer gives

Z T waﬁf (3.28)

Backpropagating to the input layer gives

b
S = W4 Z kxk)z Z 192 L 21)) Yms — Yp.) (3.29)

j=1 s=1

where the time index k is neglected for simplicity sake.

As u,y(k) is the Ith network input,
b
6? . {E W]g (Z W.92]g Z kxk } Z E kxk y’m, - ypa)
= gl(z Z kwk

Z )W) (Ym: — Yp)

b
=1 k=1
b

+ 9(2 Zwkmk Z Zwkwk Jl) Yma2 — Yp2)

=1

.,

b

+ Z ;9(2 Walkxk) El Z kmk) ) (Ymn — Ypn)

&

— _ aym(k +1) aypz(k +1) Y, (k +1)

- (yml ym) 6ug(k) + ( Ymo Pz) (k) +...+ (ymn ypn) Bug(k)
(3.30)
The controller error e (k) = [ec (k),...,ec,(k),... e (k)]T is a vector of dimension r.

Hence, the output error for the g-th output node of the controller neural network is given

by

Op, (k +1) Dijpn(k +1)
Oy (k) uy(k)

where the output vector of the controller neural network is the r-dimensional control

ecg(k) . (yml - yPl) +...+ (ym" - yp,,) (331)

.

vector u = [Uy, ..., Ugy ..., Uy
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The weight update equation (3.22) is then used in conjunction with the backpropagation
algorithm to train and synthesise the controller. As is apparent from the above derivation,
the identification of the plant is only necessary to provide a means of generating the plant

Jacobian and thus allows adjustment of the control parameters W..

A number of alternative schemes have been suggested for obtaining an approximate of
the plant Jacobian. Saerens and Soquet [201] have suggested the use of the sign of the
Jacobian rather than its actual value to train the neural controller. However, in order
for the sign of the Jacobian to be known, a priori information about the orientation in

which the control parameters influence the output of the plant is required.

Numerical differentiation methods can also be used to obtain an approximation of the

Jacobian. For example a first order approximation is given by

Oyp(k +1) ~ yp(k +1) — yp(k)
Ou(k) u(k) — u(k —1)

(3.32)

However, such a scheme would suffer from the large errors associated with most numer-
ical differentiation approaches. Furthermore, problems arise when the control input is
relatively constant. Such a method is suggested by Psaltis et al. [189]. A perturbation
scheme in which the approximate Jacobian can be determined by changing each input
to the plant slightly at the operating point and measuring the change in output is also

suggested in [189].

3.3 Simulation Examples

Currently most of the studies done in the area of neural adaptive control have been
empirical based on computer simulations [28, 79, 169, 171]. This is because of the dif-
ficulty in deriving theoretical results for neural network based control schemes. It has
only been recently that work has been done in determining theoretical properties like
controllability, observability and, most importantly, stability of neural control schemes
[126, 186, 204, 235]. However, a great deal of information and insight can still be gained
from empirical studies. Furthermore, such studies will undoubtedly generate more prob-

lems and theoretical issues which will need to be addressed.
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Therefore, in this section several examples will be considered to highlight the effectiveness
of the proposed method for both the off-line approach and the on-line approach. In
particular, single-input single-output and multi-input multi-output systems belonging to
Models III and IV will be considered. Plants from these classes of nonlinear systems
are considered primarily because they are the most general class of models and are
the most difficult to control because of the nonlinearities in the control variable. The
examples belonging to Model IV, a class of systems considered difficult to control [169],
will highlight the fact that the method considered here provides a unified approach to
the control of nonlinear systems. A marginally stable system will also be considered for

the on-line case to highlight one of the main advantages with this approach.

3.3.1 Off-line Learning

EXAMPLE 3.3.1 The example from Model III considered here is taken directly from
[169], and thus also allows direct comparison with the method proposed by Narendra
and Parthasarathy. The plant equation is given by

yp(k +1) = % + (k) (3.33)

Narendra and Parthasarathy [169] use two neural network , Ny and N,, to emulate the

functions f(y,(k)) and g(u(k)). The explicit control law used is given by

u(k) = §7 = flyo(k)] + amyp(k) + r(k)] (3.34)

where §~! is the estimate of the inverse of the nonlinear function in control and a, is a
prespecified constant. In [169] the function §~! is emulated by a neural network of the
class Q3 50 101 In the method presented in this chapter, the plant is treated as a “black
box” and thus a single neural network is used to emulate the plant. A neural network

belonging to the class Q3 44 10 is used, i.e.,
Jp(k +1) = Nplyp(k), u(k)] (3.35)
This neural network is trained with a random input signal u(k) = R[-1,1].

Identification is carried out for 100, 000 iterations with a learning rate of 0.1, resulting in

a mean square error of 0.0049. The output from the plant and the identification model
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for an input u(k) = 0.5(sin(%£) + sin(2%k)) is shown in Figure 3.3. As can be seen there
is virtually no discernible difference between the plant and emulator responses for this

input.

Amplitude

1 1
0 10 20 30 40 S0 60 70 80 90 100
Time Sample

Figure 3.3: Response of the plant (y,) and identification model (§,) for Example 3.3.1
with u(k) = 0.5(sin(%£) + sin(%k))

The controller is then implemented. A neural network of the class 3,44, is used to

implement the model reference control and it can be represented as follows

u(k) = Nc[yp(k), (k)] (3.36)

The following first order reference model is used

ym(k + 1) = 0.2ym (k) + r(k) (3.37)

To train the network, a random input r(k) = R[—1,1] is used. Training is carried out
for 100,000 iterations, with a learning rate of 0.1. The resultant tracking mean square

error is 0.0045. The reference model and plant outputs are shown for reference signals

r(k) = 0.5(sin(Z2) +sin(22£)) and r(k) = R[—1,1] in Figures 3.4a and 3.4b, respectively.

10

The plant response in these figures is virtually indistinguishable from the reference model
response. The excellent tracking results highlight the effectiveness of the controller for

plants belonging to Model III, even with an uncorrelated, random input. The control
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Figure 3.4a: Response of the plant (y,) and reference model (y,) for Example 3.3.1 with
r(k) = 0.5(sin(2%) + sin(ZF))
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Figure 3.4b: Response of the plant (y,) and reference model (y,,) for Example 3.3.1 with
r(k) = R[-1,1]
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scheme is designed with the system treated as a “black box”, in which the neural network
emulator models the input-output mapping of the plant. As a result, knowledge about
the separability or otherwise of the nonlinearities in the output and control terms is not
required. Therefore, unlike [169] there is no need to explicitly model the function g~1(.),
which is the inverse of the nonlinear function in control, or the function f(.), which is
the nonlinear function in the output terms. However, this means that an explicit control
law as in [169] cannot be stated, but as shown by the results provided, the scheme is

equally effective in this example.

REMARK 3.3.1 Although the tracking error converges to a neighbourhood of zero, this
does not in general guarantee that the network weights will converge. Linear theory results
imply that convergence will not be obtained unless the signals used are persistently ezciting
[167, 204]. However, currently there are no methods of characterising persistently ezciting

inputs which will guarantee the convergence of the network weights.

EXAMPLE 3.3.2 In this example a SISO plant belonging to Model IV-is considered.
Such plants are difficult to control as the control term u is heavily embedded in the non-
linearities of the system. Therefore it is difficult to find an inverse operator in the control
and consequently an explicit control law is very difficult to obtain. It is because of these
reasons these systems are considered the least tractable analytically and consequently,
not discussed in many approaches. The plant equation considered in this example is

given by ‘
Yo(k)yp(k — 1u(k) +u?(k) + 0.5y,(k — 1)

valk +1) = T+ g2(k) + 920k = 1)

(3.38)

The reference model considered is given by (3.37).

The plant equation is nonlinear in output and control, and their nonlinear terms are not
separable. Thus, this plant belongs to Model IV. A neural network belonging to the class

03 50,101 is used to identify the plant. The identification model used is

Jp(k+1) = Np[ys(k), yp(k — 1), u(k)] (3.39)

The network is trained with an input signal u(k) = R[—1, 1], with a learning rate of 0.1.

Training is carried out for 100,000 iterations, resulting in a mean square identification
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error of 0.0041. The outputs for the plant and the identification model for an input

u(k) = sin(2%) are shown in Figure 3.5.

Amplitude

L
0 50 100 150 200 250 300 350 400 450 500
Time Sample

Figure 3.5: Response of the plant (y,) and identification model (g,) for Example 3.3.2

with u(k) = sin(4Z£)

A neural network of the class 3 55,0, is used to implement the controller. The control

law to be approximated is given by

u(k) = Ne[yp(k), yp(k — 1), (k)] (3.40)

The controller is trained with a reference signal r(k) = R[—1,1] for 100,000 iterations
with a learning rate of 0.1. The resultant mean square tracking error is 0.0084. The

outputs from the reference model and the plant are given for reference inputs

(k) = sin(Z2E) k < 500 (3.41)
sin(22%) + sin(2£E) & > 500

and r(k) = R[—1,1] in Figures 3.6a and 3.6b, respectively.

In [169] the control of a plant belonging to Model IV is regarded as analytically the least
tractable and thus not attempted. This example indicates that the method presented
here can be used to control plants of the form of Model IV as effectively as plants from

other models. However, Figure 3.6a also indicates one of the main problems with an
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Figure 3.6a: Response of the plant (y,) and reference model (y,,) for Example 3.3.2 with
r(k) = sin(22£) for k < 500 and r(k) = sin(2%k) + sin(4£E) for & > 500
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Figure 3.6b: Response of the plant (y,) and reference model (y) for Example 3.3.2 with
r(k) = R[-1,1]
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off-line neural control scheme. The controller neural network is trained over the region

r(k) = R[—1,1] and when the operational reference input is within this region, as is
the case for (k) = sin(%%) k < 500, the performance of the controller is very good.

However, when the reference input is outside of the region on which the controller is
trained, as is the case for r(k) = sin(2%£) + sin(2%f) for k£ > 500, then the controller
performance deteriorates. This can be overcome if weight adaptation is switched on
whilst the system is operational and thus the system will learn to control the plant for
inputs outside the off-line training region. This is effectively an on-line training scheme.
However, this results in localised learning as the neural control learns to control the plant
for the system acting under the operating reference input rather than the general training
reference input r(k) = R[—1,1]. This results in the neural controller “forgetting” about
the training responses. Whilst such an approach is useful particularly when operating in
a highly adaptive environment, it does make the computationally intensive and relatively
time consuming training process slightly redundant. A better solution would be to train
the system off-line for a short period of time to provide the controller neural network
and emulator neural network some initial idea about the system and then implement an

on-line approach.

EXAMPLE 3.3.3 In this example a two-input two-output system belonging to Model
IV is considered. The plant equation is given by

0.5y, (k) + 0.4uy (k) + 0.6u,(k)
1+y7 (k)
0.5y, (k) + 0.6uq (k) + 0.4uy(k)

Upa(k+1) = T+ 42 () (3.42)

ym(k & 1) =

The plant equation is nonlinear in output and control, and their corresponding terms are
not separable. Apart from the complex nonlinearity of the system, such a plant is difficult
to control because of the cross-coupling of the control inputs, i.e., the plant outputs y,,
and y,, are functions of both control inputs u; and u;. This form of cross-coupling
occurs commonly in practical systems. A classic example is in the dynamic equations
for a guided missile or an aircraft in which significant cross-coupling exists between the

pitch dynamics, the yaw dynamics and the roll dynamics.
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Figure 3.7: Response of the plant and identification model for Example 3.3.3 with u, (k) =
R[—1,1] & uq(k) = R[-1,1]
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Figure 3.8: Response of the plant and identification model for Example 3.3.3 with u; (k) =

sin(%) & uqg(k) = sin(—zl—’(%)

A single neural network belonging to the class Q3 14,0, is used to identify the plant. The

identification model is

gp(k + 1) = [ﬁpx(k + 1),1:’172(’6 + 1)]T = Np[ypl(k)vypz(k)v‘ul(k)auﬂk)] (3-43)

The network is trained with input signals u;(k) = R[—1,1] and uq(k) = R[-1,1] with a
learning rate of 0.1 and a momentum rate of 0.9. Training is carried out for approximately
50,000 iterations, resulting in a mean square identification error of 0.001. The plant and
identification model outputs are shown for input signals u;(k) = R[—1,1] & ua(k) =

R[—1,1] and u; (k) = sin(22k) & ua(k) = sin(%5) in Figures 3.7 and 3.8, respectively.

These figures highlight the ability of neural networks to approximate the dynamics of a

complex multi-input multi-output nonlinear system to an excellent degree of accuracy.
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Figure 3.9: Response of the plant and reference model for Example 3.3.3 with r,(k) =
R[—1,1] & ro(k) = R[-1,1]
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Figure 3.10: Response of the plant and reference model for Example 3.3.3 with r,(k) =
sin(2ZE) & ry(k) = sin(ZZE)

200 100

A single neural network of the class Q3 ,; ¢, is used to implement the neural controller.
The inputs to the controller neural network are [yy, (k), yp, (k), 71(k), 72(k)]. The controller
is trained with reference signals 1 (k) = R[—1, 1] and r3(k) = R[—1, 1] to track the output

of a reference model given by

Ym (K +1) = 0.5ym, (k) + 0.5r,(k)

Yma(k +1) = 0.5ym, (k) + 0.5r2(k) (3.44)
Training is carried out for 100,000 iterations resulting in a mean square tracking error

of 0.0026. The outputs for the reference model and the plant are given for reference

inputs ry (k) = R[—1,1] & ra(k) = R[-1,1] and ri(k) = sin(m) & rq(k) = sin(zlfo—g) in

200

Figures 3.9 and 3.10, respectively.

The theoretical results provided in Section 3.2.3 are derived for a general multi-input

101



multi-output. This simulation example confirms that the neural network control scheme
presented in this chapter can be used to control a MIMO system. This is an important
result because most practical systems consist of multiple inputs and multiple outputs.
Furthermore, the approach presented here does not require any additional information
to control MIMO systems as opposed to SISO systems. Also, a single neural network is
used to model the entire plant dynamics and an additional single neural network is used
to implement the controller as opposed to an individual neural network for each system
output term and each control term. Whilst from a control perspective having individual
neural networks for each control and output variable may be equally effective, from an

implementation perspective it is very memory and computation intensive.

The Effect of Disturbances on Off-Line Learning

The effect of three types of disturbances on the neural control system presented in this
chapter will now be considered, namely load changes, sensor noise and dynamic plant
noise. These forms of disturbances commonly arise in practical systems and thus the

performance of the controller in their presence is an important issue.
(i) Load Disturbance Compensation

The first type of disturbance considered is load disturbances. They can represent distur-
bance forces in a mechanical system, such as waves acting on the hull of a ship or load
changes on a motor or, as in process control, they may represent variations in feed flow
[10]. One technique for compensating for such disturbances is feedforward control. The
basic principle of this technique is to measure or estimate the disturbances as they occur
and make adjustments in the manipulated variable so as to prevent them from upsetting
the controlled variable [43]. The bias compensation technique employed here is based on

this approach and the load disturbances are assumed unknown and not measurable.

Load disturbances are operational disturbances in that they occur whilst the system is
under normal operating conditions. Therefore, they do not occur during the training
process in which the system is taken off-line and subjected to a persistently exciting

training input. Thus, as the controller is trained in a disturbance free environment,
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there is a need to compensate for the bias to ensure that the the disturbance-corrupted
plant output, y,(k+1), tracks the output of the reference model, y,,(k+1). The unknown
bias is estimated by subtracting output of the neural network emulator, §(k + 1), which
is trained to approximate the plant in a disturbance free environment, from the bias
corrupted plant output, y,(k + 1). Low pass filtering is undertaken to eliminate the

initial transients. The estimated bias term is given by
b(k +1) = pb(k) + (1 = p)[yp(k + 1) = Jp(k + 1)] (3.45)
where ¢,(k + 1) is the output from the NN emulator and 0 < p < 1.

The controller has been trained such that the plant output tracks the output of a linear
reference model with gain G. However if the uncompensated reference input is applied

to the controller the resultant output from the plant is given by
yp(k+1)=Gr(k)+b (3.46)
whereas the output from the reference model is given by
ym(k + 1) = Gr(k) (3.47)

Thus it is necessary to scale the reference input by the term % to ensure that correct

model following occurs. A diagram of the method employed is shown in Figure 3.11.

EXAMPLE 3.3.4 The plant considered to highlight the bias compensation technique
is given by

yp(k +1) = 0.2y, (k) + 0.2y,(k — 1) + 0.5u°(k) (3.48)

This plant belongs to the Model II class of systems which are linear in output, but

nonlinear in control. The reference model used is given by

ym(k + 1) = 0.2y (k) + r(k) (3.49)

The bias term used is shown with its estimate in Figure 3.12a. A variable bias is used
to demonstrate the effectiveness of the bias compensation technique under different load

(bias) conditions. As can be seen from the plant and reference model responses given in
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Figure 3.11: Block diagram of the bias compensated controller system
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Figure 3.12a: Variable load disturbance (b) and its estimate (%)
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Figure 3.12b: Response of the plant (y,) and the reference model (yn,) to the bias term

()

Figure 3.12b, the proposed technique successfully compensated for the load disturbances

considered.

An alternative to this scheme would be to retrain the emulator and controller neural
networks in real time to offset the bias. However, the problem with this approach is
that it will result in localised training around a particular operating point. The off-line
training which is undertaken over the entire input space therefore becomes redundant. As
the off-line training stage is computationally expensive, this would be a waste of resources.
If very little or no training is performed prior to operation, then this approach is feasible.
As will be shown in the next section, on-line training is capable of compensating for DC

load disturbances.
(ii)) Measurement and Sensor Noise

Sensor noise enters the system because of the imperfect measurement of the output of the
plant. In practice it can be caused by random transducer and sensor errors, transmission
noise and high frequency load disturbance. The noise is generally considered to consist of

high frequency components and is thus commonly represented by a white noise process.
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In examining the effect of sensor noise on the controller, it is necessary to train the
emulator and controller in a noisy environment. This is because sensor noise represents
the noise inherent to the measuring device and thus each measurement of the output,
yp(k + 1), results in the introduction of a noise term v(k). Therefore, sensor noise is
present even during training and so it cannot be assumed that training occurs in a

noiseless environment.

The method used to train the emulator and controller is the same as before, except that

the output of the plant is corrupted by noise.

The output from the noise-corrupted plant is given by

yn(k+1) = yp(k+1) +v(k)
= flup(k), ... yp(k —n+ 1)u(k), -, u(k —m+ 1)) + v(k) (3.50)

where v(k) is the zero mean, random sensor noise.

The output from the emulator is given by
Gu(k+1) = Nolyu(), pn(b=1),- ., gk =+ D u(k), u(k=1), -, u(k—m+1)] (3.51)
where N, represents the emulator neural network.

As the emulator is modelling the noise-corrupted plant, viz the plant output plus sensor
noise, the mean square error is given by
N-1

Cls = 7 2 [un(k+1) = gl + 1P (352)
k=0

As v(k) is uncorrelated white noise, intuitively one can expect that in order to achieve
the same mean square error as for the noiseless case, far more training iterations will be

required.

Once again the same procedure as the noiseless case is used to train the controller, except

that the plant output is corrupted by the white sensor noise.

The control signal is given by
u(k) = Ne[yn(k), yn(k = 1), s ya(k —n + 1);u(k = 1), u(k —m + 1);r(k)] (3.53)
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where N, represents the controller neural network, with the noise corrupted output as a

feedback variable

Two examples are considered to highlight the effectiveness of the control scheme when

sensor noise is present.

EXAMPLE 3.3.5 The same plant and reference model as Example 3.3.1 are used.
The emulator is trained with a random signal u(k) = ®[—0.5,0.5], with a random sensor
noise signal v(k) = R[—0.06,0.06] present. This results in an output signal-to-noise
ratio of 20dB. Training is carried out for 100,000 iterations with a learning rate of 0.1,

resulting in a mean square error of 0.034. The outputs for the noise-corrupted plant and

2k

22%) are shown in Figure 3.13a.

identification model for an input signal u(k) = 0.5 sin(

The controller is trained with a reference signal r(k) = [—0.5,0.5] for 100,000 iterations
with a learning rate of 0.1, resulting in' a mean square tracking error of 0.0152. The

plant and reference model outputs for reference inputs r(k) = 0.5sin(2k) and r(k) =

2wk

21%)] are shown in Figures 3.13b and 3.13c, respectively.

0.5sgn[sin(2Z2
EXAMPLE 3.3.6 In this example, the same plant and reference model as Exam-
ple 3.3.2 are used. The emulator is trained with a random signal u(k) = R[-1,1],
with a random sensor noise signal v(k) = R[—0.08, 0.08] present. This once again results
in an output signal-to-noise ratio of 20dB. Training is carried out for 100,000 iterations

with a learning rate of 0.1, resulting in a mean square error of 0.0079. The outputs for

2nk

the noise-corrupted plant and identification model for an input signal u(k) = sin( 25

are shown in Figure 3.14a. As can be seen from this figure, the NN emulator output

resembles a filtered version of the actual noisy plant output.

The controller is trained with a reference signal r(k) = [—0.5,0.5] for 100,000 iterations
with a learning rate of 0.1, resulting in a mean square tracking error of 0.0197. The

plant and reference model outputs for reference inputs r(k) = 0.5sin( k) and r(k) =

2rk

27k)] are shown in Figures 3.14b and 3.14c, respectively.

0.5sgn[sin( 2=

The above results highlight that for the cases considered measurement noise of the order

of 10% (20dB) does not seem to present a practical problem. In both cases tracking
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Figure 3.13a: Response of the noise-corrupted plant (y.) and identification model ()
for Example 3.3.5 with u(k) = 0.5sin(2ZE)
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Figure 3.13b: Response of the noise-corrupted plant (y,) and reference model (yy,) for
Example 3.3.5 with r(k) = 0.5 sin(22%)
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Figure 3.13¢c: Response of the noise-corrupted plant (y,) and reference model (yr) for
Example 3.3.5 with r(k) = 0.5sgn[sin(2Zk)]
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Figure 3.14a: Response of the noise-corrupted plant (y,) and identification model (7n)
for Example 3.3.6 with u(k) = sin(2£)
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Figure 3.14b: Response of the noise-corrupted plant (y,) and reference model (y,) for
Example 3.3.6 with r(k) = 0.5sin(22%)
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Figure 3.14c: Response of the noise-corrupted plant (y,) and reference model (yn) for
Example 3.3.6 with r(k) = 0.5sgn[sin(2)]
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errors of similar order to the noiseless case are obtained. Once control is initiated, the
mean of the output of the noise-corrupted plant tracked the output of the reference model
and the noise component is attenuated effectively. An observation that is made is that
the output of the emulator trained to approximate the noise-corrupted nonlinear plant

tracked the mean of the noisy plant output.
(iii) Dynamic Plant Noise

The ability to deal with external stochastic disturbances is of major concern in all con-
trol systems. If the unwanted disturbance is of sufficient magnitude, it behaves as an
equivalent input signal to the plant and thus adversely affects the performance of the
system. Common examples of such disturbances are a gust of wind on an airplane, waves
on a ship and internal noise from the control system components. The effect of these
disturbances acting on the plant is to a large extent subject to the inherent dynamics
and characteristics of the plant. In the study considered, the dynamic effect of the plant
noise is simulated by adding a white noise sequence to the input of the plant. Therefore,
the noise component of the output of the plant, y,(k+1), has been coloured by the plant
dynamics and is thus no longer separable from the actual plant output, as is the case for
the sensor noise. Hence, the disturbance appears at the output of the plant as a coloured

noise process.

As with the sensor noise case, training of the emulator and controller is undertaken in a
noisy environment. This is because dynamic plant noise is often due to noise from internal
components in the control system and thus will be present even when the system is taken
off-line. For the case of dynamic noise produced solely by operational disturbances such
as wind or waves, a noise-free environment may be assumed during training. However,

this is rarely the case.

The procedures adopted for training the emulator and controller are the same as for the

noiseless case, except that the input to the plant, u/(k), is a noise-corrupted input.
The output from the noise-corrupted plant is given by

yn(k+1) = flup(k),yp(k—=1),...,yp(k—n+1);4'(k),u'(k=1),- - ,u'(k—m+1)] (3.54)
where u'(k) = u(k) + v(k) and v(k) is Gaussian white noise sequence.
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The output from the emulator is given by
Gn(k+1) = Ne[yn(k),yn(k—1),...,yn(k—n+1);u(k),u(k—1),- -, u(k—m+1)] (3.55)
where N, represents the emulator neural network.

The control signal is given by
u(k) = Ne[yn(k),yn(k = 1), ... yn(k —n+1);u(k = 1), - - ,u(k —m + 1);r(k)] (3.56)
where N, represents the controller neural network.

The same two examples used in the sensor noise case are considered to highlight the

effectiveness of the control scheme when dynamic plant noise is present.

EXAMPLE 3.3.7 The same values used for the corresponding Model III sensor noise
example are used except that a input signal u(k) = R[—1,1] and noise signal v(k) =
R[—0.1,0.1] is used, resulting in an input signal-to-noise ratio of 20dB. Once again,
training is carried out for 100,000 iterations with a learning rate of 0.1, resulting in a

mean square error of 0.0328. The outputs for the noise-corrupted plant and identification

2rk

model for an input signal u(k) = sin(25s

) are shown in Figure 3.15a.

The controller is trained with a reference signal r(k) = R[—1,1] for 100,000 iterations
with a learning rate of 0.1, resulting in a mean square tracking error of 0.0541. The plant
and reference model outputs for reference inputs r(k) = sin(2Z£) and (k) = sgn[sin(22)]

250 250

are shown in Figures 3.15b and 3.15c, respectively.

EXAMPLE 3.3.8 In this example, the same plant and reference model as Example

3.3.2 are used. The emulator is trained with a random signal u(k) = R[-1,1], and

with a random noise signal v(k) = R[—0.1,0.1] present. This once again results in an

input signal-to-noise ratio of 20dB. Training is carried out for 100,000 iterations with

a learning rate of 0.1, resulting in a mean square error of 0.0129. The outputs for the
2k

noise-corrupted plant and identification model for an input signal u(k) = sin(45) are

shown in Figure 3.16a.
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Figure 3.15a: Response of the noise-corrupted plant (y,) and identification model (x)

for Example 3.3.7 with u(k) = sin(zz—’s'g-)
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Figure 3.15b: Response of the noise-corrupted plant (y,) and reference model (y,,) for
Example 3.3.7 with r(k) = sin(m)
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Figure 3.15¢c: Response of the noise-corrupted plant (y,) and reference model (ym) for
Example 3.3.7 with r(k) = sgn[sin(Z£)]
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The controller is trained with a reference signal r(k) = R[—1, 1] for 100,000 iterations
with a learning rate of 0.1, resulting in a mean square tracking error of 0.0238. The

plant and reference model outputs for reference inputs r(k) = 0.5sin(22%) and r(k) =

2rk

21%)] are given in Figures 3.16b and 3.16c, respectively.

0.5sgn[sin( L%
The above results once again indicate that the controller performance is still very good
even when trained in a noisy environment. As with the sensor noise case, the emulator
response resembled a filtered version of the noise corrupted output. The level of the noise
at the output of the plant is dependent upon the structure of the plant. In the examples

considered, the output signal-to-noise ratio for the Model III plant which contained a

w3 (k
1+y2 (k)+v2(k-1)°

However in both cases the output noise is attenuated during the control stage. Apart

u3(k) term is worse than the Model IV plant which contained the term

from the presence of noise, the control performance is satisfactory, which is a promising
result considering the plant noise considered is probably the worst case scenario, as the

noise is coloured by the plant dynamics, and is thus not separable from the plant output.

3.3.2 On-line Learning and Control

EXAMPLE 3.3.9 The plant considered here is used in [169] and also is considered in
the off-line approach in Example 3.3.1. The plant equation is given by

yp(k +1) = % +u3(k) (3.57)

As is the case for Example 3.3.1, the reference model used is given by
Ym(k + 1) = 0.2y, (k) + r(k) (3.58)

Three types of reference inputs are considered. These are

r(k) = 5,111(22”5'c ) (3.59)
k) = { sin(Z2E) k < 920 (3.59)
0.5sgn[sin(ZE)] & > 920
2rk
r(k) = sgn[sin(== 300 )] (3.59c¢)
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Figure 3.16a: Response of the noise-corrupted plant (y.) and identification model (§,)

for Example 3.3.8 with u(k) = sin(ﬁ"T’g)
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Figure 3.16b: Response of the noise-corrupted plant (y,) and reference model (y) for
Example 3.3.8 with r(k) = 0.5 sin(l’i)
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Figure 3.16¢c: Response of the noise-corrupted plant (y,) and reference model (y) for
Example 3.3.8 with r(k) = 0.5sgn[sin(22%))
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The disturbance-free plant and reference model responses for these inputs are given in
Figures 3.17a-3.18b. Neural networks consisting of 2 inputs, 2 hidden layers with 20 and
10 nodes, respectively, and 1 output are used for the controller and emulator. A learning
rate of n = 0.1 is used for both networks. On average, these parameters provided the

best results.

Amplitude

Time Samples

Figure 3.17a: Response of the plant (y,) and reference model (yn) for Example 3.3.9
with r(k) = sin(2%) for k = 0...100

25
Figure 3.17a shows that for the reference input given by equation (3.59a) the initial
tracking performance is not very good, as the emulator knows little about the plant.

However as Figure 3.17b shows, the performance improves with time.

Figure 3.18a shows that the effect on the tracking performance of a change in reference
input at £ = 920. At the instant the signal changes, the tracking performance deteriorates
greatly, but as the neural network adapts to the new input, the performance improves
rapidly. Figure 3.18b shows the control input required to produce the plant response
shown in Figure 3.18a. As can be seen, significant control effort is required at the instant

the input changes and also at the transition in states of the plant output.

Figure 3.19a shows the effect the variable load disturbances shown in Figure 3.19b on

the on-line neural control scheme. In the off-line approach, training is undertaken in an
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Figure 3.17b: Response of the plant (yp) and reference model (y,) for Example 3.3.9
with r(k) = sin(<&* 27rk) for k£ = 900...1000
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Figure 3.18a: Response of the plant (y,) and reference model (ym) for Example 3.3.9
with r(k) = sin(Z£) for ¥ < 920 and r(k) = 0.5sgn[sin( k)] for k > 920
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Figure 3.18b: Control input u(k) for Example 3.3.9 with r(k) = sin(Z£) for k¥ < 920 and
r(k) = 0.5sgn[sin(%E)] for k > 920
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Figure 3.19a: Response of the plant (y,) subjected to a load disturbance and reference
model (y,,) for Example 3.3.9 with r(k) = sgn[sin(2E))]
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Figure 3.19b: Load disturbance used for Example 3.3.9
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Figure 3.19c: Response of the plant (y,) and reference model (y,,) for Example 3.3.9 with
r(k) = sgn[sin(%%)] and with dynamic plant noise, sensor noise and a load disturbance

present.
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environment not subject to operational load disturbances, and thus a bias compensation
needs to be employed. Whereas in the on-line scheme, training is performed on-line with
the load disturbance present. Therefore, the controller is trained to compensate for the
DC bias and so there is no need to implement a bias compensation scheme. As can be
seen, the on-line scheme is capable of dealing with such disturbances very well with only
small changes to the tracking performance occurring at the instant at which the load

disturbance is changed.

Figure 3.19c shows the effect of dynamic plant noise of the order of 20dB signal-to-
noise ratio applied to the control input, sensor noise also of the order of 20dB signal-
to-noise ratio and the load disturbance shown in Figure 3.19b. The combination of
these disturbances represents a typical practical situation in which noise inherent to
the measuring device (sensor noise), noise due to internal components or environmental
factors (dynamic noise) and changes in load conditions are present. The results provided
in Figure 3.19c show that other than the presence of noise, which can generally be

minimised through filtering, the control performance appears satisfactory.

As shown in the above figures, the tracking errors are quite large in the initial phase
of operation, but reduce to the order of 5 to 10% after only a few iterations. Thus the
performance of the control scheme is quite good despite the fact that a seemingly non-
persistent excitation is used in most cases, except perhaps where dynamic (white) noise is
added to the input. However, the concept of persistent excitation is not well understood
for nonlinear systems. In fact it is stated by Narendra and Annaswamy [167] that the
conventional definitions of persistent excitation may be neither necessary nor sufficient
to assure asymptotic stability of nonlinear systems. Therefore, unlike linear systems, the
success of the adaptive control process does not always rely on a persistently excited

input u(k).

Simulation results also indicate that the on-line controller performance can be improved,
particularly in the initial phase, by preceding the on-line control stage by a short identifi-
cation phase in which some persistently excited input is injected into the plant. However,
this assumes that the system can be taken off-line. In addition, the initial tracking error

can be reduced by introducing a sliding control term [202, 203, 204, 234, 235] which can
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come into operation when the system leaves a certain prespecified region.

EXAMPLE 3.3.10 A two-input two-output plant belonging to class IV is considered
in this example. The system is nonlinear in output and control and the nonlinearities

are not separable. The plant consists of cross-coupling in the output parameters.

Y, (k) + 0.5us (k) + 0.5ua(k) + 0.1y, (k)
1+y2 (k)
y? (k) + 0.5u3(k) + 0.5ua(k) + 0.1y, (k)

yn(k+1) = T2 (0 (3.60)

ym(k + 1) =

A stable linear reference model given by the following difference equation is used

Ymy(k+1) = 0.5ym, (k) + 0.5u1(k) + 0.5us(k)
Yym, (k + 1)

0.5Ym, (k) + 0.5uz(k) + 0.5us(k) (3.61)

A neural network consisting of 5 inputs [y, , Yp,, U1, U2, u3], 2 hidden layers with 10 nodes
each, and 3 outputs is used to implement the controller, i.e., Q34,53 The emulator
network belonged to the class Q2 ;5,02 A learning rate of n = 0.2 and momentum rate

of a = 0.1 is used for both networks.

The ability of the controller to adapt to a changing input is investigated by considering

the following reference input

27k

ri(k) = a(k/200)sgn[sin(m)]
ro(k) = a(k/200)sgn[sin(%)]
ra(k) = 0.2d(k/200)sgn[sin(%)] (3.62)

where a(k/200) is a random variable.-in R[0,1] whose value is changed after every 200

samples. The various responses for this input are given in Figures 3.20 and 3.21.

As can be seen, the tracking performance of the on-line control approach is very good
for this example, despite the variable nature of the input amplitudes and the complex
nonlinearities of the system. Due to the cross-coupling in output, the tracking response
for y,, reflects the changes in the more frequently changing response y,,. These are

observed as small overshoots in the plant response at every 100 samples. However, the
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Figure 3.20: Response of the plant (y, = [yp“ym]T) and reference model (y, =
[ym17ym2]T) for Example 3.3.10
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Figure 3.21: Control input (u = [u1, uz, u3]T) for Example 3.3.10
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control scheme quickly accounts for this cross-coupling effect by a change in amplitude
of control signals u; and us. As mentioned earlier, cross-coupling of output and/or
control variables occurs commonly in practice and thus the ability to compensate for
such complexities is an important property of this control approach. Furthermore, these
results highlight the general nature of the control approach and demonstrate its ability
to handle difficult MIMO systems without any additional information.

EXAMPLE 3.3.11 In this example a marginally stable nonlinear system is considered.
Mathematically speaking marginal stability is generally a property of a linear system in
the sense that by definition it implies a pole on the imaginary axis of the s-plane or
on the unit circle of the z-plane. However, it is known that nonlinear system which
are inherently open-loop marginally stable commonly occur in practice. Well known
examples are the ship steering problem [127] and the homing missiles guidance problem
[78]. Lyapunov theory is often employed to study the stability of nonlinear systems.
In particular, Lyapunov’s direct method is commonly used. This method involves the
construction of a Lyapunov function V(z) for which a number of properties are verified,
particularly concerning the rate of change of the function, i.e., AV(z). Essentially, if
V(z) is positive definite and AV(x) is negative definite (semidefinite), then the system is
asymptotically stable (stable). The closest analogy to marginal stability is the condition
for a stable system. For a linear system the stable case above corresponds to a system
whose discrete-time eigenvalues are all < 1, whereas the asymptotic stability case above
corresponds to a system with all eigenvalues strictly within the unit circle. However, the
problem is that the choice of Lyapunov function can affect the result, i.e., the system may
be stable according to Lyapunov’s direct method when it is actually asymptotically stable
[108, 125]. Therefore, a formal definition of a marginally stable nonlinear system is still
rather elusive. For the purpose of this simulation study, such systems can be considered

to be a stable system cascaded by an integrator. This is expressed as follows:

ey = () k)
= yp(k) + yp(k + 1) (3.63a)

where y;, is the output of the augmented plant which is nonlinear and marginally stable,
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Y, is the output of the stable system and g is the shift operator. The stable plant is
defined by the following difference equation

a(E)yp(k — Du(k) + (k) + 0.5y,(k — 1)

vk +1) = [+ 92(k) + 2(k = 1)

(3.64)

The on-line neural control procedure presented in this chapter has several advantages
over off-line neural network control procedures for controlling marginally stable systems.
Firstly, it does not employ a separate, open-loop identification stage, which requires
that the system is strictly stable. Secondly, identification of the plant and the control
are done simultaneously and in a closed-loop environment. Therefore, the closed-loop
control system can compensate for any tendency towards instability exhibited by the
plant. These facts suggest that an on-line neural control system is capable of controlling

marginally stable systems.

The reference model considered is chosen as
Ym(k + 1) = 0.2y (k) + 0.2ym(k — 1) + r(k) (3.65)

The performance of the controller is investigated by observing the step responses of the
plant and reference model. The ability of the controller to adapt to a changing operating
environment is also investigated by changing the reference input. Therefore the following

reference input is used to demonstrate the effectiveness of the controller.

k—25) k<600
(k)= { E=) (3.66)
sin(Z%) k> 600

100

where s(k) is a step at k = 0.

The plant and reference model responses for this input are given in Figure 3.22a. Neural
networks consisting of 3 inputs, 2 hidden layers with 20 and 10 nodes, respectively, and

1 output are used to implement the controller and emulator.

Figure 3.22a shows the transient response for the neural controller with a learning rate
of n = 0.025. The transient is initially quite oscillatory, but as the plant is a marginally
stable one, this is not unexpected. The rise time and settling time of the response are

comparable with the specified reference model dynamics. Figure 3.22a also highlights
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Figure 3.22a: Response of the plant (y,) and reference model (ym) for the marginally
stable system (3.63a) with r(k) = s(k — 25) for k < 600 and sin(3Zk) for k£ > 600
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Figure 3.22b: Control input u(k) for the marginally stable system (3.63a) with r(k) =
s(k — 25) for k < 600 and 0.5sin(22E) for k > 600
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the fact that the system can quickly adapt to a change in its environment, represented
here by a change in reference input occurring at k = 600. In fact after an initial period
in which the tracking performance deteriorates, the system quickly adapts to the new

input by adjusting its weights, resulting in an improved tracking performance.

Figure 3.22b shows the control effort required to obtain the responses given in Fig-
ure 3.22a. It is worth noting that when the reference input is changed, a great deal of

control effort is required .

Whilst investigating the performance of the controller, it is observed that the learning rate
used in the backpropagation algorithm had a significant influence on the performance of
the system. In particular, it is found that the system performance is relatively insensitive
to the choice of learning rate of the emulator (7;), whilst the controller learning rate (7.) '
affects the performance significantly. Several simulations are carried out to investigate
the effect of the learning rates. The system considered is the plant given in equation
(3.63a). The reference model given in equation (3.65) is used. The step responses of the

system for various learning rates are given in Figures 3.23a, 3.23b, 3.23c and 3.23d.

These results highlight the fact that the controller learning rate affects the level of damp-
ing of the system. In particular, the results show that as the learning rate is increased,
the level of damping decreases and consequently the transient response becomes more
oscillatory, but the rise time and settling time are reduced. A learning rate of n. = 0.001
represents a system which is overdamped, while a learning rate of . = 0.05 represents an
underdamped system. It is found that the system became unstable when the controller

learning rate is increased to 0.06.

To explain, consider the physical significance of the learning rate. The learning rate (n)
is related to the size of the step taken along the error surface when adjusting the weights.
A small learning rate means only small steps are taken down the error surface, resulting
in a smooth, virtually continuous path of descent. Therefore, with small learning rates
the change in the values of the weights and output from the network are smooth and non-
oscillatory. This is reflected in Figure 3.23(a). With larger learning rates, bigger steps
are taken and thus the time to reach a minima is smaller. However, with a large learning

rate, the corrections to the weights are more severe, resulting in a greater oscillations in
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Figure 3.23: Response of the plant (y,) and reference model (y,) with (k) = s(k —25),
and (a) n. = 0.001 & n; = 0.05, (b) n. = 0.01 & n; = 0.05, (c) 7. = 0.025 & n; = 0.05
and (d) 7. = 0.05 & 7; = 0.05 .

the values of the weights, and subsequently in the network output. This is reflected in

Figure 3.23(d).

3.4 Conclusions

A neural network based approach to the model reference adaptive control of nonlinear
systems is presented in this chapter. The approach combines the model reference neural
adaptive control scheme proposed by Narendra and Parthasarathy [169] with the forward
modelling approach of Jordan [95]. A time delay multi-layered neural network is used to
generate the appropriate control so that the plant output tracks the output of a reference
model. The reference model is chosen to reflect the desired dynamics. A second neural
network is used to generate an approximate of the plant Jacobian. It is shown that the

Jacobian is necessary for updating the controller weights.

The advantages of this method are:
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e Apart from the number of delayed values of plant input and plant output in the
nonlinear plant equation, and the relative degree and order of the system, no other
a priori knowledge of the plant is required, viz the plant can be treated as a “black

box”.

Thus the requirements of [169], namely (i) control and output terms are
separable, (ii) the separate nonlinear functions f(.) and g(.) can be independently
identified, and (iii) the inverse of operators on control can be ezplicitly approxi-

mated, have been relaxed.

e It provides a unified approach to the control of stable nonlinear plants, in which
plants belonging to Model IV are treated exactly the same as plants belonging to
Models I-III.

An off-line approach and an on-line approach are discussed and the relative merits of
both approaches are presented. The controller weight update equation is derived for a
general multi-input multi-output system and it is demonstrated that the controller error
required to modify the controller network weights can be obtained by backpropagating

the tracking error through the neural network which emulates the plant.

The effectiveness of the control approach is demonstrated through a number of simulation
examples. For the off-line case, single-input single-output systems belonging to Model
III and Model IV are considered. The identification and control of the Model III system
is shown to be possible without the need to separately model the nonlinear function in
control or its inverse. This is shown to be an advantage over the approach presented in
[169]. The Model IV system is also successfully controlled. This represented a significant
achievement as in such systems the control is heavily embedded in the nonlinearities of
the system. A multi-input multi-output system belonging to Model IV is also considered
to highlight the generality of the approach. The effects of three types of disturbances
are considered, namely load disturbances represented by a DC bias on the output of the
plant, sensor noise represented by an additive white noise process on the output of the
plant and dynamic plant noise represented by a white noise process on the input of the
plant. A bias compensation scheme is developed to account for the DC bias and this is
shown to be effective for varying load conditions. The control scheme is also shown to

be effective in the presence of dynamic and sensor noise.
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In the on-line case, the same SISO system belonging to Model III is considered. Whilst
an equivalently small tracking error is not achieved, the scheme is still able to produce
an effective control. The scheme is also shown to be effective in dealing with systems
subject to load disturbances, dynamic plant noise and sensor noise without the need for
any additional compensation schemes. A MIMO system belonging to Model IV is also
considered to demonstrate the effectiveness of the approach. One of the major advantages
with the on-line approach is shown to be its ability to effectively control marginally stable
systems. This is a significant result, as many of the existing neural control approaches

are unable to deal with such systems because they employ open-loop identification.

The two major shortcomings of the approach presented in this chapter are that (1)
there is no guarantee that the tracking error converges to zero, and (2) the control
scheme is not shown to be stable. These are perhaps two of the most important issues
associated with any control scheme and must be addressed in order that the scheme be
practically viable. Whilst the simulation results show that the tracking error tends to
zero rapidly, this is, to some extent, due to a fortuitous choice of reference model, plant
and reference inputs, rather than any theoretical guarantees. Therefore results which
guarantee the convergence of the tracking error are desired. The problem of stability is
particularly difficult when artificial neural networks are used for identification or control
and the system is nonlinear. Unlike linear systems, it is difficult to derive simple algebraic
conditions to ensure stability of the overall system. In the next chapter an enhancement of
the neural adaptive control scheme is proposed which enables the derivation of conditions

under which these issues are addressed.
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Chapter 4

Stable Neural Adaptive Control

4.1 Introduction and Overview

The most important property of any control system is its stability. An unstable control
system is typically useless and potentially dangerous. Qualitatively, the concept of sta-
bility deals with the effect of unknown disturbing forces on a dynamical system. If the
effect of the disturbing force is insignificant, such that a system starting near its desired
operating point stays at that point forever after, then the system is considered stable.
Since these disturbing forces are present in most physical systems, the study of stability
properties is of major theoretical and practical importance. The concept of stability
has been researched extensively over the past century and so as a result, a great deal
of literature dealing with this issue is available [167, 205, 218, 237]. In particular, the
most commonly used approach for studying the stability of control systems is Lyapunov

theory [174, 218].

Another important concept in the design of control systems is the convergence property
of the output error. As discussed in detail in earlier chapters, the neural adaptive control
scheme presented in this thesis is based on the model reference adaptive control method-
ology. The fundamental principle in MRAC schemes is to design a control such that the
tracking error (the difference between the plant output and the desired reference model

output) converges to zero, or at least an arbitrarily small value.
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In the neural control scheme presented in the previous chapter, the tracking error seems
to converge to zero for the simulation examples. However, this is, to some extent, due
to fortuitous choices of reference model, reference inputs and plant structure rather than
any theoretical guarantees. Therefore, theoretical results are required to ensure the
convergence of the tracking error. To further ensure the practical and theoretical viability
of the proposed neural control scheme, theoretical results are also required to guarantee

the stability of the overall system.

However, in a control system with neural networks it is difficult to prove properties
such as stability. The main reason is the mathematical difficulties associated with the
use of highly nonlinear neural network controllers in complex nonlinear systems. Some
progress has been made in this area and some important theoretical results are beginning
to emerge, but the overall knowledge and development of stability techniques for neural

control systems is still quite immature.

Amongst the prominent research done in this area is the work by Chen and Khalil [30]
and Chen and Liu [31]. In both of these works, local convergence theorems are given
for the tracking error. These are provided for discrete-time systems and continuous-time
systems, respectively, using a linearizing feedback neural network control scheme. The
issue of designing a stable neural control scheme and the convergence of the tracking error
to a neighbourhood of zero has been recently addressed by Polycarpou and Ioannou [186],
Sanner and Slotine [202, 203, 204], and Tzirkel-Hancock and Fallside (234, 235]. In all
of these approaches, results of Lyapunov stability theory are used to adjust the neural
network weights. Furthermore, a sliding control is also employed to help provide global
stability. However, in these papers certain restrictive assumptions about the plant are

made.

In this chapter, an enhanced neural network based model reference control scheme is
proposed. As with the scheme discussed in the previous chapter, this enhanced neural
control scheme is formulated for a general discrete-time multi-input multi-output non-
linear system. Furthermore, the general nonlinear systems considered are non-affine in
control and the control may be heavily embedded in the nonlinearities of the system.

Weak assumptions regarding the order, relative degree and number of delay terms in
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the plant output and control variable are made. Output feedback is also assumed. The
concepts of stability and convergence of the tracking error for the neural adaptive control
scheme are addressed through the introduction of an enhanced reference model. A subse-
(uent enhancement to the model reference scheme is made which enables the derivation
of sufficient conditions to guarantee the convergence of the tracking error. Furthermore,
Lyapunov’s direct method is used to demonstrate that the overall system is stable. The
basic strategy of the proposed scheme is to generate a control input via the neural net-
work controller such that the plant output is nearest, in some norm sense, to a desired
plant output generated by the enhanced reference model. Therefore, a modified controller

neural network weight update equation is proposed to achieve the desired control.

This chapter is structured as follows. A detailed discussion of the concept of an enhanced
reference model is provided in Section 4.2. The origins of this approach are discussed,
particularly in relation to the optimal decision control strategy of Spong et al. [225]
and the linear programming approach of Rehbock et al. [190, 192]. The resultant en-
hancement of the neural network based model reference control scheme prgsented in the
previous chapter is provided in Section 4.3. Two alternative sufficient conditions are
derived to ensure the convergence of the tracking error. The corresponding proofs are
also furnished to demonstrate the convergence results. Lyapunov’s direct method is used
to guarantee the stability of the closed-loop system. A modification to the weight update
equation is provided to achieve the desired control. Several simulation studies are then
considered in Section 4.4 to demonstrate the effectiveness of the proposed scheme. In
particular the performance of the scheme for systems subject to a range of disturbances

and other non-idealities is investigated.

4.2 Enhanced Reference Model

The concept of introducing a desired velocity function in a reference model was first
introduced by Spong et al. [225]. In this paper, the problem of tracking a desired
trajectory in the state space of an n-link robotic manipulator subject to bounds on

the allowable input torques is considered. The controller is designed using an optimal
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decision strategy (ODS) which belongs to a class of pointwise optimal control strategies.
The aim of the ODS approach shown in [225] is to minimise the Euclidean norm of the
difference between the actual vector of instantaneous joint accelerations and a desired
joint acceleration vector. As shown in [14], the ODS technique is a special case of the
optimal aim strategy originally proposed by Barnard [13]. The ODS technique is claimed
to have several advantages over classic optimal control techniques which are based on
calculus of variations and yield a pair of control and state time histories that are optimal
with respect to a performance index evaluated over a specified time interval. The solution
to the classical optimal control problem requires a two-point boundary value problem to
be solved. This computational complexity means that it is infeasible to implement on-line
schemes based on classical optimal control for nonlinear dynamical systems. The ODS
scheme is a pointwise optimisation approach which optimises the present state of the
systems without regard to future events. This technique has the advantage of allowing
input and/or state variable constraints and it does not require the solution of a two-point
boundary problem. Therefore, due to its simplicity, on-line implementation of the ODS

scheme 1s feasible.

The approach presented by Spong et al. [225] considers a nonlinear dynamic system of

the form

Yp(t) = f(yp(t)) + Glyp(t))u(?); ¥p(0) = vo (4.1)
subject to the constraints u™" < uw; < ul®, ¢ = 1,...,m where y,(t) € R" is the
output vector, u € R™ denotes the control vector, u™™ and uf*** are given scalars, and
f:R" > R® and G : R™ — R™™™ are given smooth nonlinear functions. In addition, for
any z € R*, G(z)TG(z) is positive definite. Let yn(t) be the desired trajectory which [{
the output of the dynamical system must track. Since the control vector is bounded, the
domain of the actual trajectory y,(t) is restrained by the set C(y,) of velocity vectors

where

{

Clyy) = {z€R| 2= f(yp)+g(yp)u,u € 2

Q = {ueR™|uM™ <uy; <ul*,i=1,...,m} (4.2)

It is then assumed that the function v(t) € R™ is specified a priori as a function of

yp(t) and ym(t). The function v(t) is referred to as the “desired velocity in state space”
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or “desired velocity” for short. However, as pointed out in [225], v does not represent
the actual joint velocities for a given manipulator. The ODS method is used to obtain
an optimal control law u*(¢) such that the corresponding instantaneous velocity y,* =
Flyo()) + g(y,(¢))u*(t) is nearest to v(t), hence the name “desired velocity”. More

precisely, u*(t) is chosen to minimise the performance index

J(o(2), v()) = min{[yip(t) — ()] Qyp(t) — v(1)]} (4.3)

where @ is an n X n symmetric positive definite matrix. The validity of the scheme and
the properties of the resultant closed-loop system depend on the choice of the desired
velocity function v(t), which is selected a priori by the designer. Several choices of the
desired velocity function are examined in [225]. It is stated that if v is chosen to be linear
in some coordinate system ¢ = T'(y), then a feedback linearisation approach, as discussed
in Chapter 1, results. By choosing v(y) = —y, the optimal aim approach of Barnard [13]
is obtained. If v is chosen to point to a sliding hyperplane in R™ then the so-called
equivalent control approach is implemented. The aim of the approach presented in [225]
is to align the closed-loop system with v as closely as possible in a least square sense.
Thus, the desirable properties of the velocity function such as stability are translated
into the overall closed-loop performance of the system. The form of the desired velocity

function considered for controlling a robot manipulator is

v(t) = Jm(t) + Alyp(t) — ym(t)) (4.4)

where 4, and y,, are generated from the reference model
Ym(t) = Aym(t) + Br(t) (4.5)

in which A is an n x n Hurwitz matrix. With this form of velocity function, a general
control scheme can be realised by the block diagram of Figure 4.1. An enhanced reference
model is introduced to represent the reference model and the desired velocity function.
For an ODS scheme, the control block in this figure represents the selection of a control
input u*(¢) such that the performance index (4.3) is minimised. The approach realised
in this block diagram highlights the model following character of this choice of velocity
function. This approach is also adopted by Lee et al. [123] for an aircraft terrain following

system.
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Figure 4.1: Model following scheme using an enhanced reference model

An alternative ODS method is proposed for discrete-time systems by Rehbock et al.
[190) and for continuous-time systems by Rehbock et al. [192]. In the approach for
a discrete-time system, the performance index |y,(k +1) —v(k)| is used instead of
[p(t) — v(£)]TQ[yjp(t) — v(t)], where |.| represents the /; norm. Thus, this approach
avoids having to choose the appropriate matrix Q. Furthermore, this change allows
the pointwise optimisation problem to be converted into a linear programming problem
which is then solved using the well known simplex method [191]. For this case, the

desired velocity function is given by
v(k) = ym(k + 1) + A(yp(k) — ym(F)) (4.6)

and the reference model is given by
ym(k +1) = s(ym(k)) + (k) (4.7)

where s : R® — R™ is an appropriate function. This choice of desired velocity is shown
to result in a stable model following system with or without control constraints. The
approach proposed in [190] is applied to the ship steering problem and the aircraft terrain
tracking problem. It is found to be very effective in controlling these systems which are
nonlinear and affine in control. Note that in the discrete-time representation, it is less
obvious that y,,(k+1) of (4.7) represents the instantaneous velocity of the model output.

Consequently, it may cause confusion when v(k) is termed the desired velocity. To avoid
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this confusion, v(k) will henceforth be denoted y/,(k + 1) and will be referred to as the

enhanced model output.

4.3 Enhanced Model Reference for Neural Control

In order to ensure stability and the convergence of the tracking error, an enhancement
is made to the neural network based model reference adaptive control scheme which is
presented in Chapter 3. The enhancement involves introducing an enhanced reference
model of the form discussed above for model reference adaptive control schemes. This

enhancement can be mathematically expressed as follows:

Consider a plant governed by the following nonlinear difference equation
yp(k + 1) . f(yp(k),"'ayp(k -1+ 1);u(k)7"',u(k -m+ 1))
() = o Vk N (48)
where y, € R" is the output vector, u € R" is the control vector, f : R**! x R™X™ — R
is a smooth nonlinear function, y,, € R™ is the initial output vector, k is the time index,

N is the set of natural numbers, and m and [ are the number of delayed values of plant

input and plant output, respectively.

Consider a stable reference model governed by

ym(k+1) = fu(ym(k), -, ym(k — d + 1);r(k))
ym(0) = Ymo (4.9)
where y,, € R is the reference model output vector, r € R" is the piecewise continuous
and bounded reference input, f,, : R"*¢ x R” — R™ is usually a linear function, d is the

number of delayed values of reference model output with d > [ and y,,, € R is a given

initial output vector for the reference model.

The control strategy is to find a feasible control input
w(k) = g(yp(k), -, yp(k =1+ 1);u(k = 1), -, u(k —m + 1); r(k); We) (4.10)

where g : R™*! x R™*™ — R is a neural network parameterised by the set of weights W,

such that the corresponding plant output is nearest, in some norm sense, to a desired
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output y’ (k + 1). This output variable is to be specified a priori as a function of the
plant output and the reference model output. An appropriate way to generate y, (k+1)
18

U (b +1) = ym(k + 1) — A(ym (k) — y5(k)) (4.11)
where A is an nxn Hurwitz (stable) matrix. The combination of the reference model (4.9)

and the enhanced output (4.11) is called the enhanced reference model in Figure 4.2.

ced R Mod
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Figure 4.2: Block diagram of the neural control scheme with an enhanced reference model

4.3.1 Convergence of the Tracking Error

The aim of the proposed neural control scheme is to generate a suitable control u(k) such

that the cost function given by

B =3 T+ )= nlE+ DI GG+ D pb+1) (412

is minimised, where N is the number of samples.

The motivation for using y/ (k + 1) in the cost function is that sufficient conditions to
ensure the convergence of the tracking error can be established. To demonstrate this,

firstly define the tracking error as
er(k+1) = ym(k+1)—yp(k+1)
er(0) = ym(0) — y,(0) = eo Vk eN (4.13)
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A residual ¢(k+1) which represents the difference between the plant output and enhanced

model response, is then introduced, i.e.,
o(k+1) = gy (k +1) = gk +1) (4.14)
It follows that

er(k+1) = A(ym(k) —yp(k)) + c(k +1)
= Aer(k) +c(k +1) (4.15)

The principal aim of a model reference adaptive control scheme is to ensure the conver-
gence of the tracking error. It can be shown that with the proposed enhancement, the
neural network based MRAC scheme presented here will satisfy this aim under certain

conditions. This issue is addressed in the following theorems.

THEOREM 4.3.1 The tracking error er(k) defined in (4.13) converges to zero if the
residual c(k + 1) defined in (4.14) satisfies the following inequality

lle(k + 1) < (1 = K Amaz)llex(k)]] Vk €N (4.16)

where ||.|| is the ly-norm, K = ||S|| |1S7 |, Amaz is the largest eigenvalue of A, and S is

the matriz of eigenvectors of A.

Proof: Consider the matrix A. As it is stable, its eigenvalues are within the unit
circle on the z-plane. Also assume that A is chosen such that it has real and distinct

eigenvalues. Therefore

A= SAS™ (4.17)

where A is a diagonal matrix with the eigenvalues of A on the main diagonal and § is

the corresponding matrix of eigenvectors of A.

Taking the Euclidean 2-norm, one gets

IAll = lSAS7H|
< IISI ARSI
< ISHNS ™ HAmas
= Klmas (4.18)
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where K = ||S]| [|S7!||, and Apqs is the largest eigenvalue of A.

Taking the Euclidean 2-norm of the tracking error (4.15) one gets

lex(k+ DIl = Il Aex(k) + c(k + 1]
< (|A] ller(R)] + ek + 1]
< Kdmaller()] + ek +1)] (4.19)

For the tracking error er(k) to converge to zero as k — oo, it is sufficient that
ller(k + D) = llex(%)]| <O. (4.20)
This is achievable when the residual ||c(k 4 1)]| satisfies the following

lle(k + DIl < (1 = KAmas)ller (k)| (4.21)

An alternative sufficient condition on c(k + 1) to ensure the convergence of the tracking

error is presented in the following theorem.

THEOREM 4.3.2 The tracking error ep(k) converges to zero if the residual c(k + 1)
satisfies the following inequality

1 - Ama.:::

<
le(k + 1)l £ —=

lex (k) Vk €N (4.22)

where ||.|| is the l-norm, K = ||S|| [|S72||, Amas is the largest eigenvalue of A, and S is

the matriz of eigenvectors of A.

Proof:  Consider the tracking error defined by equation (4.15), i.e.,

er(k+1) = Aer(k)+c(k+1)
er(0) = eo (4.23)

Its solution takes the form

er(k) = AFeo + ij AF=ie(s) (4.24)

i=1
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Taking l;-norms of both sides of equation (4.24) yields

k
llez () < M| lleoll + 22 114* I le(@)I (4.25)

Assume that A is chosen such that it has real and distinct eigenvalues. Therefore
AF = SAFS! (4.26)

where A is a diagonal matrix with the eigenvalues of A on the main diagonal and S is

the corresponding matrix of eigenvectors of A. It follows that

1A < ST A S|
< KXk (4.27)

— mar

where K = ||S|| ||S~!|| and Amqe is the largest eigenvalue of A. From (4.25) and (4.27),

one gets

k
ler(R)| < KXpaq lleoll + 32 KALZL [le(@)l] (4.28)

=1

Consider that inequality (4.22) holds. Therefore (4.28) becomes

k
lex (k)| < KX lleoll + 30 mArZ! Jler(i — 1 (4.29)

1=1

where m < 1—;":—?;“ Multiplying (4.29) by A% and defining v(k) = Ak, |ler(k)]|, yields

max max

(k) < K |leol| + 35 my(i — 1) (4.30)

=1

Expanding (4.30), one gets

v(k)

(A

K |leoll + my(0) + my(1) + my(2) + - -- + my(k 1)

IA

K |leo]l + m¥(0) + m[K ||eol| + m(0)] + m[K [leo]| + my(0) + my(1)] + -
+ m[K [leoll +my(0) +my(1) + -+ +my(k — 2)] (4.31)

Recursively substituting (4.30) into (4.31) yields

(k) S K |leo]l B(m) +m(0) B(m) (4.32)
where
Bim) = m*+ (k= Dt 4+ B2 1)2(k mk R (k B 1>m’°‘1"’ oo
L E=DE=2) ek 1ymt1 (4.33)
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Using the binomial theorem, (4.32) can written as
(k) < [K [leoll + my(0)](m + 1)* (4.34)
With v(0) = ||eol|
(k) < (K +m) [leoll (m+1)* (4.35)

Multiplying (4.35) by A* __. one gets

max)

lez(k)} < (K +m) lleol| (m + 1)\, (4.36)
or
K+
lez(®)l) < —=7 lleall [(m + D Arec]* (4.37)

As m < y-— — 1, then (m + 1)Anee < 1. Thus as k — oo, llex (k)| — 0

REMARK 4.3.1 Theorems 4.3.1 and {.3.2 and their corresponding proofs provide the
theoretical quarantees for the convergence of the tracking error of the proposed neural
adaptive control scheme. Details on how the resultant sufficient conditions (4.16) and

(4.22) are used in practice will be presented in Section 4.3.4.

REMARK 4.3.2 In theory the tracking error converges to zero when either condition
(4.16) or (4.22) is satisfied. However, in practice, perfect tracking is unlikely due of
the practical difficulty in achieving a perfect neural network approzimation of the plant
dynamics and the unknown control function. Therefore it will be sufficient for the tracking

error to converge to e, a small finite value.

REMARK 4.3.3 It may appear from Theorems 4.3.1 and 4.3.2 that the convergence of
the tracking error is independent of the neural networks. However, a number of implicit
assumptions are made which must be met in order that the sufficient conditions (4.16)
and (4.22) are valid, namely (i) a solution to the control problem exists, i.e., the system
is controllable and therefore a function g(.) ezists, (ii) the neural network controller is
capable of approzimating this function, and (ii) the parameters of the neural networks
are chosen such that they perform the approzimation role satisfactorily. If these assump-
tions do not hold, then the sufficient conditions ({.16) and (4.22) will not be met and

convergence may not be achieved.
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In many of the simulation examples considered multi-input multi-output systems are
used. For multiple-output systems, a diagonal matrix A is considered for the sake of
simplicity. The following theorem provides some guidelines on how to choose the diagonal

elements of A.

THEOREM 4.3.3 For an n X n diagonal matriz A, the condition for the ezistence of
an upper bound on the magnitude of the elements of A in order for Theorem 4.3.1 to

hold 1is

1
apy < — i=1,...,n (4.38)
n

Proof: Recall from the proof to Theorem 4.3.1 that the stability matrix A can be
represented as follows

A= SAS™ (4.39)

where A is a diagonal matrix with the eigenvalues of A on its main diagonal and S is
the corresponding matrix of eigenvectors. For a diagonal matrix, S is the n-dimensional

identity matrix and A = A. The sufficient condition given in Theorem 4.3.1 is
lle(k + D < (1 = KAmas)l[ex (k)] (4.40)

With the Euclidean 2-norm defined as

18]l = (EZB) , (4.41)

=1 j=1

=

one obtains ||S|| = v/n and K = n. Condition (4.40) therefore becomes
lle(k + DI < (1 = nAmaz)llex (k)| (4.42)

As (1 — nApez) > 0, the maximum eigenvalue of Ais Apaz < % As mentioned earlier,

the eigenvalues of a diagonal matrix A, denoted J;, are the diagonal elements a;;. Hence

a; < l (4.43)
n

REMARK 4.3.4 The sufficient condition ({.16) places greater restrictions on the choice
of the elements of the diagonal matriz A than condition ({.22), for which the only require-
ments are that a; < 1. Therefore, if the matrizx A is chosen to satisfy Theorem 4.3.3,

then the restrictions on A imposed by condition (4.22) will also be met.
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The above approach is derived for a general multivariable system. However, for a single-
input single-output system (n = 1,r = 1), the stability matrix is 1 x 1. For SISO systems,
a stability constant () is defined such that A = (8) € R'*!, where 0 < § < 1. Therefore

the tracking error becomes
er(k +1) = Ber(k) + c(k + 1) (4.44)

and the stability conditions on the residual become

ek + 1)]| < (1= A)llex(R)] (4.45)
le(k + 1)) < & y A lex(®l, (4.46)

respectively.
" N B

4.3.2 System Stability

Stability of the overall system is an important property which needs to be guaranteed
in order that the control scheme fulfills its original aims. Lyapunov stability theory
may be used to guarantee stability. This involves firstly choosing a Lyapunov function
candidate, and then selecting the control strategy to ensure that the hypotheses of a

particular stability theorem are satisfied. More precisely, consider the tracking error
er(k +1) = Aep(k) + c(k +1); er(0) = eo (4.47)
Let a possible Lyapunov function candidate be
V(er(k)) = er(k)" Per(k) (4.48)
where P € R™*™ is a positive definite real symmetric matrix. Then

AV(er(k)) = V(er(k +1)) — V(er(k))
B 6T(k + l)TPeT(k + 1) - eT(k)TPeT(k)
= [Aer(k) + c(k + 1)]T P[Aer(k) + c(k + 1)] — ex(k)" Per(k)
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= er(k)TATPAer(k) + er(k)TATPc(k + 1)
+c(k +1)TPAer(k) + c(k + 1)T Pe(k 4 1) — er(k)T Per(k)
= er(k)T[ATPA — Pler(k) + 2¢(k +1)TPAer(k) + c(k + 1)T Pe(k + 1)
= —ep(k)TQer(k) + 2¢(k + 1)TPAer(k) + c(k + 1)T Pc(k + 1) (4.49)

If
2¢(k + 1)TPAer(k) + c(k + 1)T Pe(k + 1) < er(k)TQer(k) (4.50)

where —Q = ATPA — P, then
AV(er(k) <0 (a negative definite) (4.51)

Thus if c(k + 1) satisfies the inequality (4.50), then the neighbourhood er = 0 of (4.47)

is stable.

The result is stated as follows:

THEOREM 4.3.4 There exists a Lyapunov function candidate V(er(k))=er(k)T Per(k)
which results in the neighbourhood er = 0 of (4.47) being stable, where P is a solution
of the Lyapunov equation ATPA — P = —Q; Q € R™*", if the residual c(k + 1) satisfies

the inequality
2¢(k + 1) T PAer(k) + c(k 4+ 1)T Pe(k + 1) < er(k)TQer(k). (4.52)

REMARK 4.3.5 The inequality ({.52) is also an alternative sufficient condition on the
residual c(k + 1).

4.3.3 Supervised Learning Scheme

A block diagram of the neural network controller proposed in this chapter is shown in
Figure 4.2. In order to train the neural network controller using a supervised learning
scheme such as backpropagation, the error u4(k) — u(k) in the controller output is re-
quired. The term u4(k) is the desired control which would produce y,(k + 1) if applied

to the plant. However, as ug(k) € R" is not known, an approximation of the controller
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error denoted by e., must be generated. A method for generating such an error is derived

for a general multi-input multi-output system below.

Firstly, consider the cost function that is to be minimised. This is given by
1 gy ! T(, 1
E=353 (nlk+1) —y(k+ 1)) (ym(k +1) —yp(k +1)) (4.53)
k=0
where N is the number of samples, ¥, = [yl ;- Ym 175 Up = [WUp1» - -- oLy (K + 1)

is defined by equation (4.11) and the term y/,(k + 1) — y,(k + 1) is the residual ¢(k +1).

E is minimised by performing a gradient descent in E(W,(k)), where W.(k) are the

controller weights:

23 ay! (k+1)  Oyy(k+1) ,
— o = ! k _ 1 '
oW, (k) ( IW,(k) IW.(F) (Ym(k +1) —yp(k +1)) (4.54)
where =2E_ is a p x 1 vector, 241 is 2 p x n matrix, 22E+ is a p x n matrix, and
oW (k) Wc(k) EAD)

p is the order of the output layer weight vector = number output nodes x the number

of nodes in the last hidden layer.

Calculating the partial derivative of y/,(k + 1) with respect to the weight vector We(k)

results in ,
A - A~ S 36515((]0))‘4 -
where A is an n x n Hurwitz matrix which first appeared in (4.11).
In the above equation ag"v‘vkﬂ =0 and = 0, so that
ayamvgi(:)l) - aal?vp,,.((?)A (4.56)
Now the partial derivative of y,(k) with respect to W,(k) can be expressed as
Oupk) _ u(k) dyy(k) -

oW.(k)  oW.(k) ou(k)

where a%'[j ?k) is a p X r matrix, -(,;”’%E)l is a r X n matrix, n is the order of the output vector,

and r is the order of the control vector.

However, from equation (4.8) it is apparent that y,(k) is a function of u(k —1) not u(k).
So 2k). g redefined as follows

BW.(F)
ayp(k) _ ayp(k+1) ayp(k‘"l) -
SW.(K) ~ W) [ 50,0%) ] (4:58)
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It can be approximated that 3—?3%%1 ~ I, where I is the n-dimensional identity matrix.
This is a reasonable approximation because if the sampling period A is chosen sensibly,

then the change in y, over this sample should be small. Thus (4.56) becomes

Oy (k+1) _ Oyp(k+1)

WR) oWk (4.59)
Substituting (4.59) into (4.54) results in
o8 (dyk+D), kD),
W(E) ( I ACINCTA )(ym(k“)‘yp(k“))
= A= e+ 1) = (k4 1)
= 2ulh) B D) 4y k4 ) - gk 4 1) (460)

aW.(k) du(k)

Now from the backpropagation algorithm, the update equation for the output layer

weights of the controller neural network with learning rate 5 is given by

OF
Tow.(k)

Wo(k +1) = W(k) — (4.61)

Substituting (4.60) into the above equation results in

du(k) dy,(k +1)

Welk +1) = Welk) = 155705~ au(®)

(A= Dym(k+1) —yp(k+1))  (4.62)

Equation (4.62) involves the Jacobian of the plant 6—3’541(/(“—:)—1—2, which is unknown. Assuming

that an approximate of the Jacobian, 3—’3%%11, is available, the following weight update

equation results

Ou(k)

where the controller error vector e, = [ec,, €cpy - - -, €c,] T is given by
9gp(k +1) :
— — — .64
ee(k) = A1 — A)(wr -+ 1) = (8 + 1) (4.64)

and the term §,(k + 1) represents the n-dimensional estimate of the plant output vector

obtained from the neural network emulator, i.e.,

Jp(k+1) = flyp(k), -, yp(k — 1+ Du(k), -, u(k —m +1);Wr)  (4.65)
in(0) = 0 (4.66)
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In Section 3.2.3, it is demonstrated that the controller error, e, can be obtained by

backpropagating the tracking error
er(k +1) = ym(k+1) —yp(k +1) (4.67)

through the neural network that identifies the plant. For the enhanced scheme proposed
in this chapter, it can be shown in the following derivation that the controller error
governed by equation (4.64) can be obtained by backpropagating the modified error
(I—A)e(k+1) = (I-A)(yl,(k+1)—y,(k+1)) through the neural network approximating
the plant dynamics, where c(k + 1) is the residual defined in (4.14).

Firstly, consider the desired controller error

Bip(k +1)
(k) = 2 —Z(I-A)y! (k+1)—y,(k+1
cclk) = LTI (= A)ulk + D=up(k + 1)
Sn .. %en| leay o o~ | | Yy —Un
R e SRR ) R
-%1. @m“ (]-_all)(y:nl_ypl)_a12(y1’-n,2_ypz)_"'_aln(y;n"_ypn)
ou Oou
. ' ! —azl(yfnl —!/pl) + (1—6122)(?/;"2 _ypz)_' : '—Gzn(y;n,,_ypn)
%@L %ﬂm
= Ovr 3 = n1 (Y = Yp1) = @2 (Y, —Ypa) =+ + (1= @nn) (Y1, —Ypn) |

B3 + BG4 B, G

BIM+BayP %p 4 ...+ B %

= & — e (4.68)
B3 + B, + .- + B, G |
where
B, = (1-011)(?/;”1—ym)—au(yinz—ym)—'"—aln(yin,.—ypn)
By = —an(yh, —¥p) + (1=022) (U1, = Yps) =" = 020(Yrm,, — Upn)
By = —am(yn, ~Yp)— 0m2(Ymy—Vpr) = + (1= na) (Y, —¥pn)  (4:69)

For the sake of simplicity, assume that A is a diagonal matrix. Therefore, the elements

a;=04¢=1,...,n j=1,...,n 1 # j and the diagonal elements a;; 2 = 1,...,n are
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the eigenvalues of A and thus 0 < a;; < 1. Therefore the controller error e.(k) becomes

i a1 N -
(1= 012) (Y, — Yps ) 2 + (1= 22) (Y, — Ypa) 222+ + -+ (1= Gran) (Y = Yp) 522
o9 P J n
(k)= (1= a12) (Y, = Ypr) 22 + (1= 22) (Yn, = Up2) ZZ 4+ (1= @) (Ui, — Ypn) T2

(1= a11) (Y, =) 222 + (1= 22) (Y, — Yp) 2+ -+ (1= Gn) (Y — Yp) B2

Jur J

(4.70)
For this modified neural adaptive control scheme, the network output error for the g-th

controller output is

] a./ 1 a?) 2 ! 61) L
ng(k) = (l_a’ll)(yml—ypl) a £ + (1 a’22)(ym2 yPZ) aupg + e + (l—a"n)(ymn_yl’n) 8,59
(4.71)

where the time index & on ¥/, y, and u is neglected for brevity. Now recall from the
derivation provided in the previous chapter that for a two layered neural network with

« inputs, b hidden units and n outputs, the effective output error 62 = [é7,...,62]T is

given by
6% = Z Z kmk 601 k + 1)
b
&2 = g>O_W? 2 k) eon(k 4+ 1) (4.72)
j=1
where €, = [€o,,...,€0,]T is the error to be backpropagated. For the original neural

control scheme provided in Chapter 3, e,(k + 1) = ym(k + 1) — yp(k + 1). For the
enhanced scheme proposed in this chapter, e,(k + 1) = (I — A)(yh(k + 1) — yp(k + 1)).

Backpropagating the above output errors to the input layer yields for the I-th network

input
a b

‘5? = Z{ (2 Z k$k E ng Z_:Wkrk 1_‘183)(ym, Yps)}

S_ =

a

= EW g(Z Wk‘”k )Z: leg E kl‘k jll)(l - all)(y:nl — Yp1)

j=1

b b
+ 9w, Z k) Y (Wig Z o) Wi (1 — a22)(Ym, — Yp2)
j=1 k=1 j=1

o

+ g,(z: Ewkwk Z( ZW xk) l )(1 _ann)(ym ypn) (4.73)

=1
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Substituting (3.26) into (4.73) yields

! a:’; 1 ! aA 2 !
6[0 = (1"&11)(ym1_yp1) a; + (1_a22)(ym2—y732) a:’ip + : '+(1—ann)(ym"—yp")
g g

where the time index k is neglected in some of the terms for the sake of brevity and A
is assumed to be a diagonal matrix. The above equation is equivalent to the controller
error given in equation (4.71). The above results can be summarised by the following
two theorems.

1 N-1
THEOREM 4.3.5 Minimising the mean square residual error £ = % kz_%(y:n(k +1)—

yo(k+ 1) (yl (k+1) —yp(k+1)) can be achieved by utilising the following approzimation

of the controller error

_ 9p(k+1)

ec(k) = 25T (1 = A)um(k +1) = wy(k + 1) (4.75)

to modify the weights of the neural network controller.

THEOREM 4.3.6 The controller error governed by

_ Ogp(k+1) :
est) = LD 1yt (4 1) = (k4 1) (4.76)
can be obtained by backpropagating the modified error (I — A)c(k + 1) through the neural
network approzimating the plant dynamics, where c(k+1) =yl (k+1) —y,(k+1) is the

residual.

4.3.4 Enhanced Neural Control Scheme - Practical Issues

The above theorems allow the weight update equation (4.63) to be used, in conjunction
with the backpropagation algorithm, to train and synthesise the controller. As with
the method presented in the previous chapter, the identification of the plant is only
necessary to obtain an approximate of the plant Jacobian which is then used to update

the controller weights.

In order that the residual c(k + 1) satisfies either sufficient condition (4.16), (4.22) or

(4.52), an iterative search is conducted on the control. The search is initialised with
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the controller input vector at time k and the controller network weights are modified
according to the weight update equation (4.61) until one of the the termination criteria
are met: (i) the residual c(k + 1) satisfies (4.16), (ii) the residual satisfies (4.22), (éii) the
residual satisfies (4.52), or (iv) the number of iterations reaches a maximum (“computa-
tional limit”). The new value of control u(k) is then the value of control at the end of the
iterative search. This approach is similar in spirit to the procedure presented by Hoskins
et al. [75], except that in [75] the iteration is terminated when the predicted cost or
the magnitude of the cost with respect to the control is less than a threshold. The cost
function in this case is related to a Lyapunov-like function associated with a convergence
model. This convergence model is similar in some respects to the enhanced reference
model considered here, however the convergence and stability results provided in [75]
are significantly different to the results provided in this thesis. Furthermore, the general
philosophy of the approach proposed in this thesis is inspired by the ODS approaches
of Spong et al. [225] and Rehbock et al. [190, 192]. The iterative approach described
above is also similar in spirit to commonly used on-line optimisation schemes for control

applications.

The iterative search is dependent on the plant output y,(k + 1) and the plant Jacobian
@(%’(%12. However, during the search routine, the iterative values of control are not applied
to the plant as this would alter the state of the plant. Instead the neural network emulator
is used to provide the necessary “plant output” and Jacobian. As the neural network
emulator is initially not an accurate model of the plant dynamics the iterative search is
generally conducted for the maximum number of iterations during the first few samples
of operation. However, this problem can be easily overcome by improving the accuracy
of the neural network emulator via a short period of off-line identification prior to the

on-line control procedure.

In a typical practical environment, the neural controller would be implemented on a
current generation floating-point DSP chip or microprocessor such as the TMS320C40,
which has an instruction cycle time of 40 ns. Given a typical sampling interval of 0.1s and

assuming a conservative figure of 2 cycles per instruction!, this allows 1.25 x 108 opera-

1The TMS320C40 DSP chip undertakes most floating-point operations such as multiplication, addi-
tion, subtraction, etc., in 1 instruction cycle.
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tions per sample. The neural network MRAC approach using a typical neural network
architecture of €3 540, requires approximately 5000 operations. This means that the
computational limit for the iterative control search is approximately 250 iterations per
sample. For most of the systems considered an average of 1 to 5 iterations is required,
meaning that from a practical perspective more than sufficient computational time is
available between samples for the iterative search. Furthermore, the above analysis does
not take into account the potential to speed up computations by exploiting the parallel

nature of neural networks.

4.4 Simulation Examples

In this section, five simulation examples are considered to demonstrate the effectiveness
of the enhanced neural adaptive control scheme. The first two highlight the improved
performance of the proposed scheme over the on-line scheme presented in Chapter 3 for
both a single-input single-output system and a multi-input multi-output system. The
remaining three simulation examples demonstrate the ability of the scheme to deal with
commonly occurring practical non-idealities. In particular, the effectiveness of the scheme
in dealing with nonminimum phase behaviour, its robustness to dynamic uncertainties
and variations, and its ability to effectively control a marginally stable nonlinear system

are highlighted.

4.4.1 Single-Input Single-Output System

The first example considered is the Model III single-input single-output system studied
in Chapter 3 and by Narendra and Parthasarathy [169]. This system is nonlinear in
output and control with the respective nonlinearities being separable. The difficulty in

controlling such systems arises because of the complex nonlinearity in control.

EXAMPLE 4.4.1 The system dynamics are described by the following difference equa-

tion
yp(k+1) = I—%% + u?(k) (4.77)
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The reference model used is a stable first order discrete-time system given by
Ym(k +1) = 0.2yn(k) + r(k) (4.78)

Narendra and Parthasarathy utilised the separability of the control and output vari-
able terms to design an explicit control law which incorporated the neural estimates of
these separable nonlinear terms. The results provided in Chapter 3 demonstrated that
plants such as the one described in equation (4.77) can be effectively controlled with-
out knowledge of the separability (or otherwise) of the control and output variables.
In this simulation study, the enhanced model reference neural adaptive control scheme
will be shown to result in an improved tracking performance compared with the scheme

presented in Chapter 3.

The enhanced reference model consists of (4.78) and

Ym(k + 1) = ym(k + 1) = 0.1(ym (k) — yp(k)) (4.79)

The ability of the controller to adapt to a changing input is investigated by considering

the following reference input

2wk

r(k) = a(k/l50)sgn[sin(ﬁ)]

(4.80)

where a(k/150) is a random variable in [0, 1] which changes value every 150 time sam-

ples.

The various responses for this input are given in Figures 4.3a—4.3i. As the plant is first
order in output and control, neural networks consisting of 2 inputs, 2 hidden layers with
20 and 10 nodes, respectively, and 1 output are used for the controller and emulator.
A learning rate of = 0.1 is used for both networks. As shown in (4.79), a stability

constant of 8 = 0.1 is used. These parameters provided the best results.

Figure 4.3a shows the response of the plant and enhanced reference model output for the
reference input given by (4.80). As can be seen, excellent tracking results are obtained.
In particular, apart from the first few samples, the plant response is indistinguishable
from the the reference model response and the desired response. Also the variable nature
of the reference input does not prove to be a problem and the tracking error effectively

remains at zero even after the various step changes.
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Figure 4.3a: Response of the plant (y,), reference model (yn) and enhanced reference
model (') for Example 4.4.1 with r(k) = a(k/150)sgn[sin(3Z&)]
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Figure 4.3b: Control input u(k) for Example 4.4.1 with r(k) = a(k/150)sgn{sin(32%)]
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Figure 4.3c: Response of the plant (y,) and reference model (yn) for Example 4.4.1

without the proposed enhancement and with r(k) = a(k/150)sgn[sin(3Zf)]
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Figure 4.3d: Control input u(k) for Example 4.4.1 without the proposed enhancement
and with r(k) = a(k/150)sgn(sin(22%)]
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The results of the approach considered in Chapter 3, subject to the same reference input,
are provided in Figures 4.3c and 4.3d. The plant and reference model responses indicate
that the tracking performance is not as good as for the enhanced scheme. In particular,
the significant overshoots which occur for the original scheme are not present in the
plant response for the proposed control method. Also, the high frequency oscillations
at k = 150 and k = 225 in the responses for the original scheme are not present in the
responses for the enhanced scheme. Comparison of the control response obtained for
the enhanced neural control approach (Figure 4.3b) with the response obtained for the
original neural control approach (Figure 4.3d) shows that the new approach results in a
less active control signal with no large overshoots. This is of practical benefit because
a control signal which consists of large, rapid changes in magnitude results in greater
demands on the various actuators, and therefore reduced life of the control mechanism

and increased energy (fuel) consumption.

Amplitude

L
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Figure 4.3e: Response of the plant (y,), reference model (y,,) and enhanced reference
model (y! ) for Example 4.4.1 with r(k) = a(k/150)sgn[sin(2%%)] and with a load distur-
bance present

Figure 4.3e demonstrates the ability of the enhanced neural controller to deal with a
variable DC bias on the output of the plant. The form of the DC bias disturbance

considered in this example is shown in Figure 4.3f. As explained in the previous chapter,
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Figure 4.3g: Control input u(k) for Example 4.4.1 with a load disturbance present
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such disturbances arise because of load changes on the system and are therefore often
called load disturbances. In the corresponding example in Chapter 3 (Figure 3.19a), the
control scheme is capable of compensating for load disturbances very well. Apart from
small perturbations in the plant response whenever the load is changed (Figure 3.19b),
the tracking error is virtually zero. The plant and reference model responses for the
scheme proposed in this chapter demonstrates that even these perturbations are reduced
to the extent that perfect tracking occurs. The control necessary to achieve these excellent
results is shown in Figure 4.3g. As can be seen from this figure, the magnitude of control
input changes more frequently in order to compensate for the load disturbance. However,
the control activity is still at a level which should not pose any problem for the control

mechanism.
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Figure 4.3h: Response of the plant (y,), reference model (y) and enhanced reference
model (y!,) for Example 4.4.1 with r(k) = a(k/150)sgn[sin(%5%)] and with dynamic plant
noise, sensor noise and a load disturbance present

The final two figures for this simulation study reflect the effect of dynamic plant noise,
sensor noise and load disturbances on the performance of the system. This can be
considered a worst case scenario as not only is there a variable mean white noise process
(load disturbance + sensor noise) on the output of the plant, but the plant response is

corrupted by a coloured noise process (dynamic noise). A 20 dB signal-to-noise ratio
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Figure 4.3i: Control input u(k) for Example 4.4.1 with (k) = a(k/150)sgn[sin(2)] and
with dynamic plant noise, sensor noise and a load disturbance present

is used for both noise processes. The plant, reference model and enhanced reference
model responses provided in Figure 4.3h indicate that apart from the presence of noise
on the plant output, the control system performs very well. Furthermore, the noise at
the output is attenuated by the control system such that the output signal-to-noise ratio
is significantly increased. The negative aspect of the presence of noise in the system is
that a far more active control response results as shown in Figure 4.3i. However, the
magnitude of the control chattering is small compared with the overall magnitude of the

control.

4.4.2 Multi-Input Multi-Output System

The theory for the enhanced model reference neural adaptive control scheme furnished in
Section 4.3 is derived for a general multi-input multi-output case. Therefore to demon-
strate the effectiveness of the proposed scheme, a multivariable simulation study is pre-
sented. The Model IV MIMO plant used in Chapter 3 is once again considered in this

example. The system is nonlinear in output variable and control and the nonlinearities
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are not separable. The plant consists of cross-coupling in the output variables.

EXAMPLE 4.4.2 The plant dynamics are described by the following difference equa-

tion

ya (k) + 0.5uy (k) + 0.5u3(k) + 0.1y, (k)

L k+1
3
y2 (k) + 0.5uz(k) + 0.5us3(k) + 0.1y,, (k)
k1) = 22 it 4.81

A stable linear reference model given by the following difference equation is used

Ymy(k+1) = 0.5ym, (k) + 0.5u1(k) + 0.5u3(k)
g (k+1) = 0.5ym, (k) + 0.5uz(k) + 0.5us(k) (4.82)

The enhanced reference model used consisted of (4.82) and

v+ D) | [+ | [ ym®) = 5(8)
Yy (B +1)

| ymz(k +1) } ymz(k) - y,,(k)

[ ]
_ [umk+n ] _ [ a0 ] [ Yy (K) = 93 () ] A
| yma(k+1) | 0 ax Yma (k) — yp(k)

The elements of the 2 x 2 diagonal matrix A are chosen in accordance with Theorem 4.3.3

such that a;1 = a2 =0.2 < ;1;, where n = 2.

A neural network consisting of 5 inputs [yp,, ¥p,, ¥1, Uz, u3], 2 hidden layers with 10 nodes
each, and 3 outputs is used to implement the controller, i.e., Q3 ,;,43. The emulator
network belonged to the class Q3,5 0, A learning rate of n = 0.2 and momentum rate

of o = 0.1 is used for both networks.

As with the simulation study considered in Chapter 3, the ability of the controller to

adapt to a changing input is investigated by considering the following reference input

r(k) = a(k/200)sgn[sin(%)]
ra(k) = a(k/200)sgn[sin(%§)]
ra(k) = O.2a(k/200)sgn[sin(z—g§)] (4.84)
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Figure 4.4a: Response of the plant (y, = [¥p,, ¥p,|T), reference model (Ym = [Ymy, Ym,)7)
and enhanced reference model (y,, = [y., ,y.,.|7) for Example 4.4.2

where a(k/200) is a random variable in [0, 1] whose value is changed every 200 samples.

The various responses for this input are given in Figures 4.4a and 4.4b.

The plant, reference model and enhanced reference model responses shown in Figure 4.4a
indicate that the tracking performance of the the enhanced neural control scheme is
very good despite the variable nature of the reference input and the complex cross-
coupling of variables which exists in the the system. These results compare more than
favourably with the performance of the on-line control scheme for the corresponding
system in Chapter 3. In particular, the tracking errors have been significantly reduced,
such that, after the first few samples, there is no discernible difference between the plant

and reference model responses. Furthermore, the small overshoots which occurred in the
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plant response y,, due to the more frequently changing cross-coupled response y,, are

eliminated in this approach.

The improvements obtained because of the enhancements made to the control system are
further emphasised by the control responses provided in Figure 4.4b. As can be seen in
this figure, the control required to achieve the improved tracking performance is far less
active than the control response of corresponding example in the previous chapter. This
is particularly significant from a practical viewpoint as reduced control activity translates
to reduced “wear and tear” on the control mechanism and less energy usage, which in

turn means a more economical system.

The excellent performance of the enhanced neural control scheme for this simulation
study suggests that the proposed scheme is capable of effectively controlling complex
nonlinear multi-input multi-output systems. This augers well for the practical viability
of the scheme, as a host of commonly occurring practical systems are multivariable

structures.

4.4.3 Nonminimum Phase System

In linear systems theory, a nonminimum phase system is one which has a zero in the right
half of the s-plane in a continuous-time environment or outside the unit circle on the
z-plane in discrete-time environment. Such systems often pose problems for traditional
control schemes as many of these schemes employ an inversion of the plant. For nonmin-
imum phase systems this results in an unstable controller. In nonlinear systems theory,
one can no longer represent nonminimum phase systems simply by an appropriate zero.
In Chapter 3 a definition is provided for a minimum phase nonlinear system. Based on
this definition (Definition 3.2.2), a nonminimum phase nonlinear system can be defined

as a system for which the zero dynamic defined by
0 = f(0,0,...,0;u(k),u(k—1),...,u(k —=m +1)) (4.85)

where 0 € R* and u € R", is unstable, i.e., unbounded inputs lie in the null space of the

operator representing the plant.

Nonminimum phase nonlinear systems commonly arise in practice. Examples include
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the tactical missile and many discretised industrial processes. In fact such systems often
arise when a continuous system is discretised [6]. As stated by Slotine and Li [218], if
the zero-dynamics is unstable then alternative control strategies to feedback linearisation
should be employed. As with traditional control schemes such as feedback linearisation,
many neural network based control techniques are unable to cope with nonminimum
phase systems. This is primarily because they involve the inversion of the plant being
controlled. In the scheme presented here, however, an explicit inversion of the plant is

not performed and thus it is capable of dealing with such systems.

EXAMPLE 4.4.3 A second order nonminimum phase system is considered to highlight

the effectiveness of the proposed method. The plant equation is given by

y,(k + 1) = tanh(0.7859y, (k) — 0.3679y, (k — 1) — 0.7267u(k) + 1.3087u(k — 1)) (4.86)

The nonlinear nature of the system is introduced by the tanh(.) term, which models a
saturation effect on the output. Plants such as this one are generally difficult to control

because of the nonlinearity in control and the nonminimum phase behaviour.

The nonminimum phase property of this system can be examined by observing the control
input u(k) required to keep the output of the system at zero. For the above system, the

necessary control input is given by

w(k) = 5= (0.7850y, (k) — 0.3679y, (k — 1) + 1.308Tu(k — 1)) (4.87)

with u(0) = 0.25. As shown in Figure 4.5a, the control input required to keep the state
at zero is unbounded. Therefore, the system satisfies the definition of a nonminimum

phase system given above.

As a counter-example, a linear minimum phase system of the form given below is con-

sidered
yp(k + 1) = 0.7859y, (k) — 0.3679y,(k — 1) — 0.7267u(k) + 0.36335u(k — 1) (4.88)

This system has poles at z = 0.3930 4 0.4621j and zeros at z = 0,0.5. As the system has

poles and zeros within the unit circle, it is stable and minimum phase. For this system
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the control required to achieve zero dynamics is

1
u(k) = G567

with u(0) = 0.25. This control input is shown in Figure 4.5b. As can be seen, this system

0.7859y, (k) — 0.3679y,(k — 1) + 0.36335u(k — 1)) (4.89)

is asymptotically stable to the reference point u = 0 when the output is kept at zero.

This confirms the minimum phase nature of the second system.

The open-loop response of the nonminimum phase nonlinear system as shown in Fig-
ure 4.6a undertakes a negative excursion before becoming positive and settling to its
steady state value. This is undesirable because it may result in catastrophic failure in a

tight control environment, such as navigating a ship through a narrow channel.

The reference model used is a stable second order discrete-time system given by
Ym(k + 1) = 0.2ym(k) + 0.2y (k — 1) + 0.87(k) (4.90)

The enhanced reference model used consisted of (4.90) and

Ym(k +1) = ym(k + 1) — 0.2(ym (k) — yp(K)) (4.91)

Neural networks consisting of 4 inputs, 2 hidden layers with 20 and 10 nodes and 1
output are used for the controller and emulator. A learning rate of n = 0.2 is used
for both networks. As shown above, a stability constant of 3 = 0.2 is used. These

parameters provided the best results.

Figure 4.6b shows the controlled response of the plant without the enhancements to the
model reference scheme being made. The plant output tracks the reference model output,
however it still undergoes the negative excursion during its transient period. Figure 4.6¢c
shows the controlled response for the enhanced scheme. As can be seen, excellent tracking
is once again achieved, and the negative excursion is removed. Furthermore, the response
is far quicker and the steady state error is significantly reduced. Hence this represents a

significant improvement on many conventional control procedures.

4.4.4 Plant Uncertainty

In this example the robustness of the proposed control scheme to plant uncertainty

is investigated. As no mathematical system can exactly model a physical system, it
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Figure 4.6¢c: Step response of the plant (y,), reference model (y,,) and enhanced reference
model (y!,) for the enhanced control scheme

is necessary to be aware of how modelling errors due to the plant uncertainties af-
fect the performance of the control system. Typical sources of uncertainty include un-
modelled (high-frequency) dynamics, neglected nonlinearities, over-parameterisation or
under-parameterisation, and plant parameter (dynamic) perturbations. In Chapter 2,
a technique applicable to nonlinear systems to validate a plant model and help detect
over-parameterisation or under-parameterisation in the model is presented. The effects
of high frequency dynamics such as additive sensor noise or coloured plant noise are con-
sidered in a previous section and in Chapter 3. The latter form of uncertainty, namely

plant parameter (dynamic) perturbation is considered in this section.

Dynamic perturbations (or variations in the dynamics of the system) are often due to
environmental factors such as temperature, air speed, age or a changing environment. For
example in the case of a vehicle, significant dynamic changes result when the car makes
the transition from one road surface to another [122]. Another example of a dynamic
perturbation is the effect of changing sea-conditions on a ship. As the coefficients of the
dynamic ship model are functions of speed [127], this change in environmental conditions

results in a variation in the dynamics of the ship system. If the control system performs
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well for substantial variations in the system dynamics from the design scheme and the

stability of the closed-loop system is maintained, then the scheme is said to be robust.

Plant uncertainties of the types described above can be represented in the form of an

additive or multiplicative perturbation. For a linear system, this is represented as follows

G(z) = Go(z,0)+ AG.(2) (4.92a)
G(z) = Go(z,0)[1 + AGn(2)] (4.92b)

where AG, is an additive perturbation, AG,, is a multiplicative perturbation, Gy is
the nominal plant model and G is the true model of the plant. The perturbations
AG, and AG,, are known as unstructured uncertainties as they cannot be traced to
specific elements of the plant and typically represent unmodelled, neglected or changing
dynamics of the system. Structured (or parametric) uncertainty, 0, relates to variations
or inaccuracies in the terms actually included in the model of the system, Go. For
example, it may be known that particular parameters in a state-space model vary over
a certain range. This represents a structured uncertainty as the variations in the system
are known to be due to a particular element in the system. Unstructured uncertainty,
AG, or AGn, is usually regarded as more important as disturbances due to unmodelled

or variable dynamics in the system arise naturally in practice.

Further details on the relative merits of the additive and multiplicative models and robust
control techniques for dealing with them can be found in the collection of papers edited

by Dorato [46].

EXAMPLE 4.4.4 Both additive and multiplicative perturbation models are considered
to verify the robustness of the neural network based model reference control scheme in
the presence of structural variations in the plant. Therefore the two systems considered

are given by the following difference equations

yp(k + 1) g +§/p)(';§kl:p'(‘ (f)l)(1+Afm(k)) (4.93b)
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where the perturbation models used are given by

MR = Afay={ O E< (4.94)
T T | e g > 400 '
Yp -

The reference model considered also consisted of a variable structure. It is given by the

following difference equation

0.2y, (k) + 0.2y (k — 1) +r(k) k< 800
ym(k+1) = el ym(k = 1)+ r(F) (4.95)
0.2ym (k) + 0.5r(k) k > 800

In practice a change in the reference model may often occur when the closed-loop re-
sponse of the system needs to be altered in order to meet the performance requirements.
For example, it may be that for the given operating conditions, the response of the closed-
loop system needs to be swifter or that the gain of the overall system is insufficient and
therefore, the reference model needs to be changed in order to overcome these problems.
An example of this situation occurs in the ship steering problem. If the ship is in the
open sea, then a slowly responding reference model (say fourth order) may be chosen
so that the control activity necessary to achieve the desired response is kept to a mini-
mum, thus reducing the wear-and-tear on the various actuators and rudder mechanism.
However, when the ship enters a narrow channel, it often becomes necessary to change
the reference model to a faster responding system (say second order) to ensure that the
ship is capable of undertaking the relatively quick course changes that may be required
in more constricted waters. Therefore, the ability of a control system to handle changes

in the desired response is also of major importance.

To demonstrate the variability in the systems, the open-loop step responses for both the

additive and multiplicative perturbation cases are provided in Figures 4.7a and 4.7b.

The changes in the plant response for both the additive and multiplicative models are
clearly visible at k¥ = 400 in Figures 4.7a and 4.7b, respectively. For the additive per-
turbation model, the mean of the perturbed system is non-zero, whereas the mean of
the multiplicative system remains at zero. Therefore, the additive system has a DC bias
which may pose a problem for the control system. A further point worth noting about the

additive perturbation system is the presence of the large spikes at k = 500, 700,900, .. ..
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Figure 4.7a: Open-loop response of the plant (y,) and reference model (y,) for an additive
perturbation model
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Figure 4.7b: Open-loop response of the plant (y,) and reference model (y,) for a multi-
plicative perturbation model
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These spikes are due to the fact that at the instant the control input changes from a

Y2 (k)u(k)+u (k)
and s Bt h1)

negative as y,(k) > 0 and u(k) < 0 for these values of k. Therefore, the plant response

positive value to a negative value, the terms Af,(k) = Afn(k) are
for the additive perturbation system is a larger negative value than the response without
the perturbation. However, at the next time sample, the term A f,(k) becomes positive
as yp(k) < 0 and u(k) < 0 and thus the plant response is still negative but of a smaller
magnitude. This results in the spikes seen in Figure 4.7a. The spikes are not visible
for the multiplicative perturbation case because | Af, (k) |[< 1 and therefore the term
1 + Af,(k) is always positive. Therefore, the response of the multiplicative perturbed
system is simply a scaled version of the unperturbed system. The change in the reference
model is evident at k = 800. Although with the time scale chosen, it is difficult to detect
the change in response time of the reference model, the change in gain of the system is

clearly visible.

The enhanced reference model chosen consisted of (4.95) and
Ym(k+1) = ym(k + 1) — 0.1(ym (k) — y5(k)) (4.96)

Neural networks belonging to the class Q3 ,,,0; are used for both the controller and
emulator networks. A learning rate of = 0.2 and a momentum rate of o = 0.1 are
also used. The plant and reference model responses are provided for both the additive
perturbation model and multiplicative perturbation model in Figures 4.8a and 4.8b,
respectively. These responses are for the neural control scheme without the enhancements
proposed in this chapter. The corresponding responses for the enhanced neural control

scheme with the enhanced reference model are provided in Figures 4.9a and 4.9b.

As the perturbations do not enter the system until ¥ = 400, the performance of the
neural controller without the proposed enhancement for both cases is identical over this
period. The plant response initially has a significant overshoot. At the instant when
the perturbations enter the system, there is a large overshoot for both the additive and
multiplicative case, as shown in Figures 4.8a and 4.8b, respectively. In the case of the
multiplicative perturbation, the tracking error is reduced significantly. The performance
of the additive perturbation system is not as good, with relatively large tracking errors

present at the instant when the reference input is changed.
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Figure 4.8a: Response of the plant (y,) and reference model (y,) for an additive pertur-
bation model without the proposed enhancement
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perturbation model without the proposed enhancement
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The performance of the control scheme for the multiplicative perturbation case is also
very good when the reference model is changed at ¥ = 800. Whilst the steady state
response of the original neural control system for the additive model (Figure 4.8a) is
very good once the reference model is changed (k > 800), it still displays significant
overshoots at the instant of the step changes. The relatively inferior performance of the
control systemn when additive perturbation is present can most likely be attributed to

the presence of a DC bias in the plant response.

Figure 4.9a shows the responses for the enhanced neural control scheme with an additive
perturbation present. The corresponding responses for the multiplicative perturbation
case are provided in Figure 4.9b. Both of these figures highlight the improvement the
enhancement makes to the performance of the controller. In particular, the simulation
results indicate that the outputs of the unknown plant perfectly track the outputs of the
reference model (and enhanced reference model) despite the fact that the structure of the
plant is varied during the control process. Furthermore, the control scheme is capable
of effectively dealing with the change in reference model. In particular, the relatively
large tracking errors present in the original control scheme responses, particularly for
the additive perturbation case, are reduced significantly. Finally, the very poor tracking
performance in the initial stages of operation (k = 0,...,200) is also significantly im-
proved. Hence, not only does this simulation example demonstrate the effectiveness of
the enhanced neural control scheme in controlling an unperturbed nonlinear system, it
also demonstrates that the control system has good robustness for time-varying unknown

plants and variable reference models.

4.4.5 Marginally Stable Nonlinear Systems

In this section the issue of controlling a nonlinear system which is inherently open-
loop marginally stable is considered. As mentioned in Chapter 3, such systems are not
uncommon in practice. Classic examples are the ship steering problem [127], the homing
missiles guidance problem [78] and the position control of a DC motor problem [10]. In
the ship steering problem the open-loop dynamics are such that a small change in rudder

angle will result in the ship being locked into a circular path. When the homing missile is
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in flight, any force at angle to its trajectory will cause it to topple out of balance. For the
case of the position control problem, if a fixed input voltage is applied to the DC motor
in an open-loop environment, the position of any point on the rotor will continuously
change. These three examples highlight the fact that this issue has important practical

ramifications.

Many of the neural network based control procedures developed so far are off-line pro-
cedures [169, 171]. Tn these procedures, it is necessary to perform an open-loop iden-
tification of the plant. However, this can only be achieved if the system is strictly
stable. Therefore, a large class of systems cannot be controlled via these methods. In
the method proposed in this chapter, the identification of the plant and the control are
done simultaneously and in a closed-loop environment. Therefore, the closed-loop con-
trol system can compensate for any tendency towards instability exhibited by the plant.
Hence the restriction of open-loop stability on the plant, as in previous work, is removed.
Furthermore, it will be shown that the enhancements proposed to the neural adaptive
control procedure results in a greatly improved response for the marginally stable system

successfully controlled in the previous chapter.

As explained earlier, for the purpose of this simulation study, a marginally stable non-
linear system can be considered to be a stable system cascaded by an integrator. This is

expressed as follows

y(k+1) = (1——1F> yp(k + 1) (4.97a)
= y (k) +yp(k+1) (4.97b)

where y,, is the output of the augmented plant which is nonlinear and marginally stable,

Y, is the output of the stable system and ¢ is the shift operator.

The plant considered belongs to a class of systems which are nonlinear in output and
control and their respective nonlinearities are not separable. Systems belonging to this
class are usually the most difficult to control as the control input, u(k), is usually heavily

embedded in the nonlinear function.

EXAMPLE 4.4.5 The marginally stable plant expressed in the form of equation (4.97b)
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is given by

o (B)uulk — (k) + (k) + 0.5y,(k — 1)
T+ 2k +2(k = 1)

The reference model considered is a stable second order discrete-time system given by

yplk +1) =y, (k) + (4.98)

Ym(k + 1) = 0.2y (k) + 0.2ym(k — 1) + (k) (4.99)

The enhanced reference model used is formed from (4.99) and (4.11) with the stability
constant # = 0.1.

The performance of the controller is investigated by observing the step responses of the
plant and reference model. The adaptive nature of the controller is also investigated
by changing the reference input. Therefore the following reference input is used to

demonstrate the effectiveness of the controller.

s(k—25) k<600
r(k) = (4.100)
sin(22k) k> 600

100

where s(k — 25) is a step at k = 25.

The plant and reference model responses for this input are given in Figure 4.10a. The
control input for the plant response is given in Figure 4.10b. As the plant is second order
in output and first order in control, neural networks consisting of 3 inputs, 2 hidden
layers with 20 and 10 nodes, respectively, and 1 output are used for the controller and

emulator. A learning rate of n = 0.05 is employed.

Figure 4.10a shows the transient response for the neural controller. This figure highlights
the excellent performance of the controller. In fact apart from the first few samples, there
is very little difference between the desired reference model output and the plant output.
The enhanced reference model output also rapidly converges to the reference model
output. The performance of the system does not deteriorate when the reference input is
changed, thus demonstrating the ability of the controller to adapt to a change in input.
Comparing these results with the responses obtained in Chapter 3 (Figure 3.22a) shows
that significant improvement is obtained by employing the enhancement proposed in this
chapter. Not only is the tracking error reduced, but the oscillations and overshoot present

in the transient response of Chapter 3 are also removed. The trade-off in achieving these
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Figure 4.10a: Response of the plant (y,) and reference model (y,) for Example 4.4.5
with r(k) = s(k — 25) for k < 600 and sin(2%) for k£ > 600
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Figure 4.10b: Control input u(k) for Example 4.4.5 with r(k) = s(k — 25) for k < 600
and sin(22%) for k > 600
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tracking results is that the control effort is very active and more so than the control
response of the corresponding example in Chapter 3 (Figure 3.22b). As explained earlier
high control activity often poses problems for the control mechanism. However, this
result is not unexpected as the output of a marginally stable system is being made to
track the output of a linear stable system. Therefore, the increased activity is most
likely due to the fact that the plant response tracks the linear reference model response

far more closely, which for this type of system, requires a great deal more control effort.

4.5 Conclusions

This chapter represents the main theoretical part of this thesis. Two of the the most
important concepts of any control system are addressed, namely stability of the neural

adaptive controller and convergence of the output error.

The chapter introduces the concept of an enhanced reference model. The origin of this
concept lies in the the field of optimal control and in particular an approach known as the
optimal decision strategy (ODS). This strategy has been applied to a number of practical
problems including robotics, terrain tracking and ship steering. An integral part of this
approach is the enhanced reference model, which combines the reference model with an
enhanced output function, also known as the desired velocity function. This function is
chosen a priori by the control system designer. It is shown that the form of the enhanced
reference model is intimately related to the control approach adopted. A form previously

suggested for a model reference adaptive control scheme is adopted in this thesis.

An enhancement to the neural network based model reference adaptive control scheme
presented in Chapter 3 is then suggested. This primarily involves the incorporation of
the enhanced reference model into the neural adaptive control scheme. The enhancement
gives rise to a number of theorems for which proofs are also furnished. The three main

theorems are summarised below.

o Theorems 4.3.1 and 4.3.2 state that in order for the tracking error for the model
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reference system to converge to zero, certain sufficient limit conditions must be

satisfied.

e Theorem 4.3.4 states that there exists a Lyapunov function such that the closed-
loop system is stable on a neighbourhood of zero. This theorem also gives rise to

a further sufficient limit condition.

These theorems and their associated proofs address the principle theoretical aims of this
chapter and represent two of the major findings of this work. The remainder of the
chapter deals with the practical implementation of the enhanced neural control scheme

and demonstrating the effectiveness of the scheme via simulation studies.

The neural adaptive control scheme proposed in this chapter is derived for a general
multivariable system, such that the only restriction on the form of the enhanced reference
model is that the matrix A is stable. However, for the sake of simplicity, in all of the
multi-input multi-output systems considered, a further restriction is placed on the matrix
A, namely that it is diagonal. This restriction results in Theorem 4.3.3 which states a

condition for the existence of an upper bound on the elements of the diagonal matrix A

in order for Theorem 4.3.1 to hold.

As with the approach of Chapter 3, the neural adaptive control scheme proposed in this
chapter uses an approximation of the controller error to adjust the weights of the con-
troller neural network. Theorem 4.3.5 defines a form for the approximate controller error.
Theorem 4.3.6 then states how this error can be obtained. This result is a modification

of the controller error result provided in Chapter 3 and originally proposed by Jordan

[95].

The effectiveness of the enhanced neural adaptive scheme is then demonstrated through
a number of simulation examples. Firstly, the performance of the scheme on the single-
input single-output system and multi-input multi-output system considered in the on-line
scheme of Chapter 3 is investigated. Comparison with the results provided in Chapter 3
showed that significant improvement is achieved, not only in the accuracy of the tracking

responses, but also in terms of reduced control activity.

A practical treatment of the robustness of the scheme to various disturbances is also
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undertaken. In particular, the scheme is found to be robust to () variable load distur-
bances, which arise because of a change in the load conditions on the system, (i) sensor
noise, which arises because of errors or noise induced by the measuring devises and (%)
dynamic plant noise, which can be produced by a host of sources, including noise due
to internal components, unmodelled high frequency dynamics or environmental factors

such as wind or waves.

Several commonly occurring non-ideal systems are also considered to highlight the practi-
cal viability of the scheme. Firstly, a nonminimum phase nonlinear system is considered.
Such a system can be defined as having an unstable zero dynamics. It is shown that
the proposed scheme is capable of dealing with such systems mainly because it does not
involve the explicit inversion of the plant dynamics. It is also shown that this approach
removes the problematic negative excursion present in the (positive) step response of

nonminimum phase systems.

The robustness of the scheme to variations in the dynamics of the system is also investi-
gated. Such variations are common in practical systems and can represent changes in the
environmental or operating conditions of the system. It is shown that these variations
can be represented by two types of perturbation models, namely additive perturbations
or multiplicative perturbations. The scheme is shown to be extremely effective in deal-
ing with both forms of perturbations. The effect of a change in the reference model and
therefore a change in the desired closed-loop response of the system is also investigated.

The scheme is also found to be robust to these changes.

Finally, the ability of the proposed scheme to control a marginally stable nonlinear system
is investigated. This system is simulated by cascading an integrator on to the output
of a stable nonlinear system. The performance of the scheme is found to be very good

particularly in comparison with the results for the corresponding example in Chapter 3.

In summary, this chapter provides the theoretical and practical justifications for the neu-
ral adaptive control scheme proposed in this thesis. Results for the stability of the control
scheme and convergence of the tracking error are provided to establish the practical via-
bility of the approach. However, the results are based on sufficient limit conditions. The

derivation of a necessary and sufficient condition, which represents the natural extension
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of this work, remains a very difficult task. Despite the increasing volume of work being
conducted into stability and convergence results for neural adaptive control schemes,

general results have proven extremely elusive.
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Chapter 5

Application Example — Anti-Skid
Brake System

5.1 Introduction and Overview

Demonstrating the effectiveness of a new control strategy, such as the neural adaptive
control scheme proposed in this thesis, via a simulation study is a rewarding exercise. Not
only does it help to clarify and reinforce the theoretical concepts raised by the proposed
scheme, it also provides an indication of its practical feasibility and limitations. From an
engineering viewpoint, a great deal of knowledge can be gained from simulation studies.
Further knowledge about the practical feasibility of a proposed control scheme can be
gained from its application to “real world” problems. This has provided the motivation
for a great deal of research in the application of neural control methodologies to a wide
range of practical areas such as robotics, power systems, biomedical and biotechnical
engineering, process control, engine control and so-on. A good collection of some recent
application based neural control papers can be found in [64]. However, because of the
restrictive costs of practical test equipment and the lack of availability or accessibility of
the “real world” system, most of the existing works on neural control applications have
been based on computer simulations of the actual system. It is perhaps for this reason

that so many neural control methodologies are tested on the inverted pendulum or ball
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and beam apparatus. The relatively low cost and availability of such systems make them
a good test-bed for a new approach. However, the primary limitation with the inverted
pendulum and similar apparatus is that they are essentially laboratory test-beds and
they do not really represent the significantly more complex and interesting “real world”
systems. A similar problem was encountered in the adaptive control area during its
formative years. However, since then, many theoretical developments have been made
and tested on industrial control problems such as aircraft control, ship autopilots, process
control, robotics and power systems [64]. Whilst the ideal situation would be to test a
proposed control scheme on an actual physical system, a realistic and relatively detailed
simulation of the system can often prove to be equally beneficial. Certainly, it provides
an additional knowledge on the “real world” potential of the control approach compared

with simulation studies based on arbitrary systems.

In this chapter, the application of the model reference neural adaptive control scheme
proposed in this thesis to an anti-skid brake system (ABS) is presented. The objective
of an ABS is to maximise tyre traction by preventing the wheels from locking during
braking whilst maintaining adequate vehicle stability and steerability. Basically an anti-
skid brake system comprises sensors to detect imminent wheel-locking together with a
system to modulate the applied brake pressure so that the braked wheel maintains a
tangential speed slightly less than the linear speed of the vehicle. This enables the tyres
to retain most of their lateral force capability which in turn helps to keep the vehicle
steerable and the overall system stable. Furthermore, the stopping distance of a vehicle
equipped with ABS is, in most cases, reduced in comparison with a stop achieved by
wheel-locking. Wheel lock is particularly undesirable for a number of reasons. Under
normal driving conditions, a driver judiciously applies the brake to ensure wheel lock
does not occur. However, under an emergency situation, the natural instinct is to apply
maximum brake effort, thus resulting in either (i) the front wheels locking up or (i) the
rear wheels locking up or (iii) all four wheels locking up. If situation () occurs then the
driver will be unable to steer the vehicle!. If the rear wheels lock, but the front wheels are
not locked then the vehicle generally loses directional stability. Situation (4) will cause

the car to skid in a straight line [177]. To prevent the above situation from occurring,

1This assumes a front wheel steering vehicle.
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an anti-skid brake system is employed.

A great deal of research and development effort has been conducted into anti-skid brake
systems because it is a recognised fact that they can produce significant improvements
in the safety performance of commercial and passenger vehicles. In a recent study of
accidents involving heavy goods vehicles and cars in Great Britain [195], it is concluded
that the use of ABS is likely to have affected (prevented or reduced in severity) 10% of
accidents involving heavy good vehicles alone and 9% of accidents involving heavy good
vehicle and cars. This translates to about 120 lives that could have been saved through
the use of ABS. Studies conducted in the then West Germany have verified a reduction in
the number and seriousness of accidents involving ABS-equipped vehicles compared with
conventional vehicles [58]. Research is still being undertaken to develop even more safe
and reliable anti-skid brake systems and in conjunction with the recent developments
in traction control (also known as anti-wheel spin regulation (ASR)), the ultimate aim

is to further improve the active safety of vehicles and thus the general safety on roads

58, 183, 212].

In the last few years, there has been a recognition of the suitability of applying neural
networks to the modelling and control of vehicle systems. In particular, the ability of
neural networks to adapt to highly nonlinear and time-varying dynamical systems has
provided the motivation for much of the work in this area. Recently, Ohno et al. [175]
have developed an automatic braking system for automobiles using neural networks. The
aim of the proposed system is to make the vehicle decelerate smoothly and come to a
stop at a specified position behind the preceding stopped vehicle. To achieve this, the
vehicle speed is controlled via the neural network controller by varying the brake solenoid
current according to the distance between the two vehicles. The controller is shown to be
able to adapt to changes in the weight of the vehicle and the gradient of the road. Majors
et al. [133] have developed a neural network methodology to control the air-to-fuel ratio
of automotive fuel injection systems using the cerebellar model articulation controller
(CMAC) architecture. The resultant fuel-injection controller regulates the A/F ratio to
a value chosen to result in driveability and good emission performance. It is also shown to
be very effective in learning the nonlinearities of the engine system and in dealing with the

time-delays inherent in the engine sensors. A neural network based engine control system
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is also considered by Morita [159]. In this approach, a backpropagation neural network is
used to control combustion parameters of an automobile gasoline engine. In particular,
the neural controller is shown to be effective in controlling the spark ignition rate and fuel
injection volume as well as being able to compensate for conditions such as the warming-
up of the engine and variations due to environmental factors. The application of neural
networks to active suspension systems has been addressed by Hampo and Marko [65]
and Smith et al. [219]. In [65], a number of neural control approaches are applied to
an active suspension system to maintain a car at a level attitude. The fault tolerance
of the approaches to actuator failures and sensor failures is also investigated. In [219],
an artificial intelligence approach to the control of a semi-active suspension system is
presented. The approach uses a heuristic search strategy to derive an optimal control for
the suspension system, which is then learnt by an artificial neural network to provide an
on-line nonlinear optimal control law. Neural networks are applied to the lateral control of
autonomous vehicles by Kornhauser [115]. A machine vision system is proposed in which
the driver’s view of the oncoming highway environment is captured. Backpropagation
and adaptive resonance neural networks are investigated for processing the resulting
images and generating acceptable steering commands for the vehicle. However, despite
the recent interest in applying neural network methodologies to vehicle systems, there
does not seem to be any reported work on the application of neural control to the ABS

problem.

The anti-skid brake system is a challenging control problem because the vehicle-brake
dynamics are highly nonlinear with uncertain time-varying parameters. These parame-
ter variations are due to factors such as changes in the brake pad coefficient of friction,
changes in the gradient of a road, and variations in the friction characteristics of the
tyre/road contact. The latter variations are perhaps the most significant and are pro-
duced by differences in the methods of road surface construction, contaminants on the
road, changes in tyre parameters such as tread wear and variations in the speed of the
vehicle [67, 122, 230]. Furthermore, detailed models of the vehicle-brake system or accu-
rate predictions of the tyre/road surface conditions are currently difficult and expensive
to obtain for practical anti-skid brake systems [230]. Therefore, not only does an ABS

have to be able to adapt to changing environmental conditions (e.g. varying road condi-
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tions), it must also be robust to dynamic uncertainties and variations. Currently most
commercial anti-skid brake systems are based on a look-up table approach. These look-
up tables are calibrated through iterative laboratory experiments and engineering field
tests. Therefore, these systems are not adaptive and issues such as robustness are not
addressed. More recently some theoretical studies of anti-skid brake systems have begun
to appear in the literature [53, 177, 229, 230, 253]. In particular, conventional control
approaches such as sliding control, describing function methods and optimal control have
been used. In many of these approaches, the effects of the above parameter variations
have been considered. Even more recently, an adaptive anti-skid brake system based on
fuzzy logic control is presented by Layne et al. [122]. It is shown in the previous chapter
that the proposed neural control scheme possesses the properties described above. In
particular, the adaptive nature of the approach will help to ensure that the performance
of the proposed neural network based ABS is still satisfactory even when adverse road

conditions are encountered.

The chapter is organised as follows. A mathematical model based on the single-wheel
rotational dynamics and the linear vehicle dynamics is presented in Section 5.2. The
interaction between these dynamics and the effect of different road surfaces on the model
is also considered. A discretised version of the vehicle-brake system dynamics based on an
Euler discretisation process is also presented. An overview of existing ABS approaches is
presented in Section 5.3. This will provide a good background for some of the difficulties
associated with this problem. The motivation for the work presented in this chapter is
the belief that neural networks are extremely suitable for the anti-skid brake system and
the lack of any previously reported work on this application. Therefore, in Section 5.4,
the unique approach of applying the neural control scheme proposed in this thesis to the
ABS problem is considered. The effectiveness of the approach, particularly to changing
road conditions is then demonstrated via simulation results. Section 5.5 then provides

some concluding remarks.
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5.2 Derivation of the System Dynamics

The simplified model of the vehicle-brake dynamics presented by Layne et al. in [122]
is employed in this study. The mathematical model consists of single wheel rotational
dynamics, linearised vehicle dynamics and the interactions between them. The actuator
dynamics, wind resistance effects and all the dynamics associated with the suspension
system and steering mechanism are not considered. A list of the relevant variables and

parameters and, where applicable, their typical values is provided in Table 5.1.

parameter physical meaning typical value®
B, viscous friction of the wheel 4 Ns
B, viscous friction of the vehicle 6 Ns
Ju rotational inertia of the wheel 1.13 N m s?
M, vehicle mass 4x342 kg
R, wheel radius of free rolling tyre 0.33 m
g gravitational acceleration constant 9.81 m s~ 2
Ny number of wheels 4
0 angle of incline of the road rad
N, normal force at the tyre N
V. vehicle linear speed m s~}
Wy angular speed of a free spinning wheel rad s~!
Wy wheel angular speed rad s1
Ty braking torque at the wheel Nm
T; torque generated due to the slip Nm
between the wheel and the road
Fy force applied to the car due to N
the gradient of the road
F tyre friction force N
7 coefficient of braking force ~ -
A wheel slip -

aThese values are obtained from Fling and Fenton [53] and are for a 1969 Plymouth sedan

Table 5.1: vehicle-brake system parameters and variables

The differential equation describing the vehicle dynamics is obtained from Newton’s law

by summing the total forces which are applied to the vehicle during braking, 1.e.,
. |
Vo(t) = =37 [nuFi(t) + B.VA(t) + Fa(t)] (5.1)

where Fy(t) = M,gsin 0(t) is the force applied to the car as a result of a vertical gradient
i1 the road and Fy(t) = u(A)N,(6(¢)) is the tyre friction force which is a function of the
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tyre normal force N,(0(t)) = ﬁ"—;g cos(t). The equation for the normal force assumes

that the weight of the car is distributed evenly amongst all the wheels.

The dynamics of the wheel can be determined from Newton’s law, i.e., the angular
acceleration of the wheel (w,,) is the sum of the rotational torques which are applied to
the wheel divided by the moment of inertia of the wheel. This results in the following

differential equation
) 1
wy(t) = 7 [—Ts(t) — Buww(t) + Te(2)] (5.2)

where T3(t) = R, Fy(t) is the torque generated due to the slip between the wheel and the

road surface. A block diagram of this system is shown in Figure 5.1.

<

Al

Figure 5.1: Block diagram of the vehicle/wheel/road dynamics

The most significant variable in the vehicle-brake system is the wheel slip, A. For a
braking operation, its value is the difference between the vehicle speed, or more accu-
rately, the angular speed of the free spinning wheel, w, = %, and the wheel speed, w,,
normalised by the vehicle speed, i.e.,

T = wu(t)

MO = “wm

Ru
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_ wu(tz)u—(t‘-‘)JW(t) (5.3)

Wheel slip arises because of the fact that when a braking force is applied to a tyre, a
frictional force is developed at the contact spot between the tyre and the ground. At
the same time, the tyre tread within and just in front of the contact area is subject to
tension. As a result, the tread elements are stretched before entering the contact region,
and thus the distance travelled by the tyre per revolution when subject to this braking
torque is greater than the free rolling case [238, 251].

Wheel slip is usually chosen as the controlled variable in anti-skid braking systems be-
cause of its influence on the tyre friction force Fi, and its corresponding torque, T3. This
influence arises due to the relationship between the wheel slip and the adhesion coeffi-
cient (or braking friction coefficient), p. The adhesion coefficient is the ratio between
the frictional force F; and the normal force N,, and for a given level of wheel slip, it has
a unique value for each road surface. The nonlinear relationship between the adhesion
coefficient and the wheel slip is represented by a p — A characteristic. These characteris-
tics are strongly influenced by both the material and method of construction of the road
as well as tyre parameters such as the tread wear. Factors such as the vehicle speed and
vertical load also have an influence on this characteristic. It is the g — A relationship
which is the major source of nonlinearity in the system. The adhesion coefficient-wheel

slip characteristics for four common road surfaces are given in Figure 5.2.

Analytical expressions which accurately describe the relationship between the adhesion
coefficient and wheel slip are not readily available. Therefore, most ABS engineers in the
automobile industry obtain these characteristics from field experiments using specialised
test equipment. For the study presented here, the above characteristics are therefore

based on experimentally measured x4 — A data provided by Harned et al. in [67].

From equation (5.3) and Figure 5.2, it is apparent that A = 0 corresponds to a free rolling
wheel (w, = w, and p()) = 0) while A = 1 represents a wheel that is locked (w, = 0).
It is the latter case that an ABS is designed to prevent from occurring. At the same
time, an anti-skid brake system attempts to maximise the tyre traction by maximising
the coefficient of braking friction, u. As is expected, the braking friction coefficient is

largest for dry asphalt, slightly reduced for wet asphalt, greatly reduced for loose gravel
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Figure 5.2: Adhesion coefficient vs wheel slip for various road surfaces

and most significantly reduced for ice. Apart from the loose gravel surface, each of the
¢t — A characteristics consists of a positive slope region and a negative slope region. When
the system is operating in the negative slope region, the vehicle is unstable and sensitive
to disturbances, and the cornering properties of the tyres may easily result in a loss
of directional control or lateral stability [230]. The positive slope region of the yu — A
characteristic is the stable region of operation for the vehicle-brake system. Therefore,
it is desirable to operate in this region of the curve. For the unique case of loose gravel,
maximum braking friction occurs when the wheels are locked, i.e., A = 1 and w,, = 0.
This is because when a car is skidding on loose gravel, the gravel bunches up in front
of the wheel, resulting in an increase in the frictional effect. However, when the wheels
are rolling, the gravel gets pushed aside and thus the adhesion effect is less. As a result,
the  — A curve for loose gravel consists only of positive slope regions and therefore the

adhesion coefficient increases with slip to its maximum value at A = 1.

Based on the p — A characteristics, the objective of an anti-skid brake system would be
to regulate the wheel slip so as to maximise the adhesion coefficient for a given road
surface. However to ensure that the system does not move into the unstable region

of operation, a slightly more conservative value of desired slip is chosen by many ABS
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engineers. Typically the vehicle-brake system is made to operate within its positive slope
i — X region and it is regulated to the slip (A,,,,) which produces maximum braking
friction only when a maximum braking force is required. For the four surfaces considered

in this study, a conservative value of slip of A = 0.15 is used.

As the particular road surface has a significant and unique effect on the braking char-
acteristic, a controller which can operate under all road conditions and is robust to
transitions in road surfaces is desired. A neural network based controller ofters much
promise in this area. Furthermore, detailed models of the vehicle-brake system or accu-
rate estimation of the tyre/road surface conditions are currently difficult and expensive
to obtain. Therefore, the ability of the neural network control scheme proposed in this
thesis to deal with model inaccuracies and uncertainty is advantageous for an anti-skid

braking system.

A difficulty in implementing an anti-brake system is that the slip is difficult to measure
directly. As shown above, the slip is related to the angular speed of the wheel and the
linear speed of the vehicle. Many of the commercial anti-skid brake systems utilise wheel-
based sensors to measure the angular speed and/or angular acceleration of the wheel.
Typically such a sensor consists of a wheel driven toothed disc and an inductive pick up
which produces a continuous electrical signal proportional to the angular speed of the
wheel [177]. However, the difficulty in determining a value of slip arises because measur-
ing the linear speed and/or acceleration of the vehicle during braking is a problematic
task. In particular, during a braking operation, the presence of wheel slip means that
the linear speed of the vehicle is no longer directly related to the angular wheel speed
via the equation V, = R,w,. Unlike an anti-spin device, where the vehicle speed can
be obtained from sensors measuring the angular speed of the nondriven wheels, wheel
sensors cannot be used to accurately obtain the vehicle speed in ABS mode as braking is
carried out on all four wheels. In many commercial anti-skid brake systems the vehicle
speed is extrapolated from an initial speed and the integration of an acceleration signal
[241] or the relationship V, = R,w,, is used and the resultant errors are accounted for in

some way [243].

As far as test systems are concerned, an extra free rolling wheel can be used to mea-

190



sure the vehicle speed [67]. However, this is of course not practical for a commercial
system. In the approaches proposed by Tan et al. [230, 229] it is assumed that vehi-
cle speed measurements are available. However, it is also pointed out that sensors to
provide accurate vehicle speed measurements are generally expensive and so the ABS
schemes proposed in [230, 229] are not readily implementable. Recently Doppler radar
ground speed sensors have been developed and implemented in experimental ABS and
4WD/Off-Road ASR systems? [132, 161, 241]. These sensors measure the vehicle speed
according to the Doppler radar principle. Typically such sensors consist of a transmit-
ter/receiver which sends an extremely-high-frequency (EHF) signal in the direction of
the road surface. The road acts as a reflector, and as a result of the Doppler effect, a
frequency shift of the reflected signal occurs. The vehicle speed can then be found from
the Doppler frequency shift. These sensors have already been fitted to some agricultural

vehicles such as tractors and are relatively inexpensive [132].

In [122], Layne et al. assume that vehicle acceleration measurements are available via
an accelerometer®. However, it is also stated that the use of an accelerometer introduces
problems such as noise and integration error and that their effects on the ABS need to be
investigated thoroughly. Recently, a scheme which addresses the noise issue in accelerom-
eter measurements is proposed by Watanabe et al. {243]. A Kalman filtering approach
for accurately estimating the vehicle speed is presented. Accelerometer measurements
are used to complement the measurements obtained from the wheel based sensors to
provide a more accurate vehicle speed. An extended Kalman filter is used to reduce the
high frequency noise associated with the accelerometer measurements. An accelerometer
located near the centre of mass is also utilised to measure the vehicle deceleration by
Fling and Fenton in [53]. However it is shown that an accelerometer alone is not suitable
for estimating the vehicle deceleration because of its internal offset error. It is also ex-
plained that wheel tachometers should not be used during emergency braking operations
as they have the tendency to develop limit-cycle behaviour. An estimation circuit is de-

vised which combines the accelerometer and wheel tachometer measurements to cancel

2Four wheel drive (4WD) systems suffer from the same problem as anti-skid brake systems in that
in both cases there are no free-rolling wheels from which the vehicle speed can be obtained.

3 Accelerometers typically consist of a pendulum or resonant fork arranged such that any deflection
in the position of the pendulum or changes in the resonant frequency of the fork is proportional to the
acceleration of the vehicle. Further details on accelerometers can be found in [208] and [220].
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out the effect of the DC offset in the accelerometer and the limit-cycle oscillations in the
wheel tachometer output to produce acceleration and velocity estimates. An estimation
scheme to determine the vehicle speed is also adopted by Satoh and Shiraishi [209]. In
the scheme presented, the estimation is performed by using a memory which stores the
peak value of wheel speed. This value is reduced by a specified rate whenever the actual
wheel speed decreases sharply. The output of the memory is assumed to approximate

the vehicle speed.

Hence, in this study, it is assumed that some form of estimation scheme could be im-
plemented such that a measurement of the vehicle speed is available. This assumption
allows a dynamic system equation for the wheel slip with the vehicle and wheel speed as

state variables to be derived as follows:

From (5.3) the wheel slip can be written as

_ o wul(t)
At)=1- 0 (5.4)
Therefore,
oy L Wult)w(t) — wu(Bw(t)
S R0
a0
R
‘ (= A@))wu(t) — wu(t
At) = ™0 (5.5)

For the sake of simplicity, the vehicle system equation (5.1) is rewritten as follows:

. v,t) 1. .1 |
= = —|— o t
a®) = B o L BR) + nuRle) + F(0)
_ _B.R, Vo (6(2)) Fy(t)
= "W M —.k, "Nk,
= —azwu(t) — al,u(A) — ag (5.6)
where a;, = ﬁ—';, a; = "wg:g‘ft)) = 9"‘;’:‘}’;’3“) ag = Al;sg?., = 95;’2‘3(”, and the wheel
dynamics, (5.2), can be rewritten as:
. B, | 1
= —bwy(t) — b1 Ts(t) + bop(A(t)) (5.7)
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where b, = %, b, = Jl_w) bo = RuNo(8(t)) _ Mungcose(t).

w NwJw

As the neural controller and subsequent theory proposed in this thesis are based on
discrete-time systems, the above differential equations are discretised using an Euler

discretisation process. This results in the following difference equations:

w,((k +1)h) ul(k + DB) = wo(kh) | wr((k+ 1)

A(E+DR) = =20 )~ s L 69
where
wo((E+1)h) = (1— ﬁ;h)wv(kh) — S hE(kh) - Mi‘%wh
= (1= agh)w,(kh) — ayhu(A(kh)) — ach (5.9)
wol((k+ 1)) = (1- lj—;”h)ww(kh)—;;th(kh)+—J1:hTt(kh)
= (1= byh)ws (k) — bhTy(kh) + bohu(A(ER)) (5.10)

where h is the sampling period, the control is the braking torque, T3, the measurable
states of the system are w,((k + 1)) and w,((k + 1)%), and the overall system response
is the slip, A((k + 1)h). It is this quantity which will be controlled by the neural network

based anti-skid brake system.

5.3 Existing Approaches

In recent years a number of manufacturers such as Bosch, Honda, Toyota, Borg-Warner,
etc., have developed and produced anti-skid brake systems for commercial vehicles. For
reasons of commercial sensitivity, intricate details of such systems are not readily available
in the published literature, although the papers by Leiber and Czinczel [124], and more
recently, Sigl and Czinczel [212] provide a good general overview of the development of
ABS and ASR systems at Robert Bosch GmbH. From these and other publications, it
is known that anti-skid brake systems generally consist of sensors, a control unit and
brake pressure modulators (usually solenoid valves). Typically the sensors monitor the
angular speed of the wheel and then produce a continuous electrical signal proportional
to this value. The sensor signal is then transmitted to the control unit. Based on the

signal it receives from the sensor, the control unit calculates an estimate of the value of
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the slip. Using an experimentally derived look-up table, it then determines the necessary
action to be implemented for the current value of slip. Usually the control action would
be either to apply brake pressure, hold the current brake pressure or release the existing
brake pressure. The brake pressure modulator receives the command signal from the
control unit through an electronic switch and it then adjusts the wheel cylinder brake
pressure accordingly. The design, tuning and calibration of commercial anti-skid brake
systems are based on experimental trials rather than using analytical results. Therefore
commercial anti-skid brake systems are not adaptive and issues such as robustness are
not addressed. As a result, the performance of such systems may degrade if harsh or

changing road conditions are encountered.

A number of analytical approaches to the design of anti-skid brake systems have recently
been reported. In [53], Fling and Fenton employ a describing function approach. This
involves using a feedback compensator to provide anti-skid behaviour and determining
the design parameters for the nonlinear compensator scheme by a describing function
analysis. The aim of the compensation is to ensure that when the slip exceeds the value
for which the adhesion is at its maximum, wheel lock-up is prevented and the operation
is directed towards a steady state condition. In this condition a stable small amplitude
limit cycle is established around the peak of the y — A curve. The scheme is successfully

tested on a 1969 Plymouth test vehicle.

In the paper by Zellner [255], a frequency response approach to the design of a feedback
control for an ABS is adopted. Firstly, this entails deriving a mathematical model for
the vehicle-brake system. A mathematical model of the brake pressure modulator is
then derived. The frequency response of the overall system is then analysed from which
an appropriate feedback control structure is derived. The frequency response criteria
for the controller/modulator/vehicle dynamics are that it should resemble an integrator
in the 2-6 Hz region and have sufficient open-loop phase margin to allow a cross over
frequency in this range. These requirements are chosen so that a stable limit cycle
with a frequency of at least 2 Hz could be achieved. The desired frequency range also
represents the required bandwidth for the closed-loop system. As practical anti-lock
modulators are found to look like integrators in the 2-6 Hz region, it is concluded that

the desired controller should be a pure gain system with constant phase lag over this
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frequency range. Several feedback controllers, each with a different feedback variable
(wheel speed, slip, wheel angular acceleration, and wheel angular jerk), are simulated
and tested. The results show that a wheel angular acceleration feedback controller meets

the desired requirements most successfully.

According to Yeh et al. [253], the inherent nonlinearity of the ABS dynamics means
that only part of the picture can be seen via the frequency domain approaches of Fling
and Fenton [53] and Zellner [255]. Additionally, the feedback control approach presented
in [255] is very much dependent on the the operating conditions and is therefore not
adaptive to changes in road surface or other parameter variations. In the approach
presented in [253], a piecewise linear model of the tyre force is implemented to simplify
the nonlinearity of the ABS dynamics. A number of assumptions about the system
dynamics are made to obtain a simplified second order dynamic system with the braking
torque and slip as state variables. The dynamics of the ABS are then depicted as state
trajectories in the T, — )\ phase plane. The conjugate boundary method is used to produce
boundaries for the state trajectories known as the conjugate prediction boundary and the
reselection boundary. These are used to determine the stability of a particular limit cycle
and the global tendency of the slip dynamics. This analysis is then used to determine

the appropriate prediction condition and reselection condition* for the ABS control law.

A discrete-time vehicle traction control is presented in the paper by Tan and Tomizuka
[230]. Vehicle traction control is composed of both anti-skid braking and anti-spin accel-
eration. Its aim is to maximise tyre traction by preventing wheel lock-up during braking
and wheel spin during acceleration. The basic idea behind the approach presented in
[230] is to group the time-varying uncertainties of the vehicle-brake system together,
discretise the continuous-time system, locally linearise the resultant discrete-time system
and then derive a linear feedback scheme based on the principles of sliding mode control.
The scheme is successfully tested for the ABS operation on a test cell and an actual
vehicle. In the paper by Tan and Chen an optimal control approach to traction control
is provided for the continuous-time vehicle-brake system. The optimal solution results

in a “bang-bang” control to achieve regulation of the wheel slip at its corresponding

4The prediction condition determines when the brake pressure should be released to prevent lock-up
while the reselection condition determines when the brake pressure should be applied again once the
chance of lock-up is averted.
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peak adhesion coefficient value in the g4 — A curve (A,,,.). The optimal control solution
is shown to be equivalent to the zeroth order sliding mode control. Using this result,
sufficient conditions are then developed via Lyapunov stability theory to design variable

structure control laws for the vehicle traction control system.

5.4 Neural Network Based Anti-skid Brake System

5.4.1 System Description

The primary objective of the neural network based anti-skid brake system (NN-ABS)
presented in this chapter is to regulate the wheel slip to the prespecified value of 0.15.
From the adhesion coefficient versus wheel slip characteristic presented in Figure 5.2, it
can be seen that this value corresponds to a level of wheel slip slightly less than the value
for which the adhesion coefficient is maximum on most surfaces. Generally a slightly
conservative value of slip, such as the one chosen, helps to ensure stable operation. In
the proposed NN-ABS it is assumed that knowledge of the particular type of road surface
is not available. Therefore, the target value of slip of 0.15 is used regardless of the road
surface. As explained earlier, this will not produce the optimum braking performance
on loose gravel where a minimum stopping distance is achieved when the wheels lock up
(A = 1). For the desired slip to be chosen based upon the road surface encountered, an
estimation scheme which identifies the road surface conditions would be needed. In [230],
it is suggested that this can be achieved by using a weighted least-squares estimation
scheme in conjunction with a wheel slip traction control algorithm. However, for the

purpose of this study a constant desired slip is used.

A block diagram of the neural network based anti-skid brake system is shown in Fig-

ure 5.3.

The inputs to the neural network adaptive controller are the wheel slip (A), vehicle speed
(wy), wheel speed (w,,) and reference input (). The output from the NN-ABS controller
is the braking torque (T}). It is assumed that if the system is implemented on an actual

vehicle, wheel sensors would be available to provide measurement of the angular wheel
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Figure 5.3: Block diagram of the neural network anti-skid brake system

speed (w,,) and either an estimation scheme or a sensor such as the Doppler ground radar
would provide a value of linear vehicle speed (V;) from which the equivalent angular speed
(wy = %‘j) could be obtained. Therefore, in the NN-ABS scheme, it is assumed that the
measurable system parameters are the equivalent angular vehicle speed and the angular
wheel speed. The value of slip is estimated via equation (5.8). The value of braking
friction coefficient (1) used in the vehicle-brake model, equations (5.9) and (5.10), is
calculated from the wheel slip using the u — A characteristic provided in Figure 5.2. The
wheel slip is assumed to be the overall output response. Therefore the neural network

emulator models the entire system dynamics, i.e., the vehicle-brake dynamics and the

wheel slip dynamics. However, as described in earlier chapters, this is only necessary so

Y

57, can be obtained: Therefore, neural network

that an estimate of the plant Jacobian

based anti-skid brake system can be described by the following equations:

The overall system output (wheel slip) is governed by the nonlinear difference equation
AM(k + 1)h) = f(wu(kh),wu(kh), Ty(kh), A(kR)) (5.11)

where f(.) is an arbitrary nonlinear function representing the relationships defined by

equations (5.8), (5.9) and (5.10).

The control strategy is to find a suitable braking torque
Ty(kh) = g(wy(kh),ww(kh), A(kh), A (kh); We) (5.12)
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where g is a neural network parameterised by the set of weights W,, such that for a stable

enhanced reference model governed by

Am((k + 1)R) = fm(Am(kh), A-(kR)) (5.13)

and
A ((k+ 1)h) = An((k + 1)R) — B(Am(kh) — A(kh)) (5.14)

the tracking error satisfies the following relationship

ler((k + 1)R)I, = [Am((k+1)R) = AM(k+1)h)|, <er (5.15)

1

where e7 > 0 is a predefined tolerance, f,,(.) is a stable linear function, f < 1 is a
stability constant, g is a neural network parameterised by the weights W, k is the time

index, A, is the desired level of slip, A/, is the enhanced slip and |.| is the vector norm.

As shown in the previous chapter, this can be achieved by minimising the cost function
given by
1 N-1

E =2 3 (Na((k + 1)) = A((k + 1)h))’ C(516)

2 k=0
which gives rise to the following controller weight update equation

Wo((k + 1)h) = Wa((k + 1)R) + nec(kh)% (5.17)

where the controller error is given by

A((k + 1)R)

ec(kh) = (1 — B)(N\,((k + 1)h) — A((k + 1)h)) aTy(kh)

(5.18)

and %%@ is an approximate of the plant Jacobian obtained by backpropagating

through the neural network emulator which is defined by the following equation
Mk + 1)) = fw,(kR),wy(kh), Ty(kh), \(kh); W) (5.19)
where £ is a neural network parameterised by the weights W.

From a practical viewpoint, the control unit for the above scheme would implement the
neural network controller, neural network emulator, enhanced reference model and slip
estimation scheme. It would receive the speed measurements from the sensors (wy, wy)

and calculate the corresponding value of slip and desired value of slip using equations
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(5.8) and (5.13) and (5.14), respectively. The control unit would then adjust the weights
of the adaptive controller based on the values of the inputs, tracking error and the
approximate Jacobian using equations (5.17) and (5.18) to produce the required braking
torque Ty. From an implementation perspective, the NN-ABS control unit would also
need to account for the brake actuator dynamics. Typically a brake actuator can be
modelled as a nonlinear relationship between the braking torque and the solenoid current
used to drive the brake actuator. The nonlinear relationship is a hysteresis characteristic
between the solenoid current and the brake pressure. The brake pressure is proportional

to the braking torque. The following relationship can be derived from Ohno et al. {175]:
Ty = K pp, P(1,) (5.20)

where I, is the solenoid current, P is the brake cylinder pressure which is a nonlinear
(hysteresis) function of the solenoid current, g, is the brake pad friction coefficient and
K is a constant. Tan and Tomizuka [230] approximate the brake actuator by a slow first
order system with a gain whose value depends on the states of the solenoid valves and
the brake cylinder pressure. Therefore, the control unit in a practical NN-ABS would
either transform the braking torque output to an appropriate value of solenoid current
using a brake actuator model such as those described above or the NN controller would be
trained such that its output is the appropriate level of solenoid current. This value would
then be sent to the brake actuator to achieve the desired braking action. The primary
difference between these two approaches is that in the latter case, the backpropagated
error from the neural network emulator can be used to modify the controller weights
directly, whereas in the first case, the error would need to be transformed by the actuator
model as the output of the controller, for this case, is actually the braking torque. In the
simulation study performed here, the above actuator models are not employed because
of the unavailability of information on the typical values of the constants in the actuator
models, in particular brake pad friction coeflicient s, and the constant K. However,
the results published in [89] and [175] demonstrate that neural network control schemes
are capable of effectively dealing with systems consisting of hysteresis nonlinearities.

Therefore, incorporating the actuator dynamics into the system should not pose any

problems for the NN-ABS scheme.
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5.4.2 Simulation Results

In the simulation study, neural networks consisting of 4 inputs, 2 hidden layers with 25
and 20 nodes, respectively, and 1 output are used. A learning rate of 7 = 0.02 is used
for both neural networks. On average, these values provided the best results for all of
the scenarios considered. Learning is done completely on-line, so that once the ABS is
activated, the neural networks adapts to the system requirements. The reference model

used is given by the following difference equation
Am((k 4+ 1)R) = (1 — 20R) A (kh) + 20h ) (kh) (5.21)

As can be seen, the reference model is a linear system with unity gain, so that the desired
level of wheel slip is represented by the reference input A, = 0.15. The reference model is
chosen to have a quick response time, thus ensuring that the reference slip value rapidly

reached the desired slip. The enhanced reference output is chosen to be
M (k4 1)h) = An((k + 1)h) — 0.1(Am(kh) — A(kh)) (5.22)

Fast sampling with A = lms is chosen here because generally in an ABS the changes
in the system take place very rapidly, i.e., in the order of one second. Assuming that
the NN-ABS on a current generation floating-point DSP chip such as the TMS320C40,
this sampling period is realistic. This can be verified by an approximate operation
count for the neural network based anti-skid brake system described above. By far
the most computationally intensive part of the system is the modification of the network
weights. This is achieved by the backpropagation algorithm which consists of three parts:
a feedforward stage, an error feedback stage and a weight modification stage. For the
neural network structure described above, the NN-ABS would require approximately 9200
operations (addition, multiplication, division and assignment). Assuming a conservative
figure of 2 cycles per instruction, where the instruction cycle time for the TMS320C40
is 40 ns, the proposed NN-ABS would result in a computation time of approximately
0.74 ms. Furthermore, this analysis does not take into account an improvement in the
efficiency of the algorithm which could be obtained by exploiting the parallel nature of

the neural networks.
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Effects of Different Road Surfaces

The first simulation scenario considered is the performance of the neural network based
anti-skid brake system for dry asphalt, wet asphalt, loose gravel and icy road surfaces.
The vehicle is travelling on a level surface (§ = 0) and transitions between the road
surfaces are not considered. The ABS is initiated when the vehicle speed is 60 km/h
and the wheel slip is 0.5. This is a typical value of wheel slip at which ABS is initiated,
because the wheels are tending towards locking-up and, on most surfaces, this value
corresponds to the unstable (negative slope) region on the g — A characteristic. The
resultant wheel and vehicle speed, wheel slip and braking torque responses are provided

for the above four surfaces in Figures 5.4a, 5.4b, 5.4c and 5.4d, respectively.

The dry asphalt, wet asphalt and loose gravel cases all display similar results. For these
three road surfaces, there is virtually no discernible difference between the actual value
of slip and the desired slip response. Furthermore, the braking torque is initially quite
small, thus allowing the angular wheel speed to increase to the level required to produce
a slip of 0.15. This corresponds to the 0-0.2 second portion of the response. It can
also be observed that during this period, the responses for the loose gravel case are
far “smoother” than the dry asphalt and wet asphalt cases. This can be attributed
to the fact that in the A = 0.15 — 0.5 region of the g — A curves (Figure 5.2), the
asphalt characteristics consist of a number of piecewise linear regions of different slopes,
whereas the loose gravel characteristic consists of only one value of slope. Therefore, the
progression of the slip from its initial value of 0.5 to the desired level of 0.15 is “smoother”
for loose gravel than for the other surfaces. As a result, the speed responses and torque
response are also “smoother” for loose gravel. Therefore this phenomenon is a result of

the approximation of the u — A characteristic used rather than the NN-ABS scheme.

Once the wheel speed reaches the value for which the wheel slip is 0.15, the braking
torque increases linearly which results in a linear deceleration of the vehicle. The reason
for the linearly increasing braking torque can be explained by considering equations (5.9)
and (5.10). For a constant value of slip and a level road (8 = 0), the frictional force F;
and its corresponding torque T} are constant and the force Fy which is applied to the

car as a result of an incline in the road is zero. By taking this into account and after
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Figure 5.4a: Angular velocity, wheel slip and braking torque responses for a dry asphalt
road surface
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Figure 5.4b: Angular velocity, wheel slip and braking torque responses for a wet asphalt

road surface
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introducing the values for the system parameters, the wheel and vehicle speed dynamic

equations can be written as:

B.U Ny Fa
v h . - v - -
in((k+1)B) = (1= 3k (kh) = re=hF(kh) = 37—
= (1 — 0.0044R)w,(kh) — 29.73hu())
wo(10°3(k +1)) = wy(10~%k) — 0.2973u()) (5.23)
and

B, 1 1

wol(k+1)h) = (1= =“h)wy(kh) = —hTh(kk) + —hTi(kh)

= (1 — 3.54R)wy (kh) — 0.885hT}(kh) + 979.785hu(\)
wo(103(k +1)) ~ wy(107%k) — 8.85 x 1073T,(10°k) + 0.9804())  (5.24)

It can be seen from the equation (5.23) that most of the vehicle deceleration is due
to the term related to the tyre friction force (29.73hu())). Furthermore, the vehicle
speed term related to the viscous friction of the vehicle, namely (1 — 0.0044h)w, (kR), is
approximately w,(kh). Therefore, if the slip is regulated to a fixed value, for example
A = 0.15, the vehicle will decelerate linearly. However, to ensure that the slip remains
at this fixed level, the wheel must also decelerate linearly by an appropriate amount. It
can be seen from the wheel speed equation (5.24) that the term related to the torque
produced by wheel slip (979.785h (X)) is a constant which works against the other terms.
Furthermore, the wheel speed term related to the viscous friction of the wheel, namely
(1 —3.54h)w,, (kh), is approximately w,, (kk) for typical values of h. Therefore, the wheel
speed is effectively changed by an amount solely related to the braking torque and the
constant wheel slip torque term. Hence, the braking torque must increase linearly by
a rate which not only counteracts the constant effect of the frictional torque, but also

results in a linear wheel speed deceleration which maintains the desired slip.

The responses for an icy surface are provided in Figure 5.4d. The NN-ABS behaviour
for an icy road surface is significantly different from its behaviour for the other road
surfaces. Although the slip response eventually reaches the value 0.15, and the system
output exhibits excellent tracking from then on, its behaviour for t < 0.15 s is unique to
an icy road surface. During this period no control action is undertaken as the system is

already acting in an unstable region and even a small braking torque is likely to cause
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the wheels to lock-up. Once the slip drops below the desired level and thus the system
is operating in a stable region, the controller generates the necessary braking torque so
that the system slip response tracks the desired slip response. As the frictional effects
are much smaller on ice than on other surfaces, the braking torque that can be applied
to maintain the slip at 0.15 is smaller. Therefore, the vehicle takes much longer to slow

down.

An observation which can be made about all of the responses is that the system does
not exhibit the limit cycle behaviour for which many other anti-skid brake systems are
designed. As indicated in {122], the likely effects of using a system which is not designed

to exhibit this behaviour is unknown and would require further investigation.

The slight deviation of the slip responses away from the desired response in the latter
stages of the ABS operation can be attributed to the fact that at low speeds the estimated
value of slip becomes less accurate and very semsitive [122]. As a consequence, the
slip becomes difficult to control and therefore the simulations are stopped when the
vehicle had slowed to 10 km/h. As explained in {53], anti-skid brake systems are often
disabled below a threshold speed because of the chance of unwanted braking action being
initiated when the noise (and limit cycle) amplitude is large relative to the vehicle speed.

Therefore, disabling the ABS at low speeds is a common practice in commercial systems.

The above responses show that performance of the neural network based anti-skid brake
system is very good for the surfaces considered. An additional indication of the effective-
ness of the approach can be obtained by comparing the stopping distance for the NN-ABS
with the stopping distance obtained from a locked-wheel stop. The stopping distance of
a vehicle is defined as the reaction distance plus the braking distance, where the reaction
distance is the distance travelled by a vehicle while a driver recognises the need to use
the brakes and actually starts to physically apply the brakes, and the braking distance is
the distance travelled by the vehicle once the brakes have been applied until the vehicle
stops. For an alert driver, the reaction distance is on average 12.5 m (3/4 second) at 60
km/h and it increases to 21 m at 100 km/h. The reaction distance is independent of the
type of braking action employed and therefore in the following analysis only the braking

distances are considered.
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The braking distances for the NN-ABS and wheel-lock stop for a vehicleinitially travelling
at 60 km/h and 100 km/h are provided in Tables 5.2 and 5.3, respectively. These two

initial speeds are chosen as they correspond to the two most common speed limits in

Australia.
road surface ABS lock-up Ajgck 7
dry asphalt 14.24 17.60 -19.1
wet asphalt 15.94 18.33 -13.0
loose gravel 34.20 30.06 +11.2
ice 91.83 134.67 -31.8

Table 5.2: Braking distances (metres) for the neural network anti-skid brake system

versus a locked-wheel stop for an initial vehicle speed of 60 km/h

road surface ABS lock-up Arock 70
dry asphalt 39.44 48.74 -19.1
wet asphalt 44.20 50.76 -13.0
loose gravel 94.49 83.06 +13.8
ice 226.60 357.53 -36.6

Table 5.3: Braking distances (metres) for the neural network anti-skid brake system
versus a locked-wheel stop for an initial vehicle speed of 100 km/h

As can be seen from these results the braking distances are reduced appreciably when
the anti-skid brake system is employed in all of the cases except for the loose gravel road
surface. This is reflected in the values for the percentage decrease in stopping distance
for the NN-ABS in comparison with the results for a locked-wheel stop (A}, ) Both the
loose gravel road surface and the icy road surface are somewhat unique and these results
are analysed in detail below. Notice, however, that the percentage decrease for the wet
asphalt surface is significantly smaller than the dry asphalt. This can be attributed to
the fact that for a slip of A = 0.15, the adhesion coeflicient for a wet asphalt road surface
( = 0.882) is similar to its adhesion coefficient for a slip of A = 1.0 (¢ = 0.768). The
corresponding values for a dry asphalt road surface are g = 0.99 and g = 0.8. Therefore,
the magnitude of the frictional force F; does not change as significantly on a wet asphalt
surface as it does on a dry asphalt road surface when the slip is changed from A = 0.15

to A = 1.0. Consequently, the corresponding stopping distances also reflect this result.

As explained earlier, a minimum stopping distance is achieved for a loose gravel surface
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when a locked-wheel stop is employed. Therefore the results obtained for this case are as
expected. However, in the simplified model considered in this study, it is assumed that
the frictional effects of the road surface are the same on all of the wheels. The situation
on loose gravel is more complex than this. If the braking system is such that front wheel
braking occurs, then the above assumption is valid. The alternative scenario is that the
braking system results in rear wheel braking when the front wheels are locked. This
occurs with rear wheel ABS. In this situation, the gravel bunches up in front of the front
wheels and thus the rear wheels, which track the path of the front wheels, operate on a
vastly different road surface [67]. Therefore the design of a commercial anti-skid brake

system for gravel surfaces would need to account for these two situations.

Another expected result is that the braking distance for an icy surface is significantly
greater than the other road surfaces. However, even for this worst case scenario, the
braking distance for the NN-ABS is reduced appreciably in comparison with the results
for a locked-wheel stop. In fact the magnitude of Ay, is greatest for an icy road surface.
This can be attributed to the small frictional force and torque components of the system
dynamics for icy road surfaces. Therefore the relative effect of the increase in braking

friction coefficient achieved by the ABS (u(A = 1.0) — p(A = 0.15)) is more significant.

An observation which can be made by comparing the results for the initial vehicle speed
of V,(0) = 60 km/h and the initial vehicle speed of V,(0) = 100 km/h is that the braking
distance approximately varies with V2(0). As explained earlier, the deceleration of the
vehicle is virtually constant and therefore the equation of motion V2(t) = V;2(0) + 2as

can be approximately applied.

As a means of comparison, the braking distance results of the fuzzy model reference
learning control (FMRLC) ABS approach presented by Layne et al. [122] for dry asphalt,
wet asphalt and icy road surfaces and the loose gravel braking distance results of Satoh
and Shiraishi [209] are considered. Due to the differences in the g — A characteristics
and/or the system parameters of the approaches, the absolute values of braking distances
cannot be directly compared. However, they are still provided to give an indication of
the order of the braking distances involved. Instead, the percentage change in braking

distance of the the ABS approaches with respect to a locked-wheel stop (A}, k) for the
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particular system dynamics is used to compare the approaches. For comparison with the

results of [122], a desired slip of A = 0.2 is chosen and an initial vehicle speed of 56 mph

is considered. The braking distance results are provided in Table 5.4.

FMRLC NN
road surface || ABS | lock-up | Ay . % || ABS | lock-up | Ajyce %
dry asphalt || 32.72 38.42 -14.8 31.32 | 39.11 -19.7
wet asphalt || 35.30 | 39.86 -11.5 34.84 | 40.78 -14.6
ice 151.07 | 247.26 -38.9 167.44 | 290.37 -42.3

Table 5.4: Comparison of the braking distances (metres) for the fuzzy logic ABS approach
of Layne et al. and the proposed neural network anti-skid brake

The results demonstrate that the NN-ABS approach produces a larger decrease in braking
distances than the fuzzy logic approach presented in [122] for the three road surfaces
considered. The differences in the braking distances between the two approaches for a
locked-wheel stop can be attributed to differences in the p — A characteristics. This effect
is more pronounced for an icy road surface because the relative influence braking friction

has on the system is greater for icy surfaces.

The results provided in [209] are for a vehicle equipped with an anti-skid brake system
operating on a gravel road with a desired slip of A = 0.1 and an initial speed of 75 km/h.
The braking distance results for the two ABS schemes considered in [209](H-ALB and
[-ALB) and the NN-ABS approach are provided in Table 5.5.

ABS lock-up Atoek 70
I-ALB 50.3 37.3 +34.9
H-ALB 43.6 37.3 +16.9
NN-ABS 53.3 46.9 +13.8

Table 5.5: Comparison of the braking distances (metres) for the ABS approaches of Satoh
and Shiraishi and the proposed neural network anti-skid brake for a gravel road surface

Whilst the absolute braking distances for a wheel-lock stop and an ABS stop are greater
using the neural network approach than corresponding values obtained using the ap-
proaches presented in [209], the values for the percentage change in braking distance
indicate that the NN-ABS produces favourable results in comparison to the other ap-
proaches. As mentioned earlier, a locked-wheel stop produces the optimum braking

performance on a gravel road surface. Therefore an ABS approach which regulates the
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slip to a value other than A = 1.0 will produce a greater braking distance than the
locked-wheel stop. This is the case for the approaches considered in the above analysis.
The results of [209] are obtained from tests conducted on an actual vehicle travelling on
a gravel road. However, the simulation results for the NN-ABS approach are obtained
from a simplified model of the vehicle system dynamics and an approximation of the
adhesion characteristic of the gravel road surface. Therefore the differences in absolute
values in stopping distances between the approaches presented in [209] and the NN-ABS
approach proposed here can most likely be attributed to differences in the adhesion coef-
ficient levels and the approximations made in the system model. However, the simulation
results still indicate that the NN-ABS approach offers much promise for the braking of

vehicles on gravel surfaces.

Effects of a Road Gradient

The next simulation test investigates the effects of an inclination in the road surface on
the performance of the NN-ABS. Road gradients of § = 15° and 6 = —15° are considered.
These values correspond to very steep roads. The braking distance for these two gradients
on the four road surfaces previously considered are given in Tables 5.6 and 5.7. An initial

vehicle speed of 60 km/h is considered.

road surface ABS lock-up Aok 7o Ag=go
dry asphalt 11.61 13.66 -15.0 -18.5
wet asphalt 12.67 14.09 -10.0 -20.5
loose gravel 21.47 19.83 +8.3 -37.2

ice 34.64 39.33 -11.9 -62.3

Table 5.6: Braking distances (metres) for the neural network anti-skid brake system
versus a locked-wheel stop for an initial vehicle speed of 60 km/h and a road inclination

of 6 = +15°

Firstly considering the case of a positive road gradient, the results show that the braking
distance has been reduced considerably in comparison with the corresponding results for
a level road (Table 5.2). Intuitively, this result is as expected. This is because when
a positive gradient is present, the force Fy(kh) = M,gsin(f(kh)) acts in the opposite

direction to the motion of the car, thus helping to slow the vehicle down. This is despite
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road surface ABS lock-up Aok 7 Ag—go

dry asphalt 20.19 27.34 -26.2 +41.7

wet asphalt 23.66 29.08 -18.6 +48.4

loose gravel 100.62 72.31 +39.1 +194.2
ice unable to stop the car

Table 5.7: Braking distances (metres) for the neural network anti-skid brake system

versus a locked-wheel stop for an initial vehicle speed of 60 km/h and a road inclination
of § = —15°

the fact that the tyre friction force Fi(kh) = i(A(kh))N,(6(kh)) is reduced slightly for
a gradient of 6 = 15° (for § = 0°: N, = 3355 N, Fy = 0 N whereas for § = 15°:
N, = 3241 N, Fy = 3473 N).

By examining the equations of motion provided earlier, it can be seen that the force due
to the gradient F} is constant for a given road incline and is independent of the adhesion
properties of the road surface. For an adhesive road surface such as asphalt, the frictional
forces are of a similar magnitude to the force Fy, whereas for less adhesive surfaces such
as gravel and, in particular, ice, the frictional forces are comparatively much smaller.
Therefore the force produced by the gradient in the road has a more significant effect on
vehicle braking for gravel and icy road surfaces. This is reflected in the results provided
in Table 5.6, where the percentage decrease in braking distance of the NN-ABS for a road
with a gradient of § = 15° compared with the corresponding results for a level surface

(Atheta=00 ) increases as the frictional effects of the road surface decreases.

For the case of § = —15°, the values of Ay—o- indicate that the braking distances are
increased significantly compared with the corresponding results for a level surface. The
reason for the increased braking distances is that for a negative incline the force Fy acts
in the direction of the motion of the vehicle. Therefore, the force partially counteracts
the frictional forces working to slow the vehicle down, thus resulting in a longer stopping
distance. For the case of an icy road surface, the force Fj is sufficiently large compared
with the frictional forces, so that the ABS is unable to stop the vehicle. This can be

confirmed by considering the equation of motion for the vehicle:

B n
v v kh _ w
a, e = 3R

Fy
M,R,

wo((k+ 1)) = (1 — hF,(kR) — h (5.25)

212



For § = —15°, the tyre friction force is Fy = ]"{"J’gcos(O)p()\) = 3240.74(A) N and the

n

force due to the incline is Fy = M, gsin(0) = 3473.4 N. Therefore the vehicle equation of

motion becomes
wy(1073(k + 1)) =~ w,(1073k) — 0.0287u(\) + 0.007694 (5.26)

where the sampling period is & = 1 ms. For an initial slip of A = 0.5, the adhesion
coefficient for an icy surface is ¢ = 0.172, which results in the following equation of

motion

wy(1073(k + 1)) = w,(107%k) + 0.00277 (5.27)

Therefore the vehicle speed increases linearly. In fact, it can be shown that if the road
gradient is steeper than 6 > arctan(u) then the vehicle is unable to be stopped. Therefore
for an icy surface and an initial adhesion coefficient of = 0.172 (A = 0.5), the critical

road incline is 8 = —9.75°.

Variation in Road Surface

It was earlier stated that one of the principle benefits for using neural networks in an
anti-skid brake system is their ability to adapt to changes in the environmental conditions
without a significant degradation in performance. Therefore in the final set of simulations
the ability of the neural network based anti-skid brake system to deal with transitions
in the road conditions is investigated. In particular, four road surface transitions which

commonly occur under Australian conditions are investigated.

The first simulation study involves the situation where the brakes are applied on a dry
asphalt road and during the braking the vehicle moves on to a gravel road surface. The
second case involves the situation where the vehicle is initially on wet asphalt and it then
moves onto a wet gravel road surface. To take into account the effects of water on the
braking friction coefficient of a dry loose gravel road surface, the following equation is

used:

)u'wet asphalt (A)
t grave = ry grave A 5.28
ﬂwe ¢ I(A) ”dry asphalt (A) ﬂd £ l( ) ( )

This equation assumes that the frictional effects of water over all road surfaces is constant

for a given level of wheel slip. Harned et al. [67] provide a u — A characteristic for river
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bottom gravel. This sort of gravel appears to consist of smooth stones which are well
set in the road (river bottom) surface. Therefore, this road surface exhibits significantly
different adhesion behaviour from the expected behaviour of a water-covered loose gravel
road surface. In particular, the frictional effects of river bottom gravel do not increase
with wheel slip as is the case for dry loose gravel. Intuitively, one would not expect that
a film of water on a gravel surface would prevent the gravel from bunching up in front
of the tyre. Hence, river bottom gravel is not considered in the simulation study and

instead the approximation described above is assumed to be more appropriate.

The third simulation scenario involves the transition from wet asphalt to an icy road
surface and the final scenario is the reverse of this situation. The responses for the vehicle
and wheel speed, wheel slip and braking torque for these four scenarios are provided in
Figures 5.5a, 5.5b, 5.5¢ and 5.5d, respectively. In all of the results, the initial vehicle

speed is 60 km/h, the initial level of slip is A = 0.5 and level road surfaces are considered.

The results for the first three road transition simulations demonstrate that the NN-ABS
approach is capable of dealing with the relatively drastic changes in road conditions en-
countered in these scenarios with minimal effect on its ability to produce the desired slip
response. In fact apart from a short oscillation (< 0.1 s) which occurs when the transi-
tion takes place, the slip closely tracks the desired response. In particular, the NN-ABS
performs very well for the most drastic road transition (wet asphalt-ice) as well as the
most common of these transitions in Australia (dry asphalt - loose gravel). The braking
torque results for the first three simulations are comprised of two distinct regions. The
first region consists of a braking torque of a relatively large magnitude, while after the
transition occurs, the braking torque is much smaller. This can be explained by the fact
that in these road transition scenarios, the vehicle moves from a surface with a relatively
large coefficient of braking friction to a surface which does not offer much frictional re-
sistance. Therefore, initially a large braking torque is allowed without lock-up occurring,
but once the transition takes place, the braking torque must fall in order to maintain the
desired level of slip on the reduced friction surfaces. This is further emphasised by the
fact that both the vehicle and wheel deceleration reduces once the transition occurs, i.e.,
N, and T, reduce in magnitude once the transition occurs. Therefore, the the torque T}

required to maintain the same slip is smaller and consequently the vehicle deceleration
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decreases in magnitude. A point worth noting about the results for the wet asphalt-ice
transition is that, unlike the situation where only an icy road surface is present (Fig-
ure 5.4d), the braking torque is not set to zero for a substantial period of time once an
icy surface is encountered. This is because when the transition to an icy surface occurs,
the slip is already at a sufficiently low level so that a braking torque can be applied with-
out fear of the wheels locking-up immediately. However as explained above, the braking

torque is of a lesser magnitude than its value for the wet asphalt surface.

In the final scenario considered, the brakes are initially applied on an icy road surface,
which provides little frictional resistance to the vehicle, before it moves onto the more
adhesive wet asphalt road. The results provided in Figure 5.5d demonstrate that, as
with the case of an icy surface alone, the NN-ABS initially does not provide any braking
torque. Once the slip drops to a level which would not result in an immediate wheel-lock,
braking torque of a small magnitude is applied to achieve and maintain a wheel slip of
XA = 0.15. After the road surface transition occurs, the braking torque increases greatly,
as do the frictional force F; and torque T; which results in a sharp increase in magnitude
of the vehicle and wheel deceleration. Consequently the vehicle is rapidly brought to a

stop.

As with the results for single road surfaces, the NN-ABS approach does not display the
limit cycle behaviour for which other ABS are designed. However, the slip response still
deviates slightly from the desired response in the latter stages of braking. As indicated

earlier, this is as a result of the slip estimation scheme.

road transitions ABS lock-up Algck 7
dry asphalt - loose gravel 19.90 22.39 -11.1
wet asphalt - wet gravel 23.49 23.57 -3.4

wet asphalt - ice 41.92 66.35 -36.8

ice - wet asphalt 46.28 51.42 -10.0

Table 5.8: Braking distances (metres) for the neural network anti-skid brake system
versus a locked-wheel stop for transitions in the road surface with an initial vehicle speed

of 60 km/h

Finally, the braking distances for the NN-ABS scheme and a locked-wheel stop for the

road surface transitions considered above are provided in Table 5.8. For all of the road
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surface transitions considered, the neural network anti-skid brake system produces a
significant reduction in braking distance compared with a wheel-lock stop. Hence, these
results further emphasise the effectiveness of the proposed approach in dealing with
drastic, but commonly occurring, environmental changes whilst still achieving the desired

slip performance.

5.5 Conclusions

In this chapter, the proposed neural network adaptive control scheme is applied to the
practical problem of an automotive anti-skid brake system. The principle objective of
the proposed NN-ABS is to maximise the tyre traction during a braking operation by

regulating the vehicle-brake dynamics to a suitable level of slip for any given road surface.

The anti-skid brake system is chosen to demonstrate the practical feasibility of the neural
adaptive control scheme as it is a challenging control problem due to the highly nonlin-
ear vehicle-brake dynamics. Furthermore, the dynamics vary significantly with changes
in the environmental conditions, in particular the type of road surface. Therefore an
anti-skid brake system must be robust to dynamic uncertainties and variations. In the
previous chapter, the ability of the proposed neural adaptive control scheme to deal with
such disturbances is demonstrated for arbitrary nonlinear systems. Hence, the anti-skid
brake system considered in this chapter provides an opportunity to verify the effectiveness

of the neural control scheme for a practical problem.

The simulation study undertaken involves firstly deriving a mathematical model for the
vehicle-brake system. The dynamic model is derived from Newton’s laws by considering
the rotational torques applied to the wheel and the total forces applied to the vehicle
during braking. The dynamics are shown to be strongly influenced by the frictional
effects of the road surface present. These effects are incorporated into the model by way
of a nonlinear relationship known as the g — A characteristic which relates the braking
friction coefficient (1) to the wheel slip (A) for any given surface. The u—A characteristics
are shown to be unique for a particular road surface. The NN-ABS regulates the vehicle-

brake system to a level of wheel slip which produces approximately maximum braking
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friction for most road surfaces. The vehicle dynamics are then discretised so that they
could be incorporated into the neural network adaptive control framework provided in

the previous chapter.

Several existing anti-skid brake system approaches are studied in detail. One of the
main results from this analysis is that many of the current ABS schemes are based on
iterative laboratory/field tests and are therefore not adaptive to dynamic variations.
Several of the problems associated with the commercial implementation of such schemes
are also highlighted and discussed. In particular, the problems associated with obtaining
an accurate vehicle speed measurement during braking are explained. Several of the

methods used to overcome this problem are also presented.

The neural network based anti-skid brake system is then presented. In this approach,
the controller neural network is designed to produce the braking torque required to
ensure that the vehicle-brake system produced a wheel slip which tracked the desired
slip response characterised by a reference model. A second neural network is used to
produce the system Jacobian which is in turn used to modify the controller weights
appropriately. The scheme is shown to be effective in regulating the system to the
desired slip for four different road surfaces. It is also shown to result in a significant
reduction in the stopping distance of the vehicle compared with a locked-wheel stop for
all of the road surfaces except loose gravel. However, it is demonstrated that for any
brake system, the minimum stopping distance on loose gravel is achieved by locking the
wheels. Comparison with other ABS approaches further demonstrates the promising
performance of the NN-ABS scheme. The scheme is also demonstrated to be capable of
effectively dealing with gradients in the road, except for the case of a very steep negative
gradient on an icy road surface. However, this scenario is shown to be impossible to
control for any anti-skid brake system. Finally, the ability of the NN-ABS approach to
deal with transitions in road surfaces is also demonstrated. Such transitions result in
a change of the frictional forces applied to the vehicle and thus produce variations in
the dynamics of the vehicle-brake system. The adaptive nature of the NN-ABS means
that such changes are able to be effectively dealt with. Hence the the simulation study
undertaken shows that the neural network based anti-skid brake system is able to produce

effective braking responses for the vehicle even when it is subject to severe environmental
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conditions.

The obvious extension of the research reported in this chapter would be to test the
NN-ABS approach on either a specifically equipped brake test cell or a test vehicle.
This would involve issues such as the modelling of actuator dynamics, as well as the
dynamics associated with the suspension and steering mechanisms, implementation of
the algorithm on a microprocessor, the effects of sensor noise and other disturbances,
the choice of sampling rates, etc., being considered. Furthermore, a means of accurately
estimating the vehicle speed would also need to be implemented. Several suggestions on

how to achieve this are provided in the chapter.

A modification to the NN-ABS scheme would be required to deal with the common
practical situation of a split-u surface. This is because in the simulation study conducted
in this chapter, it is assumed that the frictional effects of the road surface are the same
for all four wheels. However, this is not the case when the vehicle is travelling on a
split-p surface. In this situation some of the wheels are on a road surface with a low
adlhesion coefficient, while the remaining wheels are on a road surface with a higher
adhesion coefficient. Such surfaces result in a yawing moment which makes the vehicle
more difficult to control. Furthermore, with a split-u surface, the wheels on the less
adhesive surface would lock-up before the other wheels. This would require the anti-skid
brake system to either independently control each wheel or control a set of wheels (e.g.
a separate ABS for the left wheels and right wheels). However, as the NN-ABS system
considered in this chapter provides an equal braking response to all four wheels, some

modification of the scheme would be required.

Finally, it is shown by the results for a loose gravel road surface that a wheel slip which
produces a minimum stopping distance for one surface does not necessarily produce the
best results for another surface. Therefore, another practical issue which would need to be
considered would be the development of a scheme which could determine the type of road
surface present and then evaluate a value of slip to produce maximum braking friction
for that surface. This would help to produce an optimum ABS response for all road
surfaces. However, the results provided in this chapter indicate that the neural network

based anti-skid brake system offers much promise and also demonstrates the practical
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feasibility of the neural network adaptive control scheme proposed in this thesis.
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Chapter 6

Conclusions and Recommendations

6.1 Conclusions

The motivation for the research described in this thesis is the potential for neural net-
work based adaptive control schemes to provide a unified approach to the control of
a general class of nonlinear system. As explained in the review of existing linear and
nonlinear control methodologies provided in Chapter 1, most of the conventional control
approaches are restricted by the type of system that they can handle. Neural networks
have demonstrated an ability to approximate continuous nonlinear functions to any de-
gree of accuracy. Furthermore, neural networks are inherently adaptive and have an
ability to learn. These factors make them ideal for the control of general nonlinear
systems in which there are uncertainties regarding the system dynamics and its environ-
ment. However, as explained in this thesis and in other literature, the analytical study of
neural adaptive control schemes is still a difficult problem and important control system
concepts such as stability and convergence remain difficult to prove for all situations.
Despite the significant progress made towards these issues in this thesis, the develop-
ment of theoretical results for neural network control architectures remains an open and

vibrant area of research.

In most of the neural network based control procedures presented in the literature, the

neural network is generally used to model some part or all of the system dynamics.
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This application exploits the principle advantage of neural networks, i.e., their ability to
perform functional approximation roles. Several neural network architectures have been
proposed for modelling dynamic systems, including modified versions of static networks
such as the multilayer perceptron, and dynamic networks such as recurrent neural net-
works. The neural adaptive control approach proposed in this thesis also uses neural
networks to emulate the nonlinear system dynamics as well as to synthesise the control.
Therefore, in Chapter 2 a review of some of the most commonly used neural networks for
modelling dynamic systems is provided. In particular, attention is paid to the time delay
neural network. This network is used in the proposed control scheme, mainly because of
its simplicity and its success in applications such as speech processing and the related

time-series prediction, as well as in identification and control.

A commonly occurring problem in control systems is the incorrect parameterisation of the
system model. In the context of time delay neural networks, this relates to an incorrect
choice of the number of delayed values of control and output terms. Whilst in the
proposed neural adaptive control scheme it is assumed that correct a priori knowledge of
the required model parameterisation is available, it is shown in Chapter 2 that techniques
exist which can provide information on the validity of a particular model. Therefore, even

this knowledge is not crucial to the success of the scheme.

As has been mentioned repeatedly in this thesis, the area of neural control (or neuro-
control or connectionist-control) has been extremely active over recent years. As with
the field of adaptive control during its formative years, the advances in neural control
schemes have been in many directions. By far the most popular approach amongst the
control community is neural adaptive control, where neural networks are combined with a
traditional control framework. Several neural adaptive control approaches are examined
in Chapter 2, not only to provide a survey of this area, but also to highlight some of the
advantages and limitations of the existing approaches. Furthermore, this provides the

opportunity to compare and contrast the proposed approach with some existing schemes.

A basic neural network based model reference adaptive control scheme is considered in
Chapter 3. Model reference adaptive control is chosen as a framework for the approach

for a number of reasons. Firstly, it is a control scheme which is very amenable to being
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implemented in a neural network based scheme. This is because it generates the desired
closed-loop response for the system which can then be used by a supervised learning
scheme. Secondly, it enables the desired closed-loop dynamics of the system to be in-
corporated into a structured and easily analysable form. This, in turn, provides the
system designer with a means of easily changing the desired dynamics to meet different
performance specifications. The approach presented in Chapter 3 combines two existing
neural control approaches, namely forward modelling and model reference neural adap-
tive control. The approach is demonstrated to require very little information about the
system in order to provide effective control. It is shown to provide a unified approach to
controlling a general class of discrete-time nonlinear system, including those previously
found by others to be the least analytically tractable and thus difficult to control. In par-
ticular, the approach can deal with nonlinear systems which are non-affine in control and
where the control is heavily embedded within the nonlinearities of the system dynamics.
This is in contrast to existing geometric control schemes for nonlinear system and many
other neural adaptive control schemes. The approach utilises two neural networks; one
to emulate the plant dynamics and the other to synthesise the control. It is further
shown that the neural network which emulates the plant is only required to provide an
approximation of the plant Jacobian, which is then used to update the weights of the
controller neural network. Several alternative methods of obtaining an approximation of

the Jacobian are discussed, but each one is shown to be deficient in some way.

The scheme is shown to be able to be implemented in both an off-line form and an on-
line (truly adaptive) form. The issues associated with these two forms of the scheme are
discussed. Simulation examples are used to highlight the effectiveness of the approach
for a wide range of nonlinear systems, including a multi-input multi-output plant and a
marginally stable plant. The effective performance of the approach in the presence of load
disturbances, sensor noise and dynamic plant noise is also demonstrated. However, as
stated in Chapter 3, the approach has two major shortcomings. Firstly, the scheme does
not include any theoretical guarantees for the convergence of the tracking error. This
represents a fundamental deficiency with the basic approach, because for model reference
adaptive control schemes the principle aim is to ensure that the tracking error converges

to a neighbourhood of zero. A second critical property of model reference control schemes,
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and for that fact, any control scheme, is the stability of the overall system. This issue is
also not addressed in the scheme presented in Chapter 3. Therefore, despite the success
of the scheme in simulation studies, it is concluded that these issues would need to
be addressed in order for the proposed neural network based model reference adaptive

control scheme to be practically feasible.

The main theoretical results of this thesis are provided in Chapter 4. Most importantly,
theorems which address the convergence of the tracking error and the stability of the
closed-loop system are provided. The proofs for these theorems are also presented in this
chapter. In order to derive these theorems, it is first necessary to make an enhancement
of the existing model reference neural adaptive control scheme. This enhancement pri-
marily involves the introduction of an enhanced reference model which provides a desired
response for the controlled plant. The enhanced reference model has a form which allows
sufficient limit conditions to be derived which guarantees the convergence of the tracking
error between the output of the original reference model and the output of the controlled
plant. An iterative search routine is also incorporated into the scheme to generate a con-
trol which meets the limit condition. The proposed enhancement has its origins in the
fields of optimal control, in particular an approach known as the optimal decision strat-
egy, and on-line optimisation schemes. The enhancement also gives rise to results which
guarantee the stability of the closed-loop system. A modified weight update equation is

also derived so that the controller neural network weights are updated appropriately.

The effectiveness of the new neural adaptive control scheme is demonstrated through
simulation studies. Comparison of the results with the scheme presented in Chapter 3
demonstrates that significant improvefnents in the tracking performance are achieved
with the new scheme for stable, minimum phase nonlinear systems in a noise-free envi-
ronment. However, in practice such an ideal environment is rarely encountered. Firstly,
all practical systems are subject to disturbances of some form. Typically these can in-
clude noise induced in the measuring devices, noise resulting from internal components,
noise due to unmodelled high frequency dynamics, changes in the load conditions on
the system, or environmental disturbances such as turbulence, waves, gusts of wind,
etc. Furthermore, many practical systems are also subject to time-varying parameters

or dynamics which may arise because of factors such as aging components, component
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failure or changing environmental conditions. The robustness of a control scheme to such
disturbances and variations is an important factor in determining its practical feasibility.
Therefore, simulation studies are conducted to demonstrate the ability of the proposed
scheme to effectively deal with disturbances of various forms (DC load disturbance, white
sensor noise and coloured plant noise) as well as variations in the plant dynamics. Sec-
ondly, marginally stable systems and nonminimum phase systems commonly occur in
practice. Both of these types of systems cause problems for many existing control ap-
proaches. Some classic examples of marginally stable nonlinear systems are ships and
homing missiles. These systems are unable to be controlled via approaches which re-
quire the open-loop identification of the system dynamics. Some common examples of
nonminimum phase nonlinear systems are the tactical missile and many discretised in-
dustrial processes. These systems are unable to be controlled via methods which employ
an inversion of the plant dynamics, such as feedback linearisation. Thus the ability of
any control scheme to effectively deal with these types of non-ideal, but common, sys-
tems augers well for its practical feasibility. Therefore, simulation studies are presented
in Chapter 4 to demonstrate the effectiveness of the proposed neural a(iaptive control
scheme in controlling a marginally stable nonlinear system and a nonminimum phase

nonlinear system.

Finally in Chapter 5 a simulation study based on the “real world” problem of an au-
tomobile anti-skid brake system is undertaken to further demonstrate the practical fea-
sibility of the proposed approach. The anti-skid brake system is a challenging control
problem because of the highly nonlinear vehicle-brake dynarhics which vary significantly
with changes in the environmental conditions, particularly the road surface conditions.
Therefore an anti-skid brake system must be able to adapt to dynamic variations. Most
of the existing anti-skid brake systems are based on experimentally derived look-up table
approaches and are therefore not adaptive to the variations which commonly occur in
vehicle systems. The results presented in the previous chapters of this thesis suggest that
proposed neural network control is ideal for this problem. The aim of the neural network
based anti-skid brake system proposed in Chapter 5 is to regulate the wheel slip to a
level which provides near-maximum tyre traction on most road surfaces. However, as

the measurable system parameters in most anti-skid brake systems are the wheel speed
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and vehicle speed (or acceleration) an estimation scheme is typically employed to obtain
a value of slip. Therefore, in the proposed scheme the neural network emulator models
both the vehicle-brake dynamics and the slip estimation scheme. This is necessary so
that the Jacobian of the controlled variable (slip) with respect to the control variable
(braking torque) can be obtained. The Jacobian is then used to modify the weights of
the neural network controller so that the braking torque necessary to achieve the desired
slip is provided. The neural network based anti-skid brake system is demonstrated to
provide effective braking performance on four different road surfaces and for the case
where a transition in the road surface occurs. Although the system is not implemented
in practice, a number issues related to the practical implementation of the scheme are
also discussed. These include modelling of actuator dynamics, schemes to accurately

measure the vehicle speed and the computational requirements of the proposed scheme.

In summary, this thesis describes the development of a neural network based model
reference adaptive control scheme for discrete-time non-affine nonlinear systems. The
original contribution of the research is outlined in the body of the thesis. However, the

broader aims of the work that have been achieved are:

e A detailed and objective review of nonlinear control systems with a view to under-

standing the merits and limitations of the existing approaches.

e A thorough review of the issues associated with the use of artificial neural networks

for the modelling and control of nonlinear systems.

e The development of a neural network based model reference adaptive control scheme
for which several conventional control system properties and concepts, such as sta-
bility of the closed-loop system, convergence of the tracking error, and robustness

to disturbances, and dynamic variations are addressed.

e The investigation, via extensive simulation studies, of the effectiveness of the
proposed approach on systems subject to common practical problems such as
marginally stable or nonminimum phase behaviour and disturbances of various

forms.
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e The application of the approach to a practical problem such as the anti-skid brake

system.

The work pertaining to the application of the proposed approach to marginally stable
systems is published in reference [140]. The application of the approach to nonminimum
phase nonlinear systems is published in reference [141]. The research pertaining to the
convergence and stability results and the practical treatment of the robustness of the
system to disturbances and plant variations is reported in reference [143]). The work
on the application of the method to an anti-skid brake system is reported in references
(142, 145]. Finally, research related to stability and convergence issues of the proposed

neural adaptive control scheme and its application to defence systems is reported in [144].

6.2 Recommendations for Future Work

The research presented in this thesis and in the above publications has demonstrated
that neural network based model reference adaptive control is potentially an extremely
viable and effective practical approach to the control of nonlinear systems. However,
this conclusion is based on theoretical analyses and simulation studies only. In view of
the development of a practical neural adaptive controller, there are some theoretical and

practical areas in which further research is suggested.

1. The results for the stability of the overall system and convergence of the track-
ing error which are provided in Chapter 4 are based on sufficient limit conditions.
Therefore, a natural extension of this work is the derivation of necessary and suf-
ficient conditions for the convergence of the tracking error. However, because of
the nonlinear nature of the neural networks used, this is an extremely challeng-
ing task. A possible line of investigation would be to incorporate global stability
and convergence considerations into the development of a learning algorithm for the
neural network structure chosen. Research along these lines has been undertaken in
[186, 234, 235] for feedback/input-output linearisation approaches for continuous-

time affine (in control) nonlinear systems.
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2. It is well known that for nonlinear control systems certain conditions must be sat-
isfied by the system in order to ensure the existence of a solution to the control
problem [90, 173, 218]. These conditions are often quite involved and hard to verify.
Therefore, several assumptions are made without full justification to ensure that a
solution to the problem exists without the need to verify the existence conditions
and to assist in the development of the new theoretical results. The most critical of
these assumptions are those regarding the controllability and observability of the
system. As pointed out in [166], there is no simple way of checking the validity
of these assumptions in the nonlinear control context given the present state of
nonlinear control theory. Theoretical justifications for assumptions regarding the
controllability and stabilisation of neural network control systems are addressed in
[126] for state-space models. However, as stated in [126], this problem becomes
far more complex when only input-output data is available and the state of the
system is not accessible, as is the case in the work presented in this thesis. There-
fore, further research can be conducted into the extremely challenging problem of
developing theoretical results to justify the assumptions made in the scheme and
then gradually relaxing these assumptions. The results achieved in linear adaptive
control theory and for feedback linearisable systems may provide some guidance

for this issue.

3. In the work presented in this thesis only discrete-time systems are considered. This
is primarily because the backpropagation algorithm has traditionally been provided
in a discrete format. Recently, there has been some work on the application of
neural network techniques to the adaptive control of continuous-time nonlinear
systems [31, 186, 204]. There are a number of motivations for this work. Firstly,
the discretisation of physical continuous-time nonlinear systems often results in
highly complex discrete-time models [173] and may even introduce nonminimum
phase behaviour [6]. Secondly, the full potential of neural control schemes will
only be realised if they are implemented in hardware. Currently, the dominant
trend is towards analog hardware realisations of neural network architectures [147],
although recently a hybrid analog-digital approach has been tested [44]. Finally,

continuous-time learning rules have recently been developed. Therefore, a further
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area of research can be the continuous-time realisation of the proposed neural
network based model reference adaptive control. This would primarily entail a

re-working of the theoretical results in a continuous-time framework.

. The neural control scheme proposed in this thesis is shown, via simulation studies,
to be robust to variations in the dynamics of the system. However, theoretical
results to guarantee the robustness of neural adaptive control schemes still remain
elusive. As with stability and convergence results, much insight into robust ap-
proaches to neural adaptive control systems can be gained from existing results in
the “conventional” control literature. One approach which has shown promise is
the use of a sliding control scheme in conjunction with a neural control scheme
[204]. In this paper, a sliding mode controller takes over from the neural controller
whenever the state of the system moves outside the region on which the neural
network approximation is valid. The work presented in [204] is for continuous-time
systems. However, the design of sliding controllers for discrete-time systems is a
more difficult task than for the continuous-time case [215]. Therefore, the develop-
ment of discrete-time sliding control strategies for the proposed scheme would be
a fruitful and challenging area of research. The scheme proposed in this thesis is
also shown to provide effective control in the presence of various forms of distur-
bances. However, apart from the bias compensation scheme, explicit techniques to
minimise the effect of the disturbances on the system are not considered. The topic
of disturbance rejection in neural network based identification and control of non-
linear systems is discussed in [160]. In the approach, the identifier and controller
structures are modified to compensate for the effect of disturbances on the plant
output. The disturbances are assumed to be additive and are generated by an un-
forced dynamical system. Specific structures of nonlinear systems are considered.
Some simplifying (local linearisation) assumptions are provided to deal with Model
IV type nonlinear systems. As with the neural adaptive control scheme presented
in [169], an explicit control law is used. This control law is based on the structure
of the nonlinear system under consideration about which some partial knowledge
is assumed. Therefore, further work can be conducted on extending the work pro-

vided in [160] to more general nonlinear systems and disturbance models (including
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multiplicative noise) and applying the results to the proposed neural adaptive con-
trol scheme. Because of the generalised nature of the proposed scheme, this would

be a challenging task.

5. In order for any new and novel control scheme to gain acceptance amongst indus-
trial engineers, it must be tested and proven on actual “real world” systems. In
this thesis, a simulation study of the application of the neural adaptive control
scheme to anti-skid brake system is performed. Further work on the application
of the proposed scheme to an actual anti-skid brake system or any other practical
system is recommended. This would require a number of issues to be investigated.
In particular, the principle bottleneck in any neural control system is the speed
of learning in the neural networks. Slow learning can limit the usefulness of the
neural networks in control problems under a real-time environment. This problem
is further exacerbated by the iterative search routine conducted in the proposed
scheme. Therefore, methods of improving the speed of learning would need to be
investigated. A brief analysis of the computational requirements of the proposed
neural network based anti-skid brake system indicates the approach is feasible if
the system is implemented on a specialised DSP chip. More extensive analysis
would be required to determine the feasibility of implementing the scheme on ex-
isting hardware systems without suffering from the memory bandwidth bottle-neck
problem. In terms of the practical realisation of the scheme, hardware based neural
network systems which take advantage of the inherent parallelism found in neu-
ral network architectures offer the most promise for the future. Another potential
problem with the hardware implementation of the scheme is the need for large
amounts of memory to store the weights of the (generally) large networks required
for most control applications. Therefore, the memory requirements of the scheme
would also need to be considered carefully. These factors point towards the need for
customised VLSI hardware implementation of neural control schemes. This would

be an extremely challenging and potentially fruitful area of research [44].

In summary, the application of neural networks to the adaptive control of nonlinear (and

linear) systems is still a very open area of research, in both the theoretical and application
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domains. There are still a number theoretical issues which need to be addressed or
developed further. Significant insight into methods for addressing these issues can be
gained from the many theoretical results established in adaptive control theory in the
past two decades. The full potential of neural control schemes will only be realised
through hardware implementation. In particular, customised VLSI implementations offer
the most promise. This is also a burgeoning and potentially fruitful area of endeavour. It
is the author’s belief (and hope) that the area of neural adaptive control will continue to
be a profitable and stimulating area of research and eventually the widespread industrial

implementation of neural control schemes will come to fruition.
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Appendix A

Backpropagation Learning

Algorithm

The backpropagation learning algorithm was originally proposed by Werbos in 1974
[244] and then rediscovered by Parker (1985) {179] and Rumelhart et al. (1986) [200]
It arguably remains the most commonly used supervised learning algorithm. The back-
propagation algorithm is essentially an extension of the gradient descent algorithm to

the multilayer perceptron.

The backpropagation algorithm essentially provides a means of adapting the weights W;;

in a MLP to learn the training pair {r;,d;} in a minimum least squares sense.

Consider a network with M layers, m=1,..., M

y™ is the output of neuron ¢ in layer m,

y? is the ith input = z;,

W is the weight for the connection from the jth node in layer m — 1 to the ¢th in layer
m,

d; is the desired response of the ith output node and

N is the number of nodes in the output layer.

The cost function that is minimised is given by

1 N
E = 52(41'—3/?4)2

=1
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1 N
= L g W QoW g Wyye

k
(A.1)
The net input to node ¢ in layer m is given by
T =3 Wiy (A.2)
J
This results in an output
gt = g(h?") = g Wiyi™) (A3)

J

where g(.) is a sigmoidal activation function.

The gradient descent algorithm for adjusting the weights results in the following weight

update equation.

W2k +1) = WZ(k) + AW (k) (A.4)
where
OF
AW k) = =m0~ A.
The change in error criterion with respect to the weights is given by
OE  OE dyl OhT
owp — Oyr dhT OWE
0E 1
— / m m— A.
gy ? (Y3 (A.6)

where the iteration index k is neglected for simplicity sake and ¢’ denotes the derivative
of g. For the output layer, a W = Y d; Therefore the effective error for the output layer

is defined as

6 = g/ (h)[di — ]
= g Wiy} ldi — ] (A7)
7
For the M — 1 layer connections WJ-A,;I ~1 the chain rule must be employed to obtain the
term a_IBV}E— ie.

OF OE oyM!

W - ayM 18WM1
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= Y (di—y)g' (RMWH g (BY )yt 2

= MW

1

= 5;”'13/,10”_2 (A.8)

where 6;-" = g'(h?’[ -1 Z &M I/ijw . Therefore the effective error from layer M is propa-
gated backwards to layerlM — 1 to obtain its effective error which is used to update the

weights in that layer.
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