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Abstract

This thesis investigates how two neural network-based control techniques can be applied 
to a specific spacecraft control problem.

The neural networks used are simple backpropagation networks, consisting of one or 
more tansigmoidal neurons (neurons with tanh transfer functions) in a hidden layer, and a 
linear neuron in the output layer. The neural network control techniques investigated 
here are Direct Model Inversion and Indirect Model Inversion.

The spacecraft control problem is that of reducing the vibrations of a spacecraft payload. 
The source of the vibrations is a mass imbalance in one of the reaction wheels of the 
spacecraft. Four components are represented in the spacecraft model. These are rigid 
body inertia, solar array flexure, fuel slosh and payload vibration. A simple sinusoidal 
signal is used to model the disturbance torque produced by the reaction wheel mass 
imbalance. The complete model is broadly based on the Solar Heliospheric Observatory 
(SOHO) that is due for launch in 1995.

Each of the neural network control techniques used is shown to be successful in reducing 
the effects of the disturbance torques on the spacecraft payload. However, in each case, 
a simple positional feedback gain term provides more effective and reliable control.
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1 Introduction

In the last few years interest in the field of neural networks has increased considerably. 
Although the first work that was carried out in the field dates back to the early 1940’s 
[1], it is only recently that most neural network development work has occurred. This is 
due in part to certain breakthroughs that have recently occurred in the field, but also 
partly because of the considerable increase in computational power that has recently 
become available to researchers.

Neural networks consist of a collection of simple processing units referred to as neurons, 
which are generally arranged in layers. The neurons in one layer interact with those in 
the next layer by passing their outputs along weighted connections. The weights of each 
of the connections in the network can be updated during operation by using a particular 
algorithm that calculates appropriate weight changes in accordance with the performance 
of the network.

Knowledge outside the field of neural networks of the existence of neural network 
technology has also increased significantly in recent years. Many people are currently 
aware of the existence of neural networks but often the technology is not well 
understood. This is probably due to the fact that neural networks are based, albeit very 
loosely, on the biological function of the human brain. Not surprisingly, people often see 
current neural network applications as an attempt to imitate the function of the brain in 
some fashion. However, the reality is that most of the neural network applications that 
are currently in existence are no more than simple computational algorithms. Although 
these algorithms are based on a collection of individual units referred to as neurons, often 
no more than say 50 of such units are incorporated in any network. This is a far cry from 
the biological structure of the human brain where some 5 x l0 9 units known as neurons 
are believed to be in existence.

Another reason for likening the function of neural networks to the function of the human 
brain is that they can be used to "learn" how to perform tasks. However, the term 
"learn" really means no more than a neural network adapting itself according to a rigid 
computational algorithm, that calculates appropriate connection weight updates from 
some measure of the performance of the network.
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Despite the loose connection between current neural networks and the function of the 
human brain, a number of neural network applications have been shown to perform well 
on the sort of "fuzzy" problems which humans find easy to solve but for which traditional 
computational approaches have often been left floundering. A prime example of this is in 
the area of pattern recognition, where traditional computing techniques have often 
struggled, but where some simple neural network techniques have provided powerful 
solutions.

Similarly, there are a number of problems relating to current or future space missions 
that cannot be easily solved by conventional computational techniques, and that may be 
suited to the future application of neural network based techniques. These include, for 
example:

(i) On-board fault detection, monitoring and reconfiguration: A neural network 
could be used recognise the characteristic signature of the failure of a 
particular spacecraft component. This information could then be used by an 
on-board fault tolerant system or by ground staff to decide upon an 
appropriate operational strategy.

(ii) Rendezvous and docking problems: A neural network could possibly be 
used here as the basis of a guidance algorithm for use in rendezvous and 
docking of spacecraft to a future space station.

(iii) Remote landing site selection: Various space missions have been envisaged 
that would require a spacecraft to initially map a remote body and to then 
choose a suitable landing site autonomously. It is possible that the pattern 
recognition abilities of neural networks would be well suited to the task of 
assessing the suitability of such landing sites.

This simple discussion does not by any means represent an exhaustive analysis of the 
possible space applications of neural networks. The discussion is simply provided to 
give a flavour of possible future developments.

In this thesis, however, it is the control potential of neural networks that is investigated. 
The main basis for using neural networks for control purposes is that theoretical proofs 
exist [2-5] that show that certain types of neural network can approximate any 
reasonable function (linear or non-linear) to any desired level of accuracy. This then

2



gives the hope that a neural network could be trained to approximate the function that
maps plant outputs to desired control signal inputs for a plant.

The spacecraft control problem that is considered in the work presented here is based on 
work already published by other workers [6]. The problem considered is one of 
spacecraft payload vibrations induced by a reaction wheel mass imbalance. The 
dynamical model of the spacecraft that is used in this work is loosely based on the 
dynamics of the Solar Heliospheric Observatory (SOHO) spacecraft that is due for 
launch in 1995. The model incorporates four components: rigid body inertia, solar array 
flexure, liquid fuel slosh and payload vibration. The model is represented as a series of 
connected transfer functions using the Simulink control system simulation software that 
is available with the Madab mathematical analysis program.

Two neural network control methods are considered in this work. These are commonly 
referred to in the literature as Direct Model Inversion and Indirect Model Inversion. The 
neural networks that are required in each of these methods are constructed using the 
Neural Network Toolbox that is also available with the Matlab package.

In the discussion of the work that follows, the following layout has been adopted: In 
chapter 2, an introduction to the field of neural networks is given. This has been 
provided so that the work carried out in this thesis can be put into context by a reader 
with little or no experience of neural network technology. Chapter 3 discusses the two 
main methods that have been proposed for using neural networks for control purposes. 
Although a large number of neural network control methods have been suggested, each 
method is often just a slight variation on one of the two main methods discussed here. In 
chapter 4, a step by step discussion of how the spacecraft model that was used for the 
work in this thesis was constructed. In chapters 5 and 6, a discussion of the 
implementation of the two neural network control methods described in chapter 3 is 
given along with the results obtained using each of the methods. Finally in chapter 7, a 
summary of the results that were obtained is given along with some conclusions and 
some suggestions of areas in which further study might be considered.
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2 Introduction to Neural Networks

Over the last few years, the subject of neural networks has grown rapidly. However, it is 
still a relatively new technology, and the subject still remains in its infancy. The subject 
is unusual in that its areas of application span a broad spectrum of disciplines. For these 
reasons, no prior knowledge of neural networks is assumed here, and a concise 
introduction to the subject is presented in this chapter.

A neural network consists of a collection of simple units called neurons that are 
connected to each other in some particular way. The function of a neuron is to receive 
information, process it in some simple way, and then pass the resulting information on to 
the other neurons in the network to which it is connected, subject to the strengths of 
each of these connections. Although a single neuron is not capable of much by itself, a 
collection of them connected in a network can have powerful capabilities.

Neural networks can be implemented in hardware, for fast fault-tolerant operation. 
However, both development work and final implementation are often carried out using 
software simulations. There are many computer programs commercially available that 
can be used to run neural network simulations.

During the course of this work, the Neural Network Toolbox which is available with the 
Matlab mathematical analysis software was used. In the introduction that follows, the 
notation that is adopted is similar to that used in the Matlab Neural Net Toolbox [7].

2.1 Neural Network Architecture

The term "architecture" in neural network technology refers to the way in which the 
individual neurons in a network are connected together, how they pass information 
between each other, and the nature of the basic processing that they each carry out. The 
simplest neural network architecture is that of a single neuron.
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2.1.1 Model of a Single Neuron

A single neuron with multiple inputs can be modelled as shown in figure 2.1.

P(D-

P(2)
W(2)

W(R)
Bias,B

P(R)

Fig. 2 .1 :  M odel o f  a single neuron

In figure 2.1, the following nomenclature is used:

P(1), P(2)...P(R) are the R inputs to the neuron
W(1), W(2)...W(R) are the weights to be applied to each of the inputs to the neuron
B is a bias
X is a summer
F is some transfer function (see later)
N  is the input to the transfer function
A is the output of the neuron

The input N  to the transfer function in the simple neuron model is given by

N  = W(1)P(1) + W(2)P(2)+ +W(/?)/>(fl) + B (2.1)

If the R inputs to the neuron are stored in a column vector P given by

P =
'P Q ) '
P( 2) (2.2)
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and the weights that are to be applied to the R inputs are stored in a matrix W given by

W=(WQ) W(2) W(R)) (2.3)

then the input, N, to the transfer function is given by

N = W  xP + B (2.4)

and the output of the single neuron can be written as

A = F(WxP + B) (2.5)

2.1.2 A Single Layer of Neurons

The approach adopted above is easily extended to a layer of several neurons, each with 
several inputs. Figure 2.2 gives a schematic representation of a layer of S  neurons, each 
with R inputs.

P (l) A ( l)

W(l,2)
Neuron 1

Bias, B(l)
P(2)

W(2,2)
A (2)

Neuron 2
Bias, B(2)

P(R)

NeuronS
Bias, B(S)

Fig. 2.2 : A single layer o f  neurons

As before, there are R inputs stored in the input matrix P. However, there are now S  
neurons and therefore S  x R weights and S  outputs.
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The weight matrix W now becomes:

W =

(W(  1,1) W( 1,2) -  WOiR)} 
W( 2,1) W( 2,2) ••• 1^(2,/?)

^(5,1) ^(5,2) -  ^(5',/?)

(2.6)

where W(x,y) is the weight of the y* input to be applied to the Xth neuron.

As there are now S biases and S outputs, a bias matrix, B, and an output matrix, A, can 
also be introduced which are given by:

' e a r 'A(  i r
5(2)

and A =
AO.)

<MS),

As the inputs, weights and biases are being stored in matrices, the equation for the 
output of the network, A, can still be used, i.e.,

A = F (W xP  + B) (2.8)

It can be seen from this that matrix algebra is ideally suited to the task of neural network 
construction and manipulation, as the same matrix equations can be adopted for 
networks of different architectures.

2.1.3 Multiple Layers of Neurons

The approach discussed above can now be extended further to a network with several 
layers of neurons. Figure 2.3 shows one such possible network configuration.
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A 2 (l)A l ( l )
F2P (l)

mo,2) Neuron 1Neuron 1
Bias, B2(l)Bias, B l(l)

P(2)

W.1(2,1)

A 2(2)A 1(2) F2W2(2,2)

\Neuron 2Neuron 2
Bias, Bl(2) Bias, B2(2)

W2(S2,1)

W1(S1,2)
A2(S2)A l(S l) ,

F2P(R)

Neuron S2Neuron SI
Bias, B2(S2)Bias, B1(S1)

Fig. 2.3 : Neural network with 2 layers

The following points should be noted in figure 2.3:

(i) SI and S2 are the number of neurons in layers 1 and 2. There are R inputs to 
the *S1 neurons in layer 1, and Si inputs to the S2 neurons in layer 2.

(ii) Al  is a matrix representing the output of layer 1, and is therefore also the
input matrix to layer 2.

(iii) FI and F2 are the transfer functions adopted for layers 1 and 2.

The output of the first layer, >41, is given by

A\ = F \ (W \xP  + B\) (2.9)

and therefore the output of the network, A2, is given by

A2 = F2(W2 xAl  + B2) (2.10)

which gives

A2 = F2(W2 x {F\{W\ xP  + Bl)) + B2) (2.11)



2.1.4 Batched Inputs

Another important point to note is that inputs to a neural network can be batched. If 
there are Q different sets of network inputs, these may be batched together by using an 
input matrix, P , which has Q input vectors, e.g.:

P =

' m i )  m 2 )  • • •  m e ) ' '  

m i )  m > 2)  • • •  p (2,q )

P(R,1) P(R,2) ••• P(R,Q)

(2.12)

The output matrix A that represents the batched outputs will then be of the form

A =

^A(l,l) A(l,2)
A(2,l) A(2,2)

A(fl, 1) A(/?,2)

A (1,0^
A(2,0

A(R,Q)

(2.13)

This feature of being able to batch the inputs to a network is particularly helpful when 
training a network off-line. In these instances, it is often required to train a network to 
minimise its error for all inputs rather than for a particular input at a particular instant in 
time.

2.1.5 Transfer Functions

As yet, no consideration has been given to what form the neuron transfer functions 
should take. The type of function used will vary from one case to another, depending on 
the problem to be solved and hence the network architecture adopted. However, one of 
the following types of function is generally used:
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Hard Limit

The Hard Limit transfer function maps neuron inputs in the 
region -<*> to + <*> into the region 0 to +1. When used with a 
bias, the Hard Limit transfer function can be used to force a 
neuron to output a +1 if its input exceeds a certain threshold, 
but to output a zero for all other inputs. Neurons using this Fig. 2.4 : H ard Lim it

transfer function are particularly suited to problems where a transferfunction 
classification or decision has to be made.

Symmetric Hard Limit

The Symmetric Hard Limit transfer function is similar to the 
Hard Limit transfer function, although in this case, neuron 
inputs in the region -<*> to +°° are mapped into the region -1 
to +1. The areas of application for this transfer function are 
similar to those of the Hard Limit transfer function.

Linear

The Linear transfer function is the simplest transfer function 
used by neurons. The function simply serves to pass the input 
of the neuron over to its output, adding a bias in the process if 
one is present. Linear neurons are often used in the output 
layer of a network, and, via their biases, serve to scale up the 
outputs from a hidden layer from the region -1 to +1 to tt 
region —°o to +«*>.

Saturated Linear

The Saturated Linear transfer function gives outputs of -1 and 
+1 for inputs <1 and >1 respectively. However, for inputs in 
the region -1 to +1, the function behaves exactly as the Linear 
transfer function, simply passing its input to its output.

Fig. 2 .7  : Saturated  
Linear transfer function

Fig. 2.5 : Symmetric H ard  
Limit transfer function

Fig. 2 .6  : Linear transfer 
function
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Log-Sigmoid

The Log-Sigmoid (or logistic sigmoid) transfer function 
normalizes neuron inputs in the region -c*>to +<» into the 
region 0 to +1. The fact that the function is smooth and 
therefore differentiable means that it is suitable for use in 
backpropagation networks, where derivatives of the network 
error are passed back through the network layers. Fig. 2 .8  : Log-Sigm oid  

transfer function

Tan-Sigmoid

The Tan-Sigmoid (or hyperbolic tangent sigmoid) transfer 
function is similar in function to the log-sigmoid transfer 
function only in this case neuron inputs in the range to +<*> 
are mapped into the region -1 to +1. Again the function is 
differentiable so it is suitable for use in backpropagation 
networks. Fig. 2 .9  : Tan-Sigmoid 

transfer function

Gaussian

The Gaussian transfer function is most commonly used in 
Radial Basis Function (RBF) networks [8-12]. Networks of 
this type are very powerful as they are guaranteed to only have 
a single minimum in the network error surface. However, RBF 
networks are not supported by Matlab v4 which was used for

J Fig. 2.10 : Gaussian
the work carried out here. transfer function
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2.2 Neural Network Learning

One of the main features of neural networks that distinguishes them from traditional 
methods of computation is their ability to learn to behave in a certain way in response to 
a particular input. But how does a neural network learn? The answer is that a neural 
network learns by changing the weights of the connections between each of its neurons. 
These weight adjustments are carried out according to some specified rules that define 
how the weights are to be adjusted in the light of the accuracy of responses to inputs. 
Although learning can occur whilst the neural network is actually in operation, an off-line 
training procedure is usually adopted.

2.2.1 Training Procedure

Training a neural network generally involves taking the following steps:

(i) Firstly a training data set is presented to the network. The training data 
comprises a range of inputs that the network is likely to have when in 
operation together with corresponding desired outputs.

(ii) Next, the network outputs are compared with the desired outputs, i.e., a 
measurement is made of the network error.

(iii) Finally some form of learning rule is applied to the network. The function of 
the learning rule is to adjust the weights of the connections of the network in 
such a way that the difference between the desired outputs and the outputs 
achieved (the errors) are in some way minimised.

The above steps are generally repeated over and over until either the measure of the 
network error falls to a level that is considered acceptable, or until a specified number of 
training iterations (epochs) have been reached.

12



2.2.2 Error Surfaces

In order to properly understand the process of learning in most types of neural network, 
and to be aware of the possible pitfalls in the learning process, it is important to be able 
to visualise the geometric interpretation of the particular learning rule being used. This 
can be done by considering a multi-dimensional "weight space" that has one axis for 
every connection weight in the network, and one additional axis that should be visualised 
as a "height" that represents the network error. An example of a neural network error 
surface is shown in figure 2.11 along with a corresponding contour plot for the error 
surface.

Error Contour PlotError Surface Graph

0.5- 0.5
Weight W

Figure 2.11 : Example o f  a neural network error surface

For every possible combination of connection weights, there will be a corresponding 
network error which can be represented by the height of a point in "weight-space". 
These points form a surface which is known as the "error surface." Thus for a learning 
rule to reduce the error of a network, it must adjust the weights of the network in such a 
way that an overall downward path is followed on the multi-dimensional error surface.

13



2.3 Some Basic Neural Network Types

A particular type of neural network can be characterised by the following choice of 
parameters:

(i) Type of network architecture (generally number of neurons per layer and 
number of layers)

(ii) Type of transfer function used in each layer of neurons

(iii) Type of learning rule used in training

The choice of parameters will depend on the nature of the problem to be solved.

So far, a framework has been developed within which the performance of a neural 
network with an arbitrary choice of inputs, layers, neurons per layer, transfer function 
and learning rule can be analysed. Some of the popular types of neural networks 
together with their abilities and limitations are now considered.

2.3.1 The Perceptron

The Perceptron [13-15] is one of the simplest examples of a neural network. It 
comprises a single layer of neurons with hard limit transfer functions. During training,
the outputs of the Perceptron, A, are compared with target outputs, T, and the weights,
W, and the biases, B, adapted according to the learning rules :

w o ' j u = m u u + i m - A m x P U )  (2.14)

and

B H )^  = B(i)old + [T(i)-A(i)] (2.15)

for all i and j.
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Alternatively, these learning rules can be written in matrix form:

W = W + EPt (2.16)

and

B = B + E (2.17)

where E is the error vector (i.e., E = T - A ).

As Perceptions use hard limit transfer functions, their outputs can only take on the
values one and zero. This means that Perceptions are generally limited in application to
problems involving classification (e.g. pattern classification).

The basic Perceptron model has an important limitation [15]. This is that a Perceptron 
can only classify linearly separable sets of vectors (that is, vectors that can be separated 
by a multi-dimensional plane in "weight-space"). For example the boolean exclusive OR 
(XOR) function cannot be computed by a Perceptron.

2.3.2 Widrow-Hoff Networks

Widrow-Hoff networks [16-19] are similar to Perceptrons but differ in that they have 
linear transfer functions. In view of their use of linear transfer functions, Widrow-Hoff 
networks are also known as ADALINES (Adaptive Linear Elements) or MADALINES 
(Many Adaptive Linear Elements). Widrow-Hoff networks also differ from Perceptrons 
in that they employ a type of Least Mean Squares learning rule known as the Widrow- 
Hoff learning rule. This rule adjusts weights and biases according to the magnitude of 
the network errors rather than just on their existence. This results in a "gradient descent" 
path being followed on the error surface of the network.

It should also be noted that since linear transfer functions are being used, there is no 
advantage in having more than one layer of neurons. This is because any multiple layer 
network of linear neurons can be replaced by a network with just one layer with suitable 
weights and biases.
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The Widrow-Hoff learning rule may be written as:

W (iJX „= W (i , j )M + lrx [T ( i ) -A ( i ) \xP U )  (2.18)
and

= B(i)M + lr x |T (0  -  M M  (2.19)

or in matrix form,

W = W  + l r x E x P T (2.20)

and

B = B + l r x E  (2.21)

where lr is the learning rate. The time it takes the network to learn (if it manages to 
learn at all) is particularly sensitive to the choice of learning rate. If the learning rate is 
too high, the network may continually overshoot a minimum in the error surface during 
its gradient descent. If the learning rate is too low, the network will take an excessively 
long time to find a minimum in the error surface. Unfortunately, there is no way of 
determining a priori what value of the learning rate will provide good results. The 
learning rate must therefore be chosen on a trial and error basis.

The main limitation of Widrow-Hoff networks is that they can only learn linear 
relationships (since they use linear transfer functions). Nevertheless, when presented 
with a particular problem, networks of this type will find the best possible solution, that 
is, the best linear approximation to the function will be made. This is because the error 
surface of a linear network is a multi-dimensional parabola, so the gradient descent 
procedure will find the minimum, as long as a suitable learning rate is adopted.

The limitation of using linear transfer functions can be overcome to a certain extent by 
using an output layer of one or more tan-sigmoid neurons. This approach has been 
sucessfully applied to the well known non-linear control problem known as the truck 
backer-upper problem [19,20].
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2.3.3 Backpropagation Networks

Backpropagation networks [21,22] are networks that employ the backpropagation 
learning rule. This learning rule is similar to the Widrow-Hoff learning rule, but it differs 
in that it is applicable to multi-layered networks (networks with hidden layers) that 
include neurons with non-linear (but differentiable) transfer functions. The functions 
used are usually log-sigmoid or tan-sigmoid functions (see earlier) with linear neurons 
used in the output layer so that outputs with a magnitude > 1 can be produced.

The basic backpropagation learning rules are given by

W J U  = W(i,j)old + l rx D ( i )x P U ) (2.22)

and

B(i)new = +lrx D(i) (2.23)

where D(i) are the derivatives of the error with respect to weight (known as delta 
vectors) and lr is the learning rate. With backpropagation, the delta vectors are passed 
back through the layers of the network from the output layer to the input layer (hence 
the term backpropagation) and the weights of each layer adjusted.

As with Widrow-Hoff networks, there is no simple way of selecting a suitable learning 
rate for the backpropagation learning rule. An arbitrary rate must therefore be chosen. 
Once again this introduces the problems of too small a learning rate causing excessive 
training times, and too large a learning rate causing the network to continually overshoot 
the minimum in the network error surface.

2.3.4 Backpropagation with Momentum

One of the potential problems with simple backpropagation networks is that neurons 
with non-linear transfer functions are used. This results in the possibility of a 
backpropagation network having a network error surface with more than one error
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minimum. This introduces the potential problem that a backpropagation could settle in a 
local error minimum which may not represent the best solution available.

This problem may be overcome to a certain extent by introducing a ’’momentum 
constant” to the backpropagation learning rules given in (2.22) and (2.23). The purpose 
of the momentum constant is to drive the network up the other side and out of small 
minima in the error surface so that the network can ultimately settle in the global error 
minimum of the surface. A diagram showing the progression of a network towards a 
global minimum in the error surface is shown in figure 2.12 along with a plot of the 
associated drop in sum-squared error of the network.
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Figure. 2.12 : Avoidance o f  local error minima using momentum

Denoting the momentum constant of a network with the variable mc> the 
backpropagation learning rules given by (2.22) and (2.23) become:

W(i, j)„r„ = W(i, j )oU + (1 -  me) x l r x  D(i) x  P(j) (2.24)

B(i)m  = B(i)m  + (1 -  me) x Ir x D(i) (2.25)

A value of between 0 and 1 is chosen for the momentum constant of a network. Thus
for a network with a momentum constant of 1, local error information will be ignored
and new weight and bias changes will be set equal to the previous weight and bias 
changes. If a zero momentum constant is used, the learning rules become pure gradient 
descent algorithms, and previous changes to the network weights and biases are ignored.
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2.3.5 Other types of neural networks

So far in this chapter, the class of neural networks that employ some kind of error 
feedback to update their weights and biases have been considered. The reason for 
examining these networks in some detail is that it is these types of neural network that 
have been most commonly applied to control problems. Several other classes of neural 
networks exist and have found widespread use. Although these types of neural network 
have been mostly applied to other fields such as pattern recognition, some control 
applications of these networks have also been published. For this reason, these networks 
are briefly introduced here.

An important class of neural network that has not been described so far use what are 
known as associative learning rules. Networks of this type are used to associate 
particular input vectors with particular output vectors. The common feature of 
associative learning these rules is that no measure of network error is incorporated into 
the rule. As networks using associative learning rules do not receive any error 
information while learning, they are often referred to as "unsupervised learning 
networks." The most well known neural networks that employ associative learning rules 
are Kohonen networks [23,24].

A second major class of neural networks that have not so far been discussed are known 
as Hopfield networks [25-28]. Networks of this type are fully connected (recurrent) and 
are therefore able to store information. Often, the neurons that are used are the 
Perceptrons discussed earlier, but the recurrency and complex learning algorithms make 
these networks quite different in function and ability to basic Perceptrons.

2.3.6 Summary

In this chapter, a basic introduction to the field of neural networks was presented. 
Emphasis was placed on feedforward types of networks where inputs are fed forward 
layer by layer to the network output, and then weights and biases updated by some form 
of feedback of error. These types of networks have been predominantly used in neural 
network control applications. In the following chapter, some basic neural network 
control methods are now discussed.
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3 Neural Networks for Control

In the previous section, a concise overview of the field of neural networks was 
presented. In this section, some general neural network control methods are discussed.

3.1 Introduction

The application of neural networks to control problems is an area in which considerable 
research has been undertaken in recent years [29-34]. The reason why research in this 
field has become so popular is that neural network control techniques can have a number 
of advantages over traditional control techniques. These advantages can be summarised 
as follows:

(i) In many cases, neural network controllers can be trained without the need to
obtain a mathematical model of the system to be controlled. This is a
particular advantage when the dynamics of a system are complex, and cannot 
be easily modelled.

(ii) Certain types of neural network can be used as "universal function
approximators", that is, they can be trained to provide a functional mapping
for any non-linear function [2-5]. The neural network can model the 
function arbitrarily closely, given a sufficient number of neurons and a long 
enough training time. This means that neural network control techniques can 
be particularly useful for controlling non-linear plants, where conventional 
control methods may be of limited use.

(iii) Training a neural network can be a lengthy process. However, once the 
network has been trained, it can operate very quickly since the calculations 
that it carries out are essentially very simple. If a neural network is 
implemented in hardware, it will operate even faster as the calculations will 
be carried out in parallel. The speed of operation of neural networks can 
give them considerable advantages in real-time control applications, where 
more conventional control algorithms may not be able to be carried out 
quickly enough.
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(iv) The information stored in a neural network is stored as weights between the 
connections of the individual neurons. The distribution of information in this 
way results in robust behaviour in the presence of individual component 
failure.

(v) Neural networks are not programmed with control algorithms, but learn from 
being trained on a general training data set. This type of learning (which has 
been called generalised learning) results in neural networks being able to 
generalise when presented with inputs that are outside their normal mode of 
operation. This again means that neural network controllers can be more 
robust than their conventional counterparts.

Although the above summary lists some significant advantages that neural network 
controllers can have over controllers based on more traditional techniques, one should be 
aware that there are also a number of potential drawbacks in using neural network 
technology for control purposes. Some of the problem areas are:

(i) At this stage in neural network technology, there is no set way of producing 
a controller for a particular control problem. There are a large number of 
neural network architectures and learning algorithms available, and no real 
way of knowing in advance which arrangement is likely to work best for the 
particular problem being considered.

(ii) In the absence of any analytical methods for rigorously deriving an optimum 
neural network controller for a particular situation, how much faith should 
one have in the neural network controller that is obtained? This issue is 
particularly pertinent when a controller is required for a safety critical 
system, or as is the case in the work in this thesis, for an expensive spacecraft 
mission.

These issues are developed further in the conclusions section of this thesis, but for now, 
one should just bear in mind that neural network controllers can have serious 
disadvantages over their more conventional counterparts.
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3.2 Inverse Models

The majority of neural network control techniques share a common goal: to obtain some 
form of inverse model of the plant to be controlled by training a neural network to model 
the inverse dynamics of the plant. Once an inverse of the plant has been obtained, it can 
be placed in the feedback loop of the plant and used for closed loop control.

Figure 3.1 illustrates the principle behind using an inverse model of a plant for control 
purposes.

Plant
Input (f>A
u(k)

A

Plant
G(S)

Neural Network Model 
of Plant Inverse 

G(S)-1
A

Neural Network 
Prediction of u(k)

Plant
-Output
y(k)

y(k) Fed to Input 
of Neural Network

Fig. 3.1 : Using a plant inverse model fo r  closed loop control

In figure 3.1, the transfer function of the system, F(S), is given by

G(S)
1 + G(S)G(ST

F(S) =  ̂ _i (3.1)

so that

F{S) _ G (S ) (3.2)

Thus if we have a disturbance input to the plant, we might expect that by using an 
inverse plant model in the feedback loop, we might reduce the effect of the disturbance 
at the output of the plant by approximately one half. Clearly, further improvements in 
performance will be obtained if a gain term is also included in the feedback path, and the 
gain increased as much as possible, subject to the plant remaining stable.
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As most neural networks are based on obtaining an inverse plant model, the main 
differences between the various neural network control techniques concern the choice of 
the following parameters:

(i) Neural network architecture (number of neurons, type of transfer functions 
used)

(ii) Form of the learning algorithm used for updating network weights

(iii) Values of parameters used in the learning algorithm

(iv) On-line / off-line adjustment of network weights

(v) Training procedure for obtaining an inverse plant model

(vi) Variables used as inputs for the inverse model neural network

In the following sections, two alternative methods for obtaining an inverse plant model 
are considered.

3.3 Direct Model Inversion

Direct Model Inversion is the name given to the most straightforward of the methods 
that have been suggested for obtaining an inverse plant model. In this method the 
following procedure is adopted:

(i) Generate a training data set consisting of plant input-output vector pairs, as 
illustrated in figure 3.2

(ii) Present the plant output vectors to the inputs of the network and train it to 
faithfully produce the corresponding plant input vectors at its outputs. This 
procedure is illustrated in figure 3.3

The input-output vector pairs used to train the network can be obtained by constructing 
a mathematical model of the plant to be controlled, and performing a computer
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simulation to produce theoretical input-output pairs. Alternatively, a training data set 
can be obtained from the actual plant itself, if this available. Note that in the former case, 
the quality of the neural network controller produced will be strongly dependent on how 
closely the mathematical model that is constructed actually represents the behaviour of 
the real plant.

Outputs

Fig. 3.2 : Generation o f  a training vector set

Network
Inputs

y(k)
y(k-i)
y(k-2)

y(k-n) }
Neural Network Model

of Plant Inverse
G(S)-1 {

Network
Outputs
u(k)
u(k-l)
u(k-2)

i
u(k-n)

Fig 3.3 : Presentation o f  training vectors using the D irect M odel Inversion method

An important consideration to make when constructing an inverse model using a method 
such as direct model inversion is what variables should be used as inputs to the inverse 
model network. If the network is supplied with only the current plant output y(k), it will 
be unable to determine the current plant input u(k) as it will not have been provided with 
any information about the current state of the plant. To get around this problem, other 
information must be provided at the inputs of the inverse model network, such as time 
derivatives of plant outputs, or possibly just a number of previous plant outputs. In the 
work carried out in this thesis, the current plant output, y(k), together with the last seven 
plant outputs, y(k-l) to y(k-7) were used as network inputs as time derivatives of these 
plant outputs were not considered to be readily available. This is discussed in more 
detail in chapter 5.

Note that one of the possible disadvantages of the Direct Model Inversion method is that 
it is essentially an off-line technique. A training data set is produced and a neural
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network controller trained before actually being used to control the plant. The network 
controller is therefore unable to update the weights of its connections during the course 
of its operation. The technique does not, therefore, lend itself to self-adaptation in the 
presence of unexpected changes in the dynamics of the plant.

3.4 Indirect Model Inversion

The Indirect Model Inversion method is similar to the Direct Model Inversion method in 
that the objective once again is to obtain a neural network that broadly models the 
inverse dynamics of the system to be controlled. The method differs, however, in that it 
requires the use of two networks. The first is a forward model of the plant to be 
controlled and is trained off-line using a training data set of input-output pairs. The 
second network is the controller network, and is trained on-line in accordance with both 
the performance of the network as a controller and the parameters chosen for the 
network’s learning algorithm.

The Indirect Model Inversion method involves adopting the following procedure :

(i) A set of plant input-output vector pairs is obtained from the actual plant or 
from a simulation.

(ii) A neural network is trained off-line to model the forward dynamics of the 
plant to be controlled, using the input-output data set obtained in step (i).

(iii) The initial weights and biases of a second network (which will be the 
controller network) are randomised. The network is then connected 
according to the configuration shown in figure 3.4.
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Figure 3 .4  : Schematic representation o f  the Indirect M odel Inversion method

(iv) The control system is turned on, and errors calculated in the plant output 
from the output of the forward model neural network.

(v) The errors in the plant output obtained in step (iv) are backpropagated 
(passed back) through the forward model network, but without adapting the 
weights and biases of this network. This serves to map the plant error from 
“plant output space” to “plant input space”.

(vi) The error in “plant input space” that was obtained in step (v) is then 
backpropagated through the inverse model network, and the weights and 
biases updated to minimise this error.

Note that in the Indirect Model Inversion method, the role of the forward model neural 
network is to obtain an appropriate error signal for use by the learning algorithm of the 
controller (inverse model) neural network. Thus, the forward model serves to simply 
map the errors in the plant output to corresponding errors in the plant input.
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As the adjustment of the weights and biases of the controller network is dependent on 
the performance of the controller, the Indirect Model Inversion technique is really 
inherently an on-line technique. Thus a neural network controller system can be 
configured so that it either learns for a specified time, or so that it learns throughout its 
lifetime with network weights being continually updated. In the latter configuration, the 
resulting controller system can be particularly robust, as future unexpected changes in 
the dynamics of the plant can be accounted for by the controller.

Although it has just been pointed out that the indirect model inversion method is 
inherently an on-line technique, an off-line equivalent is also available. The procedure is 
as follows:

(i) A set of plant input-output vector pairs are obtained from the actual plant or 
from a simulation.

(ii) A neural network is trained off-line to model the forward dynamics of the 
plant to be controlled, using the input-output data set obtained in step (i).

(iii) The initial weights and biases of a second network that is to be the controller 
(inverse model) network are randomised.

(iv) The plant output vectors obtained in step (i) are passed to the controller 
network and the controller outputs stored.

(v) The controller outputs obtained in step (iv) are then added to the plant inputs 
used in step (i), and the vectors that result are presented to the plant.

(vi) The output of the plant (the plant error) obtained in step (v) is 
backpropagated through the forward model neural network to obtain an 
error in "plant input space".

(vii) The weights of the controller network are updated in such a way that the 
error in "plant input space" obtained in step (vi) is minimised.

This procedure is effectively a batched version of the on-line Indirect Model Inversion 
method discussed at the beginning of the section.
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The main advantage of the procedure is that the controller error is minimised for a batch 
of vectors rather than for a single vector at a particular instant in time, which is normally 
the case using the on-line method. In this way, the controller can adapt in order to 
minimise a global error that represents a range of plant conditions. This is quite different 
to the on-line method, where the controller adapts to a local error that applies to a 
particular plant state at a particular instant in time.

The main disadvantage of the off-line method compared to the on-line method is that the 
controller obtained cannot be adapted later on-line, and therefore is less robust in the 
face of unexpected changes in the dynamics of the plant.

Although the off-line version of the Indirect Model Inversion method is very much 
simpler to implement than its on-line counterpart, it was not investigated during the 
course of this work. This is because none of the papers that were read as part of the 
initial literature survey made reference to the off-line method, and its potential 
advantages only became apparent at a late stage of this work, in the light of 
disappointing results obtained using the on-line method. However, it is unclear whether 
improved results would have been obtained if this procedure was used.

3.5 Suitable Neural Network Architectures

The goal in neural network control applications is to train a network to map plant output 
errors to suitable control inputs. Often, the function that describes this mapping is 
complex and non-linear, and is not easily described using conventional control theory.

In view of the requirement that neural networks in control applications learn a particular 
function, it is the neural networks that are known to have good function approximation 
capabilities that have been used most frequently for control purposes. As already stated, 
backpropagation networks of sigmoid neurons, and Radial Basis Function (RBF) 
networks are well known to provide excellent function approximation abilities [2-5,10].

In the work carried out in this thesis, backpropagation networks with tansigmoidal 
hidden neurons and linear output layers were used, as networks such as these were 
readily supported by the Matlab Neural Network Toolbox that was to be used for this 
work.
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4 Spacecraft Plant Model

In order to investigate how neural network control techniques can be applied to a 
spacecraft control problem, a realistic computer model of a spacecraft must first be 
constructed for simulation purposes.

The software that was to be used for this study comprised the Matlab mathematical 
software combined with the Simulink control system simulation package and the Matlab 
Neural Network Toolbox. Given that Simulink was to be used, it was necessary only to 
obtain suitable transfer functions for the components of the spacecraft model, as these 
can then be simply linked using the Simulink graphical user interface to construct a 
complete computer model of the spacecraft ready for simulation.

As a basic starting point, it was decided to use a simplified version of the SOHO 
spacecraft dynamics, as represented in the work carried out by [6]. In this scheme, the 
dynamics of the SOHO spacecraft are considered only about a single axis, and can be 
represented by a series of single-input single-output transfer functions.

The simplified model of the SOHO dynamics given in [6] was then extended to include a 
transfer function that was to represent the effect of spacecraft fuel sloshing.

In all, the following components were built into the spacecraft model:

(i) Disturbance torques due to a mass imbalance in one of the reaction wheels of the 
spacecraft.

(ii) Rigid body spacecraft inertia

(iii) Solar array flexure

(iv) Payload vibration

(v) Spacecraft fuel slosh

In the following subsections, each of these components is considered in turn.
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4.1 Disturbance Torques

The source of the disturbance torques acting on the spacecraft in this work is a mass 
imbalance in one of the reaction wheels of the spacecraft. This source was chosen in 
accordance with work carried out by [6] as the results produced in this paper were 
initially reproduced as a starting point for the work in this thesis.

Although a reaction wheel mass imbalance was chosen as the source of the disturbance 
torques acting on the spacecraft throughout this work, the control problem considered is 
by no means restricted to this choice. In fact, there is no shortage of possible candidates 
that could have equally well have been chosen to provide a disturbance, e.g., thruster 
misalignment, thermal vibrations, movement of internal mechanisms etc. It really would 
not have mattered which of these was chosen, just as long as a realistic disturbance 
torque was fed to the input of the spacecraft model.

The disturbance torque Trf created by a mass imbalance in a spacecraft reaction wheel 
rotating at co rad s'* is given by

Td -  kco2 sin(atf + <f>) (4.1)

where k is a constant term that includes the inertia of the wheel (4.5 x 10~6 kgm2 for the 
SOHO spacecraft) and the mass imbalance of the wheel.

In [6] a feasible peak disturbance torque created by a mass imbalance in a SOHO
reaction wheel rotating at 60 rads'* is given as 0.006 Nm. This then gives a value of k
of 1.67 x 10"6 kgm2. The equation used in this work to model disturbance torques in the 
Simulink environment was therefore :

Td = 1.67xlO~V sin(atf) (4.2)

where the phase, <j), is ignored as we are only considering disturbances produced by one 
of the SOHO reaction wheels.
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4.2 Spacecraft Inertia

The main component of the model of the dynamics of the spacecraft under consideration 
is the rigid body inertia of the spacecraft about a single axis. This component is also very 
simple to model.

When the disturbance torque acts on a spacecraft with rigid body of inertia /, the 
angular acceleration 0S of the spacecraft is given by

6s = ^ X y  (4.3)

Thus if no other dynamical effects are present, the angular acceleration of the spacecraft 
model about the axis under consideration can be obtained by feeding the disturbance 
torque to a l/I  transfer function, as illustrated in figure 4.1.

Fig. 4.1 : Block diagram o f  a 1-component spacecraft model

The rigid body inertia of the SOHO spacecraft about the axis under consideration in this 
work is 2600 kgm^. The spacecraft inertia was therefore represented in the Simulink 
environment using a 1/2600 gain term.

4.3 Solar Array Flexure

In view of the need to minimise spacecraft mass and to maximise the available on-board 
electrical power, solar arrays tend to be low mass structures with large panel areas. 
Structures with these characteristics tend to have considerable flexibility. It is therefore 
important that the effect of solar array flexure is properly taken into consideration if any 
spacecraft control system analysis work is to be carried out.
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There are various types of model that can be used to represent the effects of solar array 
flexure. The two main types of model are

(i) The cantilever model
(ii) The free-free model

In the cantilever model, the solar arrays are treated as flexible beams which are restrained 
from motion at their roots (i.e. the main body of the spacecraft is considered to be fixed 
in this model).

In the free-free model, the roots of the solar arrays are not assumed to be restrained from 
motion, and the natural vibration modes of the whole spacecraft structure are therefore 
considered (i.e. the main body of the spacecraft is no longer considered to be fixed).

Clearly, the dynamics of solar array flexure are likely to be more accurately represented 
if the free-free model is used instead of the cantilever model. However, the free-free 
model is more difficult to implement. An even greater level of accuracy can be achieved 
if a finite element package such as NASTRAN is used, but the simulations carried out 
during the course of this work did not require the higher level of accuracy that would 
result from the adoption of NASTRAN or the free-free model. For these reasons, the 
cantilever model was used to model solar array flexure in the simulations in this work.

Using the cantilever model, the overall spacecraft dynamics in the presence of solar array 
flexure can be described by the following two equations:

(4.4)
i

and

& A  = Ttf+ 2 U 0 J 1 „ + 0>X  (4.5)

In the above equations, Td is the disturbance torque acting on the spacecraft, 0, is the 
attitude of the spacecraft as shown in fig 4.1, 6ai is the coupling coefficient of the f 1 
flexure mode of the solar arrays, and t,ai and (Oai are the damping ratio and natural 
frequency of the f* flexure mode (i.e. each flexure mode of the arrays is treated as a 
separate second order system). r\ai is the modal co-ordinate of the i^1 array flexure
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mode. It is a parameter that allows us to transform the equations for the dynamics of 
solar array flexure from the solar array reference frame (in which the spacecraft is 
considered to be fixed) to a frame of reference in which the motions of the spacecraft can 
be considered.

aZ,

Fig. 4.2 : Cantilever model o f  solar array flexure showing f ir s t flexure mode

The effects of the various flexure modes can be summed in the fashion shown in equation 
4.4 as long as only small angular deformations are considered, that is, as long as the 
dynamics of solar array flexure can be considered to be linear. However, as high 
accuracy was not a prerequisite for the simulations carried out in this work, only the first 
flexure mode of the solar arrays was taken into consideration.

By combining equations (4.4) and (4.5) and rearranging, we can obtain a transfer 
function for the overall system. Taking Laplace Transforms of (4.4) and (4.5) and 
considering only the first flexure mode gives

(4.6)

and
+ + = (4.7)
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Substituting (4.7) into (4.6) we get:

Td(s) = s2ies(s)~ (4.8)
s2+2£„oV + w2

Rearranging, we obtain the transfer function for the overall system relating the angular
acceleration of the main body of the spacecraft to the input disturbance torque:

We now need to consider how equation 4.9, which represents the rigid body dynamics 
and the solar array dynamics of the spacecraft, can be represented in block diagram form, 
suitable for use in the Simulink control system simulation environment. As a first 
starting point, we could assume that the block diagram will take the same form as that 
shown in figure 4.1, but with an additional transfer function in a feedback loop which 
would represent the effects of solar array flexure. Such a block diagram is shown in 
figure 4.3, where the effects of rigid body inertia and solar array flexure are represented 
by the transfer functions A and B.

s%(s)

s2+2C„co„i+(o2

1 (4.9)

U(s)
A(s)

B(s)

Fig. 4 3  : Generalised block diagram o f  a 2-component spacecraft model

The input to transfer function A in figure 4.3 is given by

E(s) = U(s) + B(s)Y(s) (4.10)
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and the output of transfer function A is given by

Y(s) = A(s)E(s) (4.11)
Combining these equations gives

^ 4  = U(i) + B(i)K(i) (4.12)
A(s)

which gives us

Y(s) - ^ r - -B ( s )
A(s)

= U(s) (4.13)

and so we can see that the transfer function for the block diagram given in figure 4.3 can 
be written as

(4.14)
U(s) _1

4(s)
-B(s)

Comparing equations (4.9) and (4.14), it can be seen that the block diagram illustrated in 
figure 4.2 will represent the dynamics of the spacecraft if

4 ( i)= y  (4.15)

(as before) and

e2s2
B(s)= , J  °° j- (4.16)

s2+2^mas+(02a

It can therefore be seen that the simple spacecraft model developed in the previous 
section (in which only rigid body inertia was represented) can be extended to incorporate 
the effect of solar array flexure by including a suitable transfer function in a positive 
feedback loop. The new block diagram for the system is shown in figure 4.4
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Rigid Body Inertia

T„(s)
U(s)

{+;
^  E(s) 1 Y(s)

I

Solar Array flexure

S^s2
s2+ 2 £  coas +  co2 a a a

■s2e,(s)

Fig. 4.4 : Block diagram o f  a 2-component spacecraft model

For the solar arrays on the SOHO spacecraft, the natural frequency and damping ratio 
for the first flexure mode are given by

£  = 0.005 (4.17)

coa = 3.7 rad s"1 (4.IB)

and the coupling coefficient for the first mode is given by

I
6a = 20 kg2m (4.19)

Thus the transfer function used in the positive feedback loop representing solar array 
flexure was :

400/ (4.20)
s + 0.037s+ 13.69

4.4 Payload Vibration

The spacecraft model obtained in the previous section can be simply extended to take 
into account the dynamics of payload vibration. The approach that was used to 
incorporate the effect of solar array flexure to the initial model (in which only rigid body 
inertia was considered) can be adopted once again.
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As with the solar arrays, the payload can be treated as an independent second order 
system, and coupled to the dynamics of the main body of the spacecraft using a coupling 
coefficient with the appropriate magnitude. Once again, only the first flexure mode need 
be considered. Thus, the transfer function representing payload deflection can be written 
as

J'2 + 2?p(0pj + m;
C(s)=   f . _2 (4.21)

which is of the same form as (4.16). This transfer function is incorporated into the rest 
of the model by inserting it into an additional positive feedback loop, in parallel with the 
transfer function representing solar array flexure.

In the previous section, we were not concerned with monitoring the angular position of 
the solar arrays, as we needed only to consider how the flexure interacted with the rigid 
body spacecraft dynamics. However, this is not so in the case of the spacecraft payload. 
This is because the objective of this work is to use a neural network controller to 
minimise payload deflection in the presence of a disturbance torque. It is therefore 
necessary for the controller to have knowledge of the angular position of the payload.

As the spacecraft model considered in these sections is broadly based on the SOHO 
spacecraft, we could assume that the payload under consideration is an optical payload. 
We could then also assume that a measure of the attitude of the payload will be available 
from the measurements made by the payload itself, and that no additional attitude sensors 
are required.

We now need to consider how the transfer function given in equation (4.21) can be used 
to obtain angular positions of the payload tip. So far, we have a spacecraft model that 
incorporates rigid body inertia, solar array flexure and payload flexure. A generalised 
block diagram of this model is given in figure 4.5, where A, B and C are given by 
equations (4.15), (4.16) and (4.21) respectively.
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Rigid Body Inertia

E(S)U(S)

Solar Array Flexure

Payload Flexure

A(s)

B(s)

e

Fig. 4.5 : Generalised block diagram o f a 3 -component spacecraft model

The first step is to replace transfer function C(s) with two transfer functions, Ci(s)and 
C2 (s), and assume that some information concerning payload deflection is available 
between the two. This configuration is illustrated in figure 4.6.

Rigid Body Inertia

E(S)

Payload Flexure

Cj(s)

^  Payload Deflection 
Information

Fig. 4.6 : Extraction o f  payload deflection information from  the spacecraft model

As the cantilever model has been chosen to model the flexure of various components
aboard the spacecraft, the angular deflection of the payload is not directly available from 
the block diagram as shown in figure 4.4. However, the modal co-ordinate is

available, and this can then be used to calculate the angular payload deflection.
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If we choose the payload deflection information in figure 4.6 to be the modal co-ordinate 
Tjp, then the values of the transfer functions and C2  are described by the equations

^ p p  p

and

g2 2
C,WC2(s) = -1— r e r  (4.22)

s2+2£,ml,i+<D*

(4.23)

From equation (4.7) we see that for the first flexure mode of the payload,

A ,  + 2^a)p v + “ X  = 8 A  (4-24)

giving

ii, = 2  r  (4-25)
» +2Cf(0/+(0p

Substituting (4.25) into (4.23) then gives

Q (s)= 2 -  p- r  (4.26)
s2 + 2C(,a)ps+0)J

Finally, substituting (4.26) into (4.22) gives us

Q(s) = S y  (4.27)

Thus, the overall block diagram of the system is now as shown in figure (4.7)

Next we must consider how we can obtain the payload deflection angle Qp from the

modal co-ordinate. The procedure is to calculate the linear deflection first, and then to 
calculate the angular deflection from the linear deflection.
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Payload Flexure
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Modal Coordinate
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Fig. 4 .7  : Block diagram o f  a  3-component spacecraft model

The relationship between the linear deflection of the payload tip yp and the modal co­
ordinate rjp is given by

y* =
/(*>

( | p W / 2W ^ ) :

(4.28)

where f(x) is the shape of the mode and p(x) is the mass per unit length of the payload.
The relationship between the linear deflection of the payload tip yp and the angular 
deflection Gp is given by

yp = k6p (4.29)

where k will depend on the shape of the mode and the length of the payload.

As the work carried out in this thesis does not require a high level of accuracy for the 
spacecraft model, we need not concern ourselves with the mass and length of a particular 
payload or with the precise shape of the first flexure mode. Instead, we can make certain 
simplifying assumptions. It turns out that for a range of mode shapes and payloads, the 
bracketed expression in (4.28) and the constant term k in (4.29) are of order unity. For 
the sake of simplicity, the magnitudes of the linear deflection yp and the modal co-
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ordinate rj could be assumed to be equal. However, to remain consistent with the work

published in [6] (the results of which were reproduced as a starting point for the work 
carried out in this thesis) the following relation was used :

*,= 4.8 kg 2 m'1 77 (4.30)

For the payload assumed for the spacecraft model, the damping ratio, natural frequency
and coupling coefficient for the first flexure mode of the payload are given respectively
by:

CP ~ 0- (4.31)

cop = 63 rad s'1 (4.32)

I
dp = 10 kg2m (4.33)

Thus the two transfer functions that are used in a positive feedback loop to represent 
payload flexure are given by :

10 (4.34)
s2+12.6s+ 3969 

and

10s2 (4.35)

4.5 Fuel Sloshing

In view of the prevalent use of liquid propellant for spacecraft orbit and attitude control, 
there is a strong need for spacecraft engineers to understand the dynamic effects of 
contained liquids.
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The two most significant areas in which the effects of liquid slosh must be given 
adequate consideration are:

(i) Nutational instability due to propellant energy dissipation (applicable to spin 
stabilised spacecraft)

(ii) The interaction of fuel slosh with spacecraft attitude control systems

In the work carried out in this thesis, it is this latter effect that must be taken into 
consideration.

The hydrodynamical equations governing the motions of liquids are very complex, 
particularly when motion in a low gravity environment is considered. Thus in the 
absence of analytical solutions, some form of model must be constructed. There are two 
main approaches that are generally adopted.

In the first method, a scale model of the spacecraft under consideration is built and tested 
on the ground, and the results are then extrapolated to in-orbit conditions using 
dimensional analysis.

The second method relies on assuming that the fuel aboard the spacecraft comprises two 
components : a fixed fuel mass and a slosh mass. A spherical pendulum attached to a 
spring-damper system is then used to represent the slosh mass. In this way the effect of 
fuel sloshing can be represented as a second order system.
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Bladder

1.210 m

SOHO 
X Axis

Separation Plane

Fig. 4.8 : The PROS fu el tank

The fuel tank aboard the SOHO spacecraft is the PROS fuel tank which was initially 
designed for the TDRSS program. This tank has a polymeric bladder attached halfway 
up which restricts the motion of the fuel and hence reduces the effect of fuel sloshing. A 
diagram of the PROS fuel tank is shown in figure 4.8. Its location within the SOHO 
spacecraft is shown in figure 4.9.
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Fig. 4.9 : The SOHO spacecraft, showing the location o f  the PROS fu el tank

The effect of fuel sloshing aboard the SOHO spacecraft has been extensively modelled by 
BAe Space Systems Limited, Earth Observation and Science Division, as part of the 
European Space Agency SOHO project. In this model the effect of fuel sloshing is 
represented in each axis by two second order penduli. This model, in its exact form, was 
inappropriate for use in the work carried out in this thesis for the following reasons :
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(i) Work carried out by BAe Space Systems Limited on the dynamics of fuel 
sloshing aboard the SOHO spacecraft indicates that the effect is likely to be 
small. Thus the effect is unlikely to pose a great problem for either 
conventional or neural network-based controllers.

(ii) The modelling of the fuel slosh dynamics is fairly complex, and includes 
considerable cross-coupling between the three axes of the spacecraft (i.e. 
between the pairs of penduli in each of the spacecraft axes). The BAe model 
cannot, therefore, be easily incorporated into the above scheme and entered 
into Simulink environment.

For these two reasons, it was decided that the effect of fuel sloshing on the SOHO 
spacecraft should be modelled in much the same way as the effects of solar array flexure 
and payload vibration were modelled in the previous two sections, but with the values of 
some of the parameters in the BAe model included.

Rigid Body Inertia

U(s)

Solar Array Flexure

Payload Flexure

Modal Coordinate Tip

Fuel Slosh

S +  2C CO S +  CO.^ a a <

S2 +  2C CO S +  (O2 
’ P P P

Fig. 4.10 : Block diagram o f the complete spacecraft model
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Continuing the modelling scheme developed in the previous two sections, the effect of 
fuel slosh can be represented by a transfer function of the form

s2 + 2t,f asf s+(02f

This transfer function can then be inserted into a third positive feedback loop, as 
illustrated in figure 4.10.

The pendulum model that has been used in the BAe model for +X manoeuvres is shown 
in figure 4.11. For a spacecraft fill ratio of 52%, the values of the parameters shown in 
figure 4.11, according to the BAe model, are as shown in table (4.1).

o
C.O.M. of non-moving mass

Tonional 
Spring K *— . 
andDashpot C

m

ZX ►;

I
Gravity or 
reversed 
thrust 
direction

Fig. 4.11 : Pendulum model fo r  +X manoeuvres



Mass of pendulum m 83.5 kg
Pendulum length 1 0.111m
Hinge height h -0.094 m
Spring coefficient K 44.1 Nm/rad
Dashpot constant C 1.48 Nms/rad
Damping ratio £ 0.11
Natural frequency go 6.55 rad/s

Table 4.1 : Pendulum parameters fo r  +X manoeuvres (from BAe model)

Using the values of the parameters in table 4.1, the transfer function shown in (4.36) 
becomes

82/
s+1.44s+ 42.9

(4.37)

Now all we need to do is calculate the inertia of the mode (the square of the coupling 
coefficient of the mode 8f). This is obtained from

82 = Mr2 (4.38)

where M  is the mass of the pendulum bob and r is the distance of the pendulum bob from 
the spacecraft centre of mass, and is given by

(Distance of 
r = • spacecraft COM

from separation plane

( Distance of tank^ 
centre from 
separation plane j

+
 ̂Hinge  ̂
height h

[Length of 
[pendulum /

(4.39)

For the values of the parameters given in the BAe model, r  is then given by

r = 1.77 -  (1.21 -  0.094) + 0.111 = 0.765 m (4.40)

The inertia of the mode is then given by

S2, = 83.5 kg x (0.765 m)2 = 48.9 Kgm: (4.41)
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The transfer function for fuel sloshing given in (4.36) then becomes

2 489?------- (4.42)
s + 1.44s+ 42.9

Equation (4.42) gives a coarse approximation of the full BAe fuel sloshing model which 
incorporates cross-coupling between axes. However, it is sufficient for the purposes of 
the spacecraft model required for the work in this thesis. However, as the magnitude of 
the effect as represented in (4.42) is quite small, it was decided to increase the inertia of 
the mode by an arbitrary figure, so that a more challenging control problem was 
presented to the neural network controllers discussed in the next section. For this 
reason, the transfer function used to represent fuel sloshing in this work was arbitrarily 
selected to be

625*2 (4.43)
s +1.44 s + 42.9

4.6 Summary of Spacecraft Model

In the previous sections we have gradually developed a spacecraft model for use in the 
investigation of neural network controllers for spacecraft control. At each stage, an 
additional spacecraft component was carefully derived and incorporated into the model, 
until finally a complete spacecraft model had been constructed, as illustrated in figure 
4.10.

In considering each component of the spacecraft model, it was borne in mind that the 
Simulink simulation package was to be used, and that therefore, the derivation of a series 
of transfer functions would be the most appropriate way to go about constructing the 
spacecraft model.

Once all the transfer functions for the various components of the model have been 
obtained, they can quickly and efficiently be entered into the Simulink environment. The 
Simulink representation of the complete spacecraft model is shown in figure 4.12.
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time
Clock To Workspace 1

Disturbancetorqueinput 1/2600

1/(Spacecraft inertia)
Sum1 Sum

400s'

Solar array flexure

Fuel slosh

du/dt — du/dt 14 

Gain Derivative! Derivative Payload response

deflection
To Workspace 3Modal coordinate to payload deflection

Fig. 4.12 : Simulink block diagram o f  the complete spacecraft model

Once represented in Simulink, the model can be simulated and monitored with ease using 
the Simulink graphical user interface. The model can also be rapidly edited, should 
changes to any of the parameters need to be made, and results of simulations plotted 
easily. The Simulink simulation package therefore served as a very powerful 
investigation tool for the work carried out in this thesis.

Although figure 4.12 illustrates the complete spacecraft model that was considered in 
this thesis, it does not include any details of how the spacecraft interfaces with the 
conventional control algorithms that would be used for coarse pointing control. A 
schematic diagram of the complete spacecraft control system is therefore shown in figure 
4.13.
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Fig. 4.13 : Schematic diagram o f  the complete spacecraft control system

Thus it can be seen that in this work, the objective was to construct a neural network 
controller for use in an inner control loop, with the outer control loop not being 
considered. It is envisaged that the inner control loop would act at a much higher 
frequency than the outer control loop that is used for coarse pointing of the spacecraft 
bus. It is therefore assumed that the two control loops can be considered independently 
as there is likely to be little interaction between the two.

Note that although figure 4.13 indicates that the inner block diagram contains a block 
representing the reaction wheel of the spacecraft, this component was not modelled in 
the work in this thesis. Torque demands created by the neural network controllers were 
assumed to create torques that are exerted on the spacecraft instantaneously.
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This concludes the chapter on the spacecraft model that formed the subject of the 
investigations carried out in this thesis. In the following two chapters, neural network 
control techniques are applied to the control problem represented by this spacecraft 
model.
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5 Direct Model Inversion

The first neural network control method to be applied to the spacecraft control problem 
detailed in the previous chapter was the Direct Model Inversion method. It was decided 
to investigate this method first as it is the simplest neural network control method 
available, and also the easiest to implement in the Simulink environment.

5.1 Controller Network Configuration

5.1.1 Choice of Training Vectors

The first step in producing a neural network controller using the Direct Model Inversion 
method is to generate a set of plant input and output vectors that can be used for 
network training. Although this seems straightforward enough, the generation of 
training vectors raises a number of important issues such a s :

(i) What type of input should be fed to the plant for the purpose of generating 
training vectors ?

(ii) What output or outputs should be recorded ?

(iii) How many training vectors are required ?

There are no hard and fast rules that can be followed to answer these questions, but there 
are a number of guidelines that can be followed.

In answer to the first question, a good guideline is that the input that is supplied to the 
plant should be as representative as possible of the input that the plant is likely to receive 
when the neural network controller is required to be in operation. In this work, this 
means performing a simulation using a sinusoidal disturbance torque as represented by 
equation (4.1) as an input to the plant.

As for the second question, there is no real guideline that can be followed at all, other 
than to experiment and see what works best. Clearly, it would not be possible to train a
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neural network to produce the current disturbance torque input to the spacecraft model 
when supplied with only the current payload deflection. This is because the network 
would not have been passed any information about the state of the plant at that particular 
time. It is therefore necessary to pass the neural network controller some further 
information, such as payload velocities, accelerations and/or details of the states of the 
other components of the spacecraft model. In this work, it was assumed that only 
payload positional information would be available to the controller, so only current and 
previous payload deflection measurements can be used as inputs to the neural network. 
This choice of inputs then raises the additional question of how many previous payload 
deflections should be used as inputs. One way of deciding is to initially use more inputs 
than necessary, and then to train the controller network a number of times, each time 
with one less input. This procedure is then halted at the point where reducing the 
number of network inputs further would result in too great a deterioration in network 
performance. However, this procedure was not followed in this work as reasonable 
results have already been obtained in the work carried out by [6] using the current 
payload deflection together with the last seven payload deflections as inputs to the 
controller network. Therefore, this configuration was selected for the work carried out 
in this thesis. The input and output vectors that were used to train the neural network 
controller are shown in figure 5.1.

Neural Network 
Input Vectors

y(k)
y(k-i)
y(k-2)
y(k-3)------
y(k-4) 
y(k-5) 
y(k-6) 
y(k-7)

Neural Network 
Inverse Plant Model

Neural Network 
Target Vector

u(k)

Current and previous 
payload deflections

Current disturbance torque 
acting on spacecraft

Fig. 5.1 : D irect M odel inversion training vectors

Finally, consider the question of how many training vectors will be required. A good 
guideline is to choose a large enough number of vectors for the operating range of plant 
inputs and outputs to be fully spanned and sufficiently sampled. Alternatively, a larger 
number of training vectors than necessary can be initially used. This number is then
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reduced, subject to the performance of the controller deteriorating below a certain 
acceptable level. In the work in this section, 400 training vectors were chosen, spanning 
a period of 2 seconds of simulation. This corresponds to plant inputs and outputs being 
sampled every 0.005s.

5.1.2 Training Vector Generation

The Simulink block diagram that was used to generate the training vectors is shown in 
figure 5.2. The "To Workspace" blocks are used to record the data that is generated 
during the simulations in matrices which can be accessed from within the Matlab 
workspace at the end of the simulation.

To W orkspace 1

Seated payloadtorque

— —  

Unit Delay 1

1/(Spacecraft inertia)

Unit Delay 2
S ^O Q 37s»13 69 
Solar array flexure

L+S—
Unit Delay 4

Unit Delay 5

+R—
Unit Delay 6— <^H duM kHdu/di k

Gain Derivativel Derivative

 H   ►} target |

_ . , . To W orkspace 3
Scaled disturbance 

torque

> 0 — 
Unit Delay 7

t—*[*>
Modal coordinate 

to payload deflection

input
To W orkspace 3 To W orkspace 2

Fig. 5 2  : Simulink block diagram used to generate a set o f  training vectors

The Simulink block diagram shown in figure 5.2 was simulated for a period of 2 seconds 
using a Runge-Kutta 5 ^  order numerical integration method with a fixed step size of 
0.005s. This resulted in plant inputs and outputs being sampled 401 times during the 
course of the simulation (although the "To Workspace" blocks were actually set to only 
record 400 elements).
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The input to the plant was a sinusoidal disturbance torque of the form of equation (4.1) 
with a peak of 0.006 Nm and a frequency of 60 rad s’*. At each of the time steps of the 
simulation, plant inputs and outputs were recorded in matrices called "target" and "input" 
respectively. Note that seven cascaded delay operators and a multiplex block were 
inserted before the "To Workspace" block labelled "input". By doing this, a matrix 
called "input" was constructed in the Matlab workspace that comprised the current and 
last seven payload deflections at each of the time steps of the simulation (i.e. a 8 by 400 
matrix is formed). This was advantageous as it saved having to write the code that 
would be necessary to convert a 1 by 400 matrix (comprising current payload deflections 
at each of the time steps) into a matrix of current and delayed payload deflections that 
would be suitable for training the neural network controller.

A further point to note is that plant inputs were scaled up before being recorded in the 
Matlab workspace. This was done so that the magnitude of the largest output from the 
neural network controller (which was to be 1 since tansigmoidal neurons were to be 
used, see figure 2.9) would correspond to 0.2 Nm which is the largest torque that would 
be available from a SOHO reaction wheel. For the sake of consistency, plant outputs 
were also scaled up to lie in the region ±1. The scaling laws that were used for this 
purpose were:

^scaled torque used for ^
= 5 x (real torque value) (5.1)

neural network training

and

f  scaled payload deflection used'A ( ,\  .
= (0.5x10 ) x (real payload deflection) (5.2)

vfor neural network training )

Obviously, in using these scaled values, it must be remembered to scale up and down the 
inputs and outputs of the neural network controller once it has been trained and is in 
operation.
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5.1.3 Training Procedure

Once a set of training vectors had been created, it was used to train a neural network 
controller. The network architecture that was adopted for the controller was that of a 
single tansigmoidal neuron with eight inputs (which were the current and last seven 
scaled plant deflections).

The weights and single bias of the network were first randomised in the region ±1. The 
network was then trained for 1,000 epochs (where one epoch represents one complete 
presentation of the training vector set to the network). The weights and bias of the 
network were updated using the backpropagation with momentum learning algorithm. 
The reduction in the sum-squared error of the network as training proceeded is shown in 
figure 5.3.

Network Error

~u

c 0 |  10

400 500
Epoch

100 200 900 1000300 600 700 800

Fig. 5 3  : Neural network training record

The program that was used to train the neural network was written in "Matlab language" 
(Matlab language programs are basically scripts of Matlab commands, although 
conditional statements are also supported). A listing of the program that was used is
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given for the sake of completeness in Appendix C. However, the main body of the 
program consists of the following commands :

A=  tansig(W xP,Z?) 
E - T - A  
D=  deltatan(A,P)

; calculate network output 
; calculate network error 
; calculate delta vector

[dW,dB] = leambpm (P, D, Ir, me, dW,dB) i uPdate weights and biases

In the above code, the "tansig" function returns the output of a network of tansigmoid 
neurons with input P, weights W and biases B. The error vector E is calculated by 
subtracting the network output A from the target output T . The delta vector is then 
calculated for the network by calling the "deltatan" function. Finally the "leambpnT 
(leam-backpropagation-momentum) function is called to calculate the changes that are to 
be made to the weights and biases of the network from the input vector P, the delta 
vector Z), the learning rate /r, the momentum constant me, and the previous changes to 
the network weights and biases. In the work in this section a learning rate of 0.05 and a 
momentum constant of 0.95 were chosen.

The above code is looped until either the network error drops below a predetermined 
level or the maximum number of epochs is reached.

5.1.4 Representation in Simulink

Once a neural network controller has been trained, it can be interfaced with the Simulink 
environment using a "Matlab Function" block.

For a single layer network comprising a single tansigmoidal neuron, the Matlab 
command that gives the network output is

where W and B are the matrices in the Matlab workspace that store the weights and bias 
of the neuron. Once the controller network is fully trained, it can therefore be used in 
the Simulink environment using a "Matlab Function" block that calls the command given 
by equation (5.3) at each time step of the simulation.

tansig (W x P + B) (5.3)
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Figure 5.4 shows the Simulink block diagram that was used for controller simulations, 
note that the "Matlab Function" block that represents the trained neural network 
controller was simply inserted in the negative feedback path of the plant

To W orkspace 1

~ > |o 5 e^ > ----

Scaled payload

—►T̂l—
Unit Delay 1

1/(Spacecraft inertia)

s 2*OQ37s M 3 69 
Solar array flexure

U a -
Urwt Delay A

Unit Delay 5

* 0 -  
Unit Delay

s?*12.6s«3969 I 
Payload response

— >{«>
Modal coordinate 

to payload deflection

To W orkspace 2 Unit Delay 7

Graph Scope

inverse plant model
Controller oi 

1 = on
Product

Fig. 5.4 : Simulink block diagram used fo r  D irect M odel Inversion simulations

5.2 Controller Operation

The Simulink block diagram shown in figure 5.4 was simulated for a period of 25 
seconds using a Runge-Kutta 5th order numerical integration routine. The disturbance 
torque input that was used for the simulation was chosen to be the same as that used for 
training the neural network controller. During the simulations the controller was initially 
left switched off, but was switched on after 11 seconds. Once in operation, the 
controller provided control signals every 0.005s.
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5.2.1 Controller Performance under Standard Conditions

The response of the payload to the disturbance torque with the neural network controller 
being switched off and then on after 11 seconds is shown in figure 5.5
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Fig. 5 3  : Controller performance (wheel speed  = 60 rad s'^)

As can be seen in figure 5.5, when the neural network controller is switched on, payload 
deflections are reduced by a factor of one half, as predicted by equation (3.2). The 
Direct Model Inversion method has therefore been successfully used to train a neural 
network to model the inverse dynamics of the plant.

5.2.2 Controller Performance under Non-Standard Conditions

Although in the previous section, it was shown how a neural network controller was 
successfully trained to reduce payload deflections, there was no discussion of how well 
the controller can perform when differing disturbance torque inputs are fed to the plant
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After all, figure 5.5 just represents the response of the payload when the same 
disturbance torque that was used to train the neural network controller is input into the 
plant. A good test of the usefulness of the neural network controller would therefore be 
to repeat the simulations using disturbance torque inputs corresponding to different 
reaction wheel speeds.

Figures 5.6 to 5.8 show the performance of the neural network controller when 
disturbance torques corresponding to differing reaction wheel speeds were fed to the 
plant. In the three figures, reaction wheel speeds of 50 rad s"*, 40 rad s"* , and 30 rad s“ 
* were used respectively.
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Fig. 5.6 : Controller performance (wheel speed  = 50 rad  W )
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Fig. 5.7 : Controller performance (wheel speed = 40 rad s~^)
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Fig. 5.8 : Controller performance (wheel speed  = 30 rad s'^)
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As can be seen, the neural network controller is still capable of reducing payload 
disturbances when reaction wheel speeds of 50 rad s~* and 40 rad s~l are used (which 
are still close to the reaction wheel speed of 60 rad s’* that was used for training vector 
generation). However, the performance of the controller drops off rapidly with 
decreasing reaction wheel speed, and once the wheel speed drops to 30 rad s"*, turning 
on the controller after 11 seconds actually causes payload disturbances to increase.

Finally, to test the performance of the controller under the conditions of unexpected 
changes in the plant dynamics, a simulation was carried out where the inertia of the 
spacecraft decreased by 10% after the first 5 seconds. As before, the controller was 
turned on after 11 seconds. The result of this simulation is shown in figure 5.9.
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Fig. 5.9 : Controller performance (reduction in spacecraft inertia after 5  seconds)

As can be seen in figure 5.9, the unexpected 10% change in spacecraft inertia after the 
first 5 seconds of the simulation does not drastically change the dynamics of the plant, 
and the controller is still able to reduce payload disturbances by approximately one half.

6 2



5.3 Conclusions

In this chapter, the Direct Model Inversion method was used to train a neural network 
controller to model the inverse dynamics of the spacecraft plant model developed in 
Chapter 4. It was shown that the neural network controller that was produced using this 
method was successful in reducing payload deflections by approximately one half, in 
accordance with theoretical predictions. It was also shown that the controller could 
generalise to a certain extent when presented with different plant conditions to those 
experienced during training, although performance decreased rapidly with decreasing 
frequency of the disturbance torque inputs.

Despite the seemingly successful results obtained using the Direct Model Inversion 
method, a payload disturbance rejection factor of one half does not represent a major 
achievement for the neural network controller when compared to the performance of 
traditional control methods, such as using a simple gain term in the feedback path. The 
result highlights the shortcomings of using a pure plant inverse for closed loop control, 
and hence highlights the inadequacies of the Direct Model Inversion method.

The main problem with the Direct Model Inversion method is that it does not allow any 
information about the desired operation of the plant to be built into the neural network 
controller. In addition, the method does not take into consideration the possibility that 
more than one input to the plant could produce the same plant output.

The drawbacks of the Direct Model Inversion method can be overcome to a certain 
extent by using the Indirect Model Inversion technique. The application of this technique 
to the spacecraft plant model is discussed in detail in the following chapter.
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6 Indirect Model Inversion

The Indirect Model Inversion method is quite different to the Direct Model Inversion 
method discussed in the previous section. The method is also much more difficult to 
implement, particularly in the Simulink environment, and was therefore investigated after 
satisfactory results had been obtained using the Direct Model Inversion method.

6.1 Forward Model Configuration

6.1.1 Choice of Training Vectors

One of the important differences between the Direct Model Inversion and the Indirect 
Model Inversion methods is that the latter method makes use of two neural networks. 
The first network is used to model the forward dynamics of the plant to be controlled, 
and is trained off-line using training vectors generated from the plant. The second 
network is the controller network, and is trained on-line in accordance with the 
performance of the network as a controller.

The first step to take when using the Indirect Model Inversion method is to choose an 
appropriate architecture for the neural network that is to model the forward dynamics of 
the plant.

The forward dynamics of linear plants can be well represented using an Auto-Regressive 
Moving Average (ARMA) model. In this scheme, the next output of the plant can be 
calculated from the sum of weighted previous plant inputs and outputs. Mathematically, 
the ARMA model is represented as

n n

<6-!)
i= 0 i=0

Equation (6.1) can be easily represented by a neural network comprising a single linear 
neuron, where a and b are the weights of the inputs to the neuron. The only question to 
ask now is how many past plant inputs and outputs must be used in the ARMA model. 
Again, a good way of answering this question is to use more inputs and outputs than are
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necessary, and then to gradually reduce this number until further reductions would result 
in the performance of the forward model falling below a predetermined level. However, 
good results have been obtained in [6] using the current and previous three plant inputs 
and outputs, so this configuration was adopted again here.

6.1.2 Training Vector Generation

The Simulink block diagram that was used to generate training vectors for the forward 
model neural network is shown in figure 6.1. A breakdown of the Simulink sub-block 
labelled "Delayed plant inputs and outputs" is shown in figure 6.2.
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Fig. 6.1 : Generation o f  training vectors fo r  the forw ard model neural network
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Fig. 6 2  : Simulink sub-block used to generate delayed plant inputs and outputs

The Simulink block diagram shown in figure 6.1 was simulated for 2 seconds using a 
Runge-Kutta 5th order numerical integration routine with a fixed step size of 0.005s. 
The input to the plant was a step torque of 0.2 Nm (which is the maximum torque that is 
available from the reaction wheel of the spacecraft). At the end of the simulation, the 
training vectors were stored as matrices in the Matlab workspace. Once again, the use of 
the appropriate number of delay operators (as illustrated in figure 6.2) saved having to 
write a Matlab language program to construct the appropriate training vectors from 
matrices containing the single inputs and outputs at each of the time steps.

6.1.3 Training Procedure

Once the training vectors had been generated, they were used to train the neural network 
that was to represent the ARMA model. The Matlab code needed to train a single linear 
neuron with input matrix P and a weight matrix W is :

A = purelin(lT x P ) ; calculate network output
E — T — A ; calculate network error
d\V = leamwh (P, £, Ir) ; update weights
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In the above code the "purelin" function calculates the output of a linear neuron. E is the 
error vector, calculated from the difference between the actual output A of the neuron 
and the target output T. The "leamwh" (Leam-Widrow-Hoff) function is used to 
calculate the matrix of weight changes dW for the linear neuron from the neuron input P, 
the error vector E, and the learning rate Ir using the Widrow-Hoff rule. The value of the 
learning rate must be carefully chosen as too small a learning rate results in excessively 
large training times. On the other hand, too large a learning rate results in the network 
continually overshooting the minimum in the error surface.

The Widrow-Hoff learning rule is chosen for linear networks as the rule represents a 
steepest gradient descent procedure, and networks of linear neurons have parabolic error 
surfaces. A simple steepest gradient descent procedure is therefore guaranteed to find 
the minimum in the error surface.

Unlike most neural network architectures, networks of linear neurons can be designed
directly without having to use the Widrow-Hoff learning rule as long as all the input and
target vectors are known. The Matlab function that calculates the minimum error 
solution for a network of linear neurons is called "solvelin". Thus the code detailed 
above was not actually required, and was replaced instead with the command

W=  solvelin (P,T) (6.2)

where P and T were the matrices holding the input and target vectors respectively. The 
function of the solvelin routine does not involve any complex computation. The function 
simply finds the weight matrix W that solves the equation

WP = T (6.3)

Once trained, the forward model network was tested by supplying a step torque to the 
input of the neural network. The step torque was chosen to be the same as that used to 
generate training vectors for the forward model from the plant. The output of the 
forward model network was then compared to the response of the actual plant when the 
same step torque input is used. The Simulink block diagram that was used to carry out 
this test is shown in figure 6.3. The responses of both the forward model neural network 
and the actual plant to the step torque are plotted together in figure 6.4.
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Fig. 6.4 : Plant and forward model neural network responses to a step torque input
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As can be seen from figure 6.4, the responses of the plant and the forward model are 
virtually identical (the two plots almost completely overlap) indicating that the neural 
network models the forward dynamics of the plant well when presented with the same 
step torque that was used for training.

In order to test how well the neural network models the forward dynamics of the plant in 
the presence of "unseen" inputs, its performance was tested using a band-limited white 
noise input. Figure 6.5 shows the response of the neural network to a white noise input, 
along with the actual plant response.
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Fig. 6 5  : Plant and forw ard model neural network responses to a white noise input

Again, the two plots are virtually identical, indicating that the network is likely to give a 
good description of the forward dynamics of the plant in the presence of a variety of 
inputs.

69



6.1.4 Representation in Simulink

The forward model neural network served two purposes in the Indirect Model Inversion 
simulations carried out in this thesis. The first purpose was to calculate the next output 
of the plant (the next plant error) from current and previous plant inputs and outputs. 
The second purpose was to map the plant error from "plant output space" to plant input 
space, so that it could be used to update the weights and biases of the controller 
network. Once the forward model neural network had been obtained, these two roles 
could be implemented in Simulink using appropriate "Matlab Function" blocks. The 
Simulink block diagram representing this configuration is shown in figure 6 .6 .
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Delayed
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inputs

Next
deflection

error

-►  prediction
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Backpropagate error 
through ANN 
forward model

Matlab Function

C alculate controller 
target vector

r*C tgt

Matlab Function
Target vector 

(=output + error)

-►  input_error

Next plant input error

Fig. 6.6 : Simulink representation o f  the forw ard m odel neural network

The first of the Matlab Function blocks in figure 6 .6  simply multiplies its input 
(comprising the current and last three plant inputs and outputs) with the weight matrix of 
the single neuron in the forward model network. The output of the forward model is 
then a prediction of the next output of the plant. This predicted output is then subtracted 
from the plant demand (which is zero) to obtain a prediction of the next plant error, 
before this error prediction can be used to update the weights of the controller network, 
it must be mapped from plant output space to plant input space by backpropagating it 
through the forward model.

The output of the forward model neural network is given by

yM = w'lJ'* + M -1  + w3^-2 + w4y*_3 + W5ut + + wvKt_ 2 + wsu„_3 (6.4)
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where u and y  are the inputs and outputs of the plant respectively, and wn is the weight 
of the connection of the rfi1 input to the neuron. Thus the relationship between the error 
in the current plant input and the error in the next plant output is given by

(6.5)
W5

The error in the current plant input can therefore be simply calculated by determining the 
next plant deflection (plant error) and dividing it by the single network weight W5 . This 
then, is the function of the second of the Matlab Function blocks shown in figure 6 .6 .

The third Matlab Function block in figure 6 .6  is simply used to construct a target vector 
for the controller network from the controller output vector and the error vector.

6.2 Controller Network Configuration

6.2.1 Network Architecture

As discussed in Chapter 3, a network comprising a hidden layer of tansigmoidal neurons 
and an output layer of linear neurons is capable of mapping any arbitrary function to any 
given precision provided a suitable number of neurons are chosen for the hidden layer 
and a suitable training procedure is adopted.

In view of the above, the architecture that was chosen for the neural network controller 
in this work was that of a hidden layer of tansigmoidal neurons and an output layer 
comprising a single linear neuron. The number of tansigmoidal neurons used in the input 
layer was varied during simulations between 1 and 10  in an attempt to find an optimum 
configuration for the controller network.
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6.2.2 Representation in Simulink

Although it is easy to decide upon a suitable architecture for the neural network 
controller, it is not obvious how the network should be interfaced with the Simulink 
environment for Indirect Model Inversion simulations. In this section, the problems that 
arise in representing the Indirect Model Inversion controller in Simulink are discussed 
and the solution that was adopted to solve these problems is presented.

Although the controller used in the Direct Model Inversion method was simple to 
represent in Simulink, the controller used for Indirect Model Inversion is much harder to 
implement This is because unlike the Direct Model Inversion method, the Indirect 
Model Inversion method is an on-line method, and as such, the weights and biases of the 
neural network controller must be updated during the course of a simulation. This 
presents problems as it means that the controller neural network cannot now be simply 
represented in Simulink by using another Matlab Function block since weights that are 
stored in the Matlab workspace cannot be updated while a simulation is in progress. 
Instead, some method of storing and updating weights and biases within Simulink must 
be found.

One way of dealing with this problem is to represent the controller network in Simulink 
using an S-Function block. This is a Simulink block that passes values to and receives 
values from a specially written program at specified times during a simulation. The 
program is written in Matlab language, but must follow a precise format so that the 
Simulink simulation can properly interact with it.

Figure 6.7 shows the Simulink block diagram that was used for the Indirect Model 
Inversion simulations carried out in this work. In the figure, the sub-block labelled 
"plant” consists of the spacecraft model developed in chapter 4, and the sub-block 
labelled "Neural network forward model" consists of the block diagram shown in figure 
6.6. The sub-block labelled "neural network controller" is shown in figure 6.8
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Figure 6.8 shows how the S-Function block was used to represent the neural network 
controller in Simulink. To allow the greatest possible flexibility, the S-Function was 
designed in a way that allowed a number of parameters associated with the learning 
algorithm of the network to be adjusted during the simulations.

The operation of the S-Function can be described as follows : At the beginning of a 
simulation, the network weights and biases (which must be initially available in the
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Matlab workspace) are passed to the S-Function along with the input and target vectors 
and the various parameters used by the network learning algorithm. The S-Function then 
calculates the network output and from that, the network error. This error is then used 
in conjunction with the parameters of the learning algorithm to calculate the new weights 
and biases of the network. Finally the new weights and biases, the network output and 
the network error are passed back from the S-Function to the Simulink simulation.

An important point to note about the operation of the S-Function is that the weights and 
biases of the controller network are passed in a feedback loop from the output to the 
input of the S-Function ready for use at the next integration time step. This is the only 
way in which the latest weights and biases of the controller network can be stored in the 
Simulink environment.

Finally, when the end of the simulation is reached, the weights and biases of the 
controller network are stored in the Matlab workspace. However, the Simulink block 
diagram representing the neural network was designed so that these stored weights and 
biases could easily be "re-loaded" by the network and used again in future simulations.

A major problem that arises with the operation of the S-Function discussed so far is that 
an S-Function can only receive and return matrices with a single row, and all the inputs 
and outputs of the S-Function used here are matrices of varying dimensions. This means 
that the S-Function must initially decode its input matrix into the weights, biases, input 
vector, target vector, and individual learning parameters before it can make use of them. 
Once the S-Function has completed its calculations it must then re-code the weights, 
biases, network output and network error into a single matrix of order (1 by n) ready for 
returning to Simulink. This greatly increases the complexity of the S-Function code that 
must be written to represent the neural network controller, particularly in view of the 
fact that networks with a various numbers of hidden neurons were to be tested. Thus the 
S-Function code had to be designed with sufficient flexibility to cope with a varying 
numbers of network weights and biases.

To achieve the flexibility that was required from the S-Function representing the neural 
network controller, it was necessary to also write a controller network set-up program 
that had to be run prior to carrying out a simulation. The program could be run from the 
Matlab command line or alternatively by clicking on a "neural network controller set-up" 
icon from within Simulink. The set-up program allowed the user to specify the number 
of hidden neurons in the controller network along with the number of inputs and the
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delay time that was required between sampled inputs. The program also enabled the user 
to randomise the initial weights and biases of the controller network, if this was required.

In summary, the method that was used to represent the neural network controller in 
Simulink allowed controllers of varying architectures to be constructed quickly and 
easily. The method also allowed great flexibility in that learning parameters could be 
varied easily on-line, and that previously stored weights and biases could be re-loaded 
into the controller. However, one disadvantage with the method is that when networks 
using large numbers of neurons are used, the s-function must decode and re-code a 
considerable number of weights and biases. This drastically slows down the speed of the 
simulations.

For the sake of completeness, listings of the S-Function program and the controller set­
up program that were used in this work are given in Appendix A.

6.3 Controller Operation

The Simulink block diagram shown in figure 6.7 was used for all the Indirect Model 
Inversion simulations carried out in this work, and in each case, a Runge-Kutta 5th order 
numerical integration routine with a fixed step size of 0.005s was used.

At the beginning of each of the simulations, the architecture of the controller network 
was initialised using the controller set-up program, and the initial weights and biases of 
the network were randomised. In each of the simulations discussed in sections 6.3.1 and 
6.3.2, the architecture of the controller network comprised a single tansigmoidal neuron 
in the hidden (input) layer and a linear neuron in the output layer. In section 6.3.3 the 
results obtained using a larger number of tansigmoidal neurons in the output layer are 
discussed.

Each of the simulations was carried out for a period of 22 seconds. The main reason for 
choosing this length of time was that longer simulations caused the Matlab and Simulink 
programs to crash every time (this problem is discussed in section 6.3.4).

In each of the simulations, the neural network controller was switched on and set to 
adapt itself on-line for the first 20 seconds of the simulation. The controller was then
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switched off so that the response of the uncontrolled plant could be observed for 
comparison.

6.3.1 Controller Performance under Standard Conditions

Figure 6.9 shows the performance of the neural network controller when a disturbance 
torque corresponding to a reaction wheel speed of 60 rad s"* is fed to the input of the 
plant model. In this simulation a zero momentum constant was chosen for the learning 
algorithm so that network weight changes were based solely on error gradient and not at 
all on previous weight changes. A learning rate of 0.05 was arbitrarily selected.
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Fig. 6.9 : Controller performance (wheel speed  = 60 rad  W , me = 0, Ir = 0.05)

Figure 6.9 shows that the neural network controller adapted itself effectively on-line to 
reduce payload disturbances. The network learning algorithm appeared to have 
converged by the time the controller network was switched off (20 seconds into the 
simulation). At this point, the controller was reducing payload disturbances by 
approximately one half, the network had therefore successfully adapted itself to
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represent the inverse of the plant dynamics for the particular frequency of disturbance 
torque input.

Figure 6.10 shows exactly the same simulation as figure 6.9 except that in this case, a 
learning rate of 0.25 was arbitrarily chosen (compared to the learning rate of 0.05 used in 
the previous simulation).

c  0.5

Time (sec)

Fig. 6.10 : Controller performance (wheel speed = 60 rad s'^, me = 0 , l r =  0.25)

Once again, the neural network controller quite successfully adapted itself on-line until it 
represented the inverse dynamics of the system at the frequency of the disturbance 
torque input. However on this occasion, the neural network learning algorithm 
converged much more rapidly, indicating that the larger learning rate of 0.25 was much 
more suitable.

Figure 6.11 shows a repeat of the previous two simulations except in this case a learning 
rate of 1.3 was arbitrarily chosen.
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Fig. 6.11 : Controller performance (wheel speed = 60 rad W , me = 0, Ir = 1 3 )

Unlike in the previous two simulations, the neural network controller in this case 
performed very poorly. The initial control signals were so poor and the weight changes 
so large that very large payload deflections initially occurred. The large learning rate 
ensured that the network overshot its target at each of the simulation time steps when the 
network weights were updated. The weight changes that occurred as a result during the 
course of the simulation were very large, and the controller was never really able to 
recover from its initially poor performance. Finally, when the controller was switched off 
after 20 seconds, the payload did not get a large control signal to counteract the last 
large control signal that it received from the neural network controller. The payload was 
therefore deflected through a large angle, and did not settle before the end of the 
simulation. This shows how important the values of certain neural network parameters 
can be, even though there is no way of knowing in advance what the optimum values of 
these parameters might be.

Figures 6.12 and 6.13 show the response of the plant when the simulations shown in 
figures 6.9 and 6.10 were repeated using non zero momentum constants in the controller 
network learning algorithm.
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Fig. 6.12 : Controller performance (wheel speed = 60 rad s'^ , me = 0.95, Ir = 0.05)
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Fig. 6.13 : Controller performance (wheel speed  =  60 rad s ' , me =  0.95, Ir =  0.25)
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In each of the cases shown in figures 6.12 and 6.13 a momentum constant of 0.95 was 
chosen, so that network weight changes at each simulation time step were based 95% on 
previous weight changes and only 5% based on the current network error gradient.

As can be seen from both figures, employing a momentum constant in the controller 
network learning algorithm resulted in the plant experiencing a severe transient response 
in each case. These transient responses resulted in such large initial deflections of the 
payload that low amplitude low frequency payload oscillations were set up. In each case 
the oscillations did not die out as the simulations continued, even when the controller 
was eventually switched off after 20 seconds.

The simulations shown in figures 6.12 and 6.13 were repeated using various values for 
the momentum constant of the controller network. It was found that performance 
always improved when the value of the momentum constant was reduced, the best 
results being obtained when a zero momentum constant was used (as shown in figures 
6.9 and 6.10).

6.3.2 Controller Performance under Non-Standard Conditions

In the previous section it was shown that the Indirect Model Inversion method was 
successful in reducing payload disturbances, given a suitable choice of parameters for the 
neural network learning algorithm. However, all of the simulations that have been 
discussed so far were performed with a disturbance torque input to the plant that 
corresponded to a reaction wheel speed of 60 rad s“l. This is the same reaction wheel 
speed that was used to generate the disturbance torques that were used in training the 
forward model neural network which plays an integral part in the Indirect Model 
Inversion control method.

In order to investigate the robustness of the neural network controller that was used for 
the Indirect Model Inversion control method investigations, a number of additional 
simulations were carried out using disturbance torque inputs corresponding to various 
reaction wheel speeds. Figures 6.14 to 6.16 show the response of the payload and the 
performance of the controller when disturbance torque inputs corresponding to reaction 
wheel speeds of 50 rad s"*, 40 rad s~l, and 30 rad s"l respectively were used.
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Fig. 6.14 : Controller performance (wheel speed = 50 rad s~^, me  =  0, Ir =  0.05)
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Fig. 6.15 : C ontroller perform ance (wheel speed  =  40 rad s~^, me = 0, Ir =  0.05)
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Fig. 6.16 : Controller performance (wheel speed = 30 rad W , me = 0 , l r -  0.05)

In each of the three cases shown above, a zero momentum constant and a learning rate of 
0.05 were used. Again, the controller was switched on and set to adapt itself on-line for 
the first 20 seconds of each simulation.

Once again, it can be seen that as the speed of the reaction wheel is lowered, the 
performance of the controller drops off rapidly. It is not clear whether in the first case 
shown in figure 6.14 the controller would have converged much further had it been 
possible to run the simulation for longer. However, in the cases shown in figures 6.15 
and 6.16, it is clear that using the neural network controller causes an increase in the 
deflection of the payload of the spacecraft

Also of note in each of the simulations shown in figures 6.14 to 6.16 are the low 
amplitude, low frequency vibrations that are induced in the payload by the neural 
network controller. Again, this can be put down to the problem of the randomised 
weights and biases of the network initially causing the controller to provide totally 
unsuitable control signals that initially generate very large deflections in the payload. As 
discussed earlier in this chapter, this problem can be overcome to a certain extent by 
choosing a more appropriate (though ad hoc) value for the learning rate of the network.
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In order to further investigate the robustness of the controller, an additional simulation 
was carried out where the inertia of the spacecraft suddenly changed unexpectedly.

Figure 6.17 shows the performance of an initially untrained controller where the inertia 
of the spacecraft drops suddenly by 10% after the first 5 seconds. The input torque to 
the model corresponded to a reaction wheel speed of 60 rad s“T A zero momentum 

constant and a learning rate of 0.05 were used.

Fig. 6.17 : Controller performance (reduction in spacecraft inertia after 5 seconds)

As can be seen from figure 6.17, making a small change in the inertia of the spacecraft 
makes little difference to the dynamics of the spacecraft, and the controller is able to 

perform well, as before.
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6.3.3 Controllers with Multiple Neurons in the Input Layer

As part of the investigation into the Indirect Model Inversion control method that was 
carried out during this work, the effect on controller performance of varying the number 
of tansigmoidal neurons in the input layer of the controller network was studied.

One of the problems with investigating the performance of controller networks that have 
large numbers of neurons in their input layers is that the simulations take a considerable 
amount of time. This is due to the large numbers of weights and biases that must be 
continually coded and decoded by the S-Function that represents the controller network 
in Simulink. For this reason, the variation in controller performance with varying 
numbers of input neurons in the controller network was not extensively studied in this 
work.

Figures 6.18 to 6.21 show the results that were obtained when controller networks with 
3, 5, 7 and 10 tansigmoidal neurons in their input layers were used. In each case a zero 
momentum constant and a learning rate of 0.05 were used. Although, the controllers 
were identical in every respect apart from the number of neurons in their hidden layer, it 
must be remembered that the varying network architectures resulted in varying initial 
conditions as the initial weights and biases of each of the networks were different.
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Fig. 6.18 : Controller performance (3 neurons in the hidden layer)
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Fig. 6 .19 : C ontroller perform ance (5 neurons in the hidden layer)
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Fig. 6.20 : Controller performance (7 neurons in the hidden layer)
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As can be seen from figures 6.18 to 6.21, the number of neurons in the hidden layer of 
the controller neural network makes little difference to the end result, once the networks 
in each case have converged. Clearly, there are some differences in the performances of 
each of the networks, but no general trend is recognisable in increasing the number of 
hidden neurons in the controller network.

One interesting point to note is that the network with the largest number of neurons (10 
neurons) appeared to learn the fastest at the beginning of the simulation. This resulted in 
a reduced transient response, and thus a smoother performance for the remainder of the 
simulation. This seems to be in accordance with the generally accepted principle in 
neural network technology that networks with a large number of neurons generally learn 
more quickly than networks with fewer neurons.

One possible advantage of using neural networks with more neurons than necessary is 
that they may be more robust than networks comprising just a single neuron.

In order to investigate the robustness of a neural network employing more than one 
neuron, a further simulation was carried out where one of the neurons of an initially 
trained controller was forced to fail after 5 seconds. This was performed by editing the 
S-Function code so that the weights and bias of the neuron were set to zero for t > 5 
seconds. Figure 6.22 shows the performance of this neural network controller.
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Fig. 6.22 : Controller performance (5-neuron network, one neuron fails)

As can be seen from figure 6.22, a single neuron failure causes a glitch in the payload 
deflection, but the neural network quickly re-adapts itself to provide suitable control 
signals, this clearly shows that there is an advantage in using self-adapting neural 

networks with more neurons than strictly necessary. The robustness of the neural 

network controller to individual component failure has clear advantages for space-based 

control applications.

6.3.4 Technical Note Concerning Software Failures

One of the main problems that was encountered in the work carried out in this thesis 
concerned the consistent failure of the Matlab software when long simulations were 
carried out.

Often, it would have been useful to have been able to carry out simulations for longer 

than 22 seconds to see if a controller would eventually converge. However, this was not 
possible as Matlab always crashed, returning an "Out of Memory Error". This problem
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also occurred if a series of short simulations were carried out in succession. It was 
therefore necessary to quit the Matlab application at the end of each simulation before a 
new one was started. These problems clearly should not have been encountered as the 
machine used for the work in this thesis was a 486DX-33 with 8mb of memory.

To try to overcome these problems, the amount of "Virtual Memory" allocated to the 
Windows 3.1 operating system was increased. Although this did have some effect 
initially, it was found that once a particular limit (of about 19mb) had been exceeded no 
further gains could be obtained.

By allocating large amounts of virtual memory to the Windows operating system, 
another problem was introduced which was that during the simulations, Matlab spent a 
considerable amount of time writing to the hard disk. This drastically increased the time 
it took to run the simulations.

Clearly, the problems experienced here should not have been encountered. The amount 
of data that needed to be stored during the simulations was far less than the memory that 
should have been available to Matlab. Nobody else at Cranfield seemed to have any 
experience of this problem. However, towards the end of this work, a personal 
communication with a contact in industry revealed that similar problems have been 
encountered elsewhere, and that the problem does not occur with the next Matlab 
upgrade. It is therefore believed that the problem arises from a bug in the way that 
Matlab v4 manages memory.
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7 Conclusions

The work that was carried out in this thesis was successful in a number of respects. 
Firstly a spacecraft model and a corresponding spacecraft control problem were 
successfully represented in the Simulink environment. Secondly, two neural network 
control methods known frequently as Direct Model Inversion and Indirect Model 
Inversion were successfully applied to the spacecraft control problem. Furthermore, the 
neural network controllers that were produced showed robust behaviour under certain 
conditions.

7.1 Direct Model Inversion

The Direct Model Inversion method was successfully used to train a neural network to 
model the inverse dynamics of the plant to be controlled. When the inverse model was 
placed in the feedback path of the plant, payload disturbances could be reduced by a 
factor of one half, in accordance with predictions.

Despite the apparently successful results, the neural network inverse model only closely 
represented the inverse dynamics of the plant when a sinusoidal disturbance torque input 
of a certain frequency was applied to the plant. This particular frequency was the same 
as that used to generate the training vectors that were used to train the neural network 
controller off-line. When the frequency of the disturbance torque that was applied to the 
plant was reduced, the performance of the neural network controller deteriorated rapidly.

7.2 Indirect Model Inversion

The Indirect Model Inversion method was also successfully used to produce a neural 
network that could be used to control the spacecraft plant. Again an inverse model of 
the plant to be controlled was produced that could reduce payload deflections by one 
half when placed in the feedback path of the plant.
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Once again, these apparently successful results were disappointing. The inverse model 
neural network only closely resembled the actual plant inverse at a particular frequency. 
This frequency corresponded to the frequency that was used to generate the training 
vectors that were used to train the forward model neural network. When the frequency 
of the disturbance torque input to the plant was reduced, the performance of the neural 
network controller deteriorated rapidly.

Another cause for disappointment was that it was originally envisaged that something 
more than a simple inverse plant model could be obtained using the Indirect Model 
Inversion method. It was hoped that the controller network would adapt itself on-line in 
such a way that it would be able to provide optimum control signals so that payload 
deflections would be quite considerably reduced. However, this was not to be the case.

It is possible that the disappointing results obtained using Indirect Model Inversion arose 
from the way in which the weights and biases of the neural network controller were 
updated on-line. At any instant in time, the neural network controller was adapted in 
such a way that the single plant error at that instant in time was minimised. However, 
the updated set of weights and biases may not have been the most appropriate to provide 
a control signal at the next time step of the simulation. The controller network was 
therefore continually being updated in response to a local error (in time) rather than a 
global error. A good way of getting around this problem would have been to store 
some record of say the last 100 plant errors, and then to update the network in a way 
that minimises all of these errors rather than just the most recent one. Network weight 
and bias updates could then be set to occur every 100 simulation time steps, for example. 
This form of on-line batch learning may have been able to produce a more effective 
controller that could have reduced payload deflections more effectively.

Some of the successes achieved with the Indirect Model Inversion method are concerned 
with the results that were obtained using controller networks with multiple neurons in 
their input layers. The following results are of note:

(i) Self-adapting neural network controllers with at least several neurons in their 
input layer were not particularly affected by the in-operation failure of one of 
their neurons.

91



(ii) The neural network with the largest number of neurons was the quickest to 
learn at the beginning of the simulation, resulting in an improved transient 
response, and smoother overall performance.

The first of these points has particular relevance to space-based applications, where 
redundancy and robust performance are of paramount importance.

The second point seems to be in accordance with the generally accepted principle in the 
field of neural network technology that larger networks require less training.

7.3 General Conclusions

Although some relatively successful results were obtained during the course of this work, 
a number of conclusions can be drawn that raise concerns about the application of neural 
network technology in this context. These are :

(i) In all of the simulations carried out in this work, a better control performance
could be obtained by using a simple positional feedback gain term. (For this 
reason, it was felt that in this thesis, it would not be worthwhile comparing 
the performance of the neural network controllers with the performance of a 
controller of conventional design).

(ii) The neural network controllers that were produced were not effective over a 
wide enough range of disturbance torque frequencies to justify their use as 
controllers.

(iii) The whole of neural network technology is based on a trial and error 
methodology that is completely at odds with the thorough engineering
principles that are universally adopted in the space industry.

Although these conclusions are quite negative, it should be pointed out that they apply to 
the work carried out in this thesis and to the current state of neural network technology. 
These conclusions do not necessarily suggest that there will be no place for neural 
network control techniques in the space missions of the future. However, the technology 
is not yet sufficiently developed for any long term conclusions to be drawn.
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7.4 Suggestions for Further Work

Now that the work carried out in this thesis has been completed, an number of 
suggestions for further work are immediately apparent.

Probably the most significant area in which further investigations would be most 
worthwhile concerns the Indirect Model Inversion control method and its related 
problems (as discussed in section 7.2 above). The controller network could be further 
developed so that error vectors could be batched on-line for the purpose of batch 
learning. This could be done by carefully modifying the S-Function program that was 
used to carry out the on-line functions of the controller network. By doing this, the 
controller would adapt itself in such a way that a number of plant errors would be 
minimised rather than just the current plant error. This might result in the controller 
learning on-line to provide more suitable control signals that might in turn produce 
greater reductions in payload deflections.

Another area in which further study might prove fruitful is the area of Radial Basis 
Function networks. As discussed in chapter 2, Radial Basis Function networks are 
networks of neurons that make use of symmetrical (often Gaussian) transfer functions. 
Like backpropagation networks using tansigmoidal neurons, Radial Basis Function 
networks can be used as universal function approximators, but have the added feature of 
possessing a guaranteed global minimum. Radial Basis Function networks were not 
investigated in this work as they are not supported in the Neural Network Toolbox that 
is available with Matlab v4. However, it is understood that neural Network Toolbox that 
is provided with the subsequent Matlab upgrade does support the use of Radial Basis 
Function networks. It is also understood that networks of this kind can be simulated 
considerably faster than the backpropagation networks studied here.

Further improvements that can be suggested here include developing the spacecraft 
model further. For example, a reaction wheel model could be developed and 
incorporated into the spacecraft model used here. Other sensor models could also be 
developed and incorporated into the spacecraft model. These could comprise traditional 
positional sensors or perhaps rate gyros. Also, the inner control loop presented here 
could be studied in the wider context of the outer control loop that would be used in 
conjunction with a traditional (e.g. PID) control law for coarse attitude control.

93



Finally a further useful extension to the work presented here would be to incorporate 
some non-linearities into the spacecraft plant model. As conventional control algorithms 
have difficulties in controlling non-linear plants, a non-linear spacecraft plant model 
would provide a better testing ground for neural network control methods.
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Appendix A: Matlab Programs

In this appendix, a listing of the two Matlab language programs that were used in the 
Indirect Model Inversion control simulations are given.

The first program was used to initialize the controller network, and could be run directly 
from the Matlab workspace or by clicking on an icon in Simulink.

The second program was used by the S-Function that represented the controller network 
in the Simulink environment . At each time step of a simulation, the program first 
decodes its inputs (which are the weights and biases of the network and the parameters 
used by the network's learning algorithm). The program then calculates the neural 
network output and output error, and updates network weights and biases according to 
the values of the parameters of the learning algorithm. Finally, the program re-codes the 
weights, biases, network output and output error and passes them back to Simulink.

(i) Program to initialise the architecture of the neural network controller.

% Program to initialize the ANN architecture

fprintf('\n'); 
clc
fprintf('ANN architecture setup program\n'); 
fprintf('==============================\n');
inp=input(1 How many elements are there in the ANN input vector ? ');
hid=input(' How many tansigmoidal neurons do you require in the hidden layer ? ') ;
delay=input(1 Enter delay required between sampled plant inputs (sec) : ');

answer=input(1 Do you wish to randomize initial weights and biases (y/n) ? ','s');
if answer=='Y'

answer='y1;
end

% Calculate total no. of weights and biases for Mux & Demux blocks 
weightsize=(inp*hid)+ (2*hid)+1;

clc
fprintf('The following ANN architecture has been configured 
fprintf(1\n==================================================== 1);
fprintf(1\n\n No. of tansigmoidal neurons in the input layer : %g',hid); 
fprintf('\n No. of inputs to the input layer : %g',inp);
fprintf(1\n No. of linear neurons in the output layer : 1');
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if answer=='y'
weights=rands(1,(inp*hid)+ (2*hid)+1);
fprintf(1\n\n Weights and biases have been randomized in the region +/- 1');

else
fprintf(1\n\n N.B. Weights and biases have not been initialized\n - make 

sure that they are available in the workspace\n\n'); 
end
clear answer
fprintf('\n\n Press enter to return to Simulink');

(ii) Program called by the S-Function that represented the neural network 
controller in Simulink.

function [sys,xO]=sfun_ann(t,x,u,flag,weights,weightsize,inp,hid,delay);
% m-file called by ANN S-function
% The following variables are passed to the S-function from the workspace 
% weights : initial weights from workspace
% weightsize : Total no. of weights and biases
% hid : No. of neurons in the hidden layer
% inp : No. of inputs to the hidden layer
% delay : Simulation step size

if flag==3
% Calculate end markers for encoded inputs 
Wlend=hid*inp;
Blend=Wlend+hid;
W2 end=Blend+hid;
B2end=W2end+1;
Pend=B2 end+inp;

% De-code weights & biases 
if t==0

% Get weights from workspace and output them 
sys=[weights,0,0];

else
% load weights & biases from S-function input vector 
Wl=ones(hid,inp); 
for row=l:hid

for col=l:inp
W 1 (row,col)=u(((row-1)*inp)+col,1);

end
end
Bl=u(Wlend+1:Blend,1);
W2=u(Blend+1:W2end,1)';
B2=u(B2end,1);

% De-code remaining inputs 
P=u(B2end+1:Pend,1);
T=u(Pend+1,1); 
mom=u(Pend+2,1); 
lr=u(Pend+3,1);
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eratio=u(Pend+4,1);
1flag=u(Pend+5, 1) ;

% Calculate ANN output 
Al=tansig(W1*P,B1);
A2=purelin(W2*Al,B2);
E=T-A2;
D2=E;
Dl=deltatan(A1,D2,W2);

if lflag==0
% Don't calculate new weights 
wout=u(l:B2end,l); 
sys=[wout*,A2,E];

else
% Calculate new weights
dWl=0*Wl;
dBl=0*Bl;
dW2=0*W2;
dB2=0*B2;
[dWl,dBl]=learnbpm(P,Dl,lr,mom,dWl,dBl);
[dW2,dB2]=learnbpm(Al,D2,lr,mom,dW2,dB2);
Wlnew=Wl+dWl;
W2new=W2+dW2;
Blnew=Bl+dBl;
B2new=B2+dB2;

% Check new error, disregard new weights if too large 
A2new=purelin(W2new*tansig(Wlnew*P,Blnew),B2new); 
Enew=T-A2new;
if (abs(Enew/E))<eratio==l 

W1=Wlnew;
Bl=Blnew;
W2=W2new;
B2=B2new;

end

% En-code output vectors 
W1=W1';
W1=W1( : ) ;

W1=W1';
B1=B1';
sys=[Wl,B1,W2,B2,A2,E];

end
end

elseif flag==4
ts=delay;
ns=t/ts;
sys=(1+floor(ns+le-13*(1+ns)))*ts; 

elseif flag==0
nin=weightsize+inp+5 ; 
nout=weightsize+2; 
sys=[0,0,nout,nin,0,0];

else
sys=[];

end
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