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Abstract

A reliable and practical method of modelling nonlinear dynamic systems is essential.

Traditionally these systems have been modelled by the use of parameterised models. An

alternative available to model nonlinear dynamic systems is artificial neural networks. Artificial

neural networks are powerful empirical modelling tools that can be trained to mimic complicated

multi-input, multi-output nonlinear dynamic systems.

The system that is investigated for the modelling purpose is the Pebble Bed Modular Reactor, or

more specifically the high and low pressure compressors of the Pebble Bed Micro Model. In

order to utilize the best neural networks topology and configuration, neural networks were

compared. In the comparison of the neural networks, the execution time, final error, maximum

amplitude error, number of epochs used and convergence speed were investigated. All these

variables were compared for both time-delayed feedforward and recurrent networks. The

learning algorithms used to train the neural networks include the Levenberg-Marquardt, resilient

back-propagation, Broyden-Fletcher-Goldfarb-Shanno quasi-Newton, one step secant, gradient

descent and gradient descent with momentum algorithms.

The neural networks were successfully applied on both the high and low pressure compressors

and a high level of modelling accuracy was obtained in all the test instances. The applied

Levenberg-Marquardt algorithm, in conjunction with the appropriate network topology, presents

the optimal results.

This study showed that neural networks provide a fast, stable and accurate method of modelling

nonlinear dynamic systems and provide a viable alternative to existing methods for modelling

nonlinear dynamic systems. The results obtained showed that the accuracy and performance of

the different topologies used, is directly subjective to the complexity of the system being

modelled. The methodology that is used can also be applied to any linear or nonlinear, static or

dynamic system.
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Opsomming

"nBetroubare en praktiese metode om nie-lineere dinamiese stelsels te modelleer is essensieel.

Tradisioneel is hierdie stelsels gemodelleer deur middel van parametriese modelle. "nAlternatief

wat beskikbaar is om nie-lineere dinamiese stelsels te modelleer, is kunsmatige neurale

netwerke. Kunsmatige neurale netwerke is kragtige empiriese modelleringsgereedskapstukke

wat opgelei kan word om ingewikkelde multi-inset, multi-uitset nie-lineere dinamiese stelsels na
te boots.

Die stelsel wat vir die modellering ondersoek word, is die korrel-bed modulere reaktor of meer

spesifiek die hoedruk-en laedrukkompressors van die korrel-bed mikromodel. "n Vergelyking

van neurale netwerk topologiee en konfigurasies is nodig om die mees optimale neurale

netwerk te selekteer. Tydens die vergelyking is die uitvoeringstyd, finale fout, maksimum

amplitudefout, hoeveelheid iterasies benodig, en konvergensie spoed ondersoek. Die tyd-

vertraagde vooruitvoer-en terugvoernetwerke word ook in terme van hierdie kriteria vergelyk.

Die opleidingsalgoritmes wat gebruik word om die neurale netwerke op te lei is onder andere

die Levenberg-Marquardt, "resilient" terug-propagering, Broyden-Fletcher-Goldfarb-Shanno,

een stap snylyn, gradient afnemend en gradient afnemend met momentumalgoritmes.

Die neurale netwerke is suksesvol toegepas op beide die hoedruk-en laedrukkompressors en

uitstekende modelleringsakkuraatheid is in al die toetsgevalle verkry. Die toegepaste

Levenberg-Marquardt algoritme, tesame met die vorentoenetwerktopologie, lewer die optimale
resultate.

Die studie het getoon dat neurale netwerke 'n vinnige, stabiele en akkurate alternatief bied tot

bestaande metodes vir die modellering van nie-lineere dinamiese stelsels. Die resultate toon

dat die akkuraatheid en verrigting van die verskillende topologiee direk afhanklik is van die

kompleksiteit van die stelsel wat gemodelleer moet word. Die metodologie wat gebruik word,

kan ook op liniere of nie-lineere, statiese of dinamiese stelsels toegepas word.
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Chapter 1: Introduction

Chapter 1: Introd uction

This chapter presents some background to motivate the research. A problem statement with the

proposed solution is discussed. The research problem is sub-divided into sub-problems which

are addressed separately. The methodology followed in the research is stated and finally an

overview of the dissertation chapters is given.

1.1. Background

The modelling of complicated systems demands modelling methods that can cope with high

dimensionality, nonlinearity, and uncertainty. When the system to be modelled is linear, well-

developed theories for solving the system exist [1] & [2]. However, when the system is

nonlinear, difficulties arise and alternatives to traditional linear and nonlinear modelling methods

are required. One such alternative is nonlinear black-box modelling with artificial neural

networks.

Artificial neural networks are based on the biological neuron and have been successfully

applied to the modelling and identification of nonlinear systems such as chemical plants,

travelling wave tube amplifiers, nonlinear Wiener systems, and satellite communication

channels. Neural network models have shown good performance compared to classical

techniques [4], [5], [6] & [7].

1.1.1. Artificial neural networks as modelling tools

The motivation behind the use of artificial neural networks is to enhance the modelling accuracy

and shorten the design process substantially. Artificial neural networks are powerful empirical

modelling tools that can be trained to represent complicated multi-input, multi-output nonlinear

systems.

Artificial neural networks provide an empirical alternative to conventional techniques, which are

often limited by strict assumptions of normality, linearity, variable independence, stability [3] and

lack of general applicability. Some of the advantages of neural networks over conventional

techniques are summarised below.

· Neural networks are good at solving problems that are too complicated for conventional

technologies [8]. Specifically, this is true for problems that do not have an algorithmic
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solution or for which an algorithmic solution is too complicated to be found. In effect, in

the field of modelling, both neural networks and fuzzy control were developed to deal

with problems which were hard or impossible to solve using traditional techniques.

· Neural networks provide universal mapping capabilities [9]. In addition to this neural

networks are pattern classifiers. This means that neural networks provide resilience

towards distortions, such as noise, in the input data [10].

The system that will be investigated for the modelling purpose is the Pebble Bed Modular

Reactor (PBMR), or more specifically the high and low pressure compressors of the Pebble Bed

Micro Model (PBMM).

1.1.2. The PBMR and the PBMM

The Pebble Bed Modular Reactor (PBMR) is a small, safe, environment friendly, cost efficient

and inexpensive nuclear power plant that is currently being developed in South Africa. During

the development phase a functional model of the Pebble Bed Modular Reactor (PBMR) was

build. It is known as the Pebble Bed Micro Model (PBMM).

The purpose of the PBMM-project is to serve as a manifestation platform for the three-shaft,

closed-loop, recuperative, inter-cooled Brayton cycle with helium as working fluid. The PBMM is

also able to demonstrate the operational procedures of the PBMR, including start-up, load-

following operation, steady-state full load and load rejection.

The PBMM plant was designed, constructed and commissioned within nine months from

January to September 2002 [11].The design of the plant was done with the aid of Flownet [12],

a thermal-fluid simulation software package that has the ability to simulate the steady-state and

transient operation of the thermo-dynamic system, making use of the performance

characteristics of the individual components. A very extensive model of the PBMM, based on

physical principles that are implemented in Flownet, is available for manipulation.

The different parameters involved with Flownet can directly be controlled through Simulink. This

provides an excellent environment for testing and validating various configurations. The

interaction between Simulink and Flownet is shown in Figure 1-1.The PBMR and PBMM will be

discussed in more detail in Chapter 4.
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Simulink

Inputs
.., Outputs

+ Temperature

+ Pressure

. , + Massflow rate--

Flownet

PBMM model

(High and/or Low pressure
compressors)

Figure 1-1: Basic representation of the interaction between Simulink and Flownet

1.2. Problem statement

Nonlinear, dynamic systems, in particular some subsystems of the PBMM, are proposed to be

modelled using artificial neural networks. During the modelling process the characteristics of the

high and low pressure compressor subsystems is determined as accurately as possible through

the use of these neural networks.

Accurate modelling can only be obtained if the possible peculiarities of neural networks are

addressed. The points of interest include:

· Selecting the proper topology, e.g. feedforward or recurrent.

· Selecting the right number of nodes and layers to use.

· Optimizing the rate of convergence during training.

· Addressingoptimisationand localminimaproblems.

In order to address the highlighted points it is necessary to instigate an in-depth study of neural

network topologies.

1.3. Purpose statement

The purpose statement can be summarised as the challenge to model the high pressure

compressor (HPC) and low pressure compressor (LPC) of the PBMM accurately by the use of

neural networks. To optimise the modelling accuracy of the above mentioned sub-systems, the

best possible neural network topology must be found. The secondary purpose therefore is to

Page 3 of 89
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find the optimal topology through an objective comparison of neural network structures and to

address the subject matter mentioned in Section 1.2.

Several different neural network topologies (with its associated learning paradigms) can be

used to model dynamic systems, but some are more suitable for certain tasks than others, an

aspect that has not been fully explored [13]. The suitability of a topology not only depends on a

single measure such as the number of variables, but also on other measures such as flexibility,

accuracy, computational cost, ease of training and the convergence rate due to learning rate

parameters [14]. An in-depth comparison of neural network topologies will provide guidance in

choosing the best neural network topology in future applications.

1.4. Research methodology

The method is summarised below, where the modelling methods are firstly evaluated. The focus

is on the black-box modelling of dynamic nonlinear systems using neural networks. During the

design phase the training and testing data are generated by the use of a controller,

implemented in Simulink, and the SimulinklFlownet interface. The neural networks are then

initialised, programmed, calibrated and tested with the assistance of various functions and

algorithms.

The training algorithms, used in the implementation of the neural networks, are also

investigated, because the algorithms have a direct influence on the accuracy, learning rate and

speed of convergence. The number of nodes, weights and interconnections used, as well as the

use of nonlinear or linear activation functions, will also be investigated.

After the necessary testing has been completed, it will be possible to compare the different

neural network topologies and to select the optimum topology. Data from comparable dynamic

systems (such as other components of the PBMM project) can be used to further test the

accuracy and validity of the different topologies.

1.5. Overview of the dissertation structure

The dissertation will be divided into the chapters described below and follow the sequence as

presented:

Chapter 2: System modelling. In this chapter dynamic and nonlinear systems are described.

The chapter continues with an overview of modelling methods, and more specifically black box

Page 4 of 89
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modelling structures. The importance of the excitation signal is emphasised and methods to

quantify the performance of the neural networks are defined.

Chapter 3: Neural networks. This chapter commences with a condensed overview of neural

networks. It follows with a description of static networks and focuses on dynamic networks. In

the following sections learning algorithms are discussed and the final part concentrates on

considerations in neural network design, such as generalisation.

Chapter 4: The Pebble Bed Modular Reactor. In this chapter the Pebble Bed Modular Reactor

(PBMR) and the Pebble Bed Micro Model (PBMM) are discussed. A summary of the PBMR is

given and the Main Power System (MPS), utilising a recuperative Brayton cycle, is described.

The prototype of the PMBR, the PBMM, is also described with specific reference to the

compressors, which will be modelled. The static and nonlinear performance of the compressors
is also examined.

Chapter 5: Methodology. This chapter describes the methodology followed within this study.

The data simulation system, excitation signals and data-subsampling is descibed. The controller

is designed and the neural network topologies are configured.

Chapter 6: Results and discussion. The results obtained from the different topologies for the

different inputs are presented and a comparison is made of the results. A summary of the

results are made to conclude the chapter.

Chapter 7: Conclusion and recommendations. The conclusions are made from the results

and areas of improvement are investigated. Recommendations for future studies are also

explored.

List of references. The list of references lists all the references that were used during the

writing of this dissertation.

Appendix. The appendix contains a discussion of the back-propagation algorithm, additional
results and software code.

1.6. Summary

This chapter presented the background and main objective of this study. A brief introduction to

the PBMR and neural networks was also provided. The following chapter will provide a more in-

depth literature study on modelling methods, excitation signals and performance measures.
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Chapter 2: System Modelling

2.1. Introduction

In this chapter dynamic and nonlinear systems are described. The chapter resumes with an

overview of modelling methods, and more specifically black box modelling structures. The

importance of the excitation signal is emphasised and methods to quantify the performance of

the neural networks are defined.

2.2. Dynamic systems

Many real-world processes can be represented as dynamic systems. A dynamic (time variant)

system can be defined as a system that changes with time. More specifically any system with

memory can be called a dynamic system.

· A system is memoryless if its output at any time depends only on the value of the input

at a specific moment.

. A system has memory if it is not memoryless.

A dynamic system can be characterised by differential equations (in continuous time) or

difference equations (in discrete time).

Process
x(n)

Input
u(n)

Figure 2-1: The general characterisation of a discrete time system

The discrete representation of a nonlinear dynamic system is provided by:

x(n+ 1)= J(x(n),u(n),n)

yen)= h(x(n),u(n),n)
(2.1)

where n is the time-step, J(.,.,.) and h(.,.,.) are nonlinear, vector-valued functions, u(n) is

the input, x(n) the process and yen) the output of the system. The dimensions of the vectors

nO and YO determine whether the system is a SISO, SIMO, MISO or MIMO system. By
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representing the inputs, process and outputs as vectors, the same mathematical definitions can

be applied to a system regardless of the number of inputs and outputs of the system.

Local behaviour of nonlinear systems can often be analysed by using a linear approximation,

but the approximation is only proficient within a small region. The following remarks can be
made:

· In order to model dynamic systems the modelling method must incorporate memory.

· The modelling method must have a nonlinear structure or incorporate nonlinearities in

one way or another.

Some theory and modelling methods are discussed in the following section.

2.3. Modelling methods

Physical systems are modelled for design purposes, verification, to identify and diagnose faults

in a working system and to predict system behaviour. Initially, designs were tested by using or

building physical prototypes, which in turn was very costly.

Models can be formed from mathematical fundamentals, scientific principles or artificial

intelligence methods, such as neural and fuzzy networks. The advancement in modelling

methods and simulations has led to the utilisation of computers for modelling and simulation in
almost all industrial and commercial fields.

2.3.1. Model structures

Prior knowledge about and physical insight into a system is important criteria when selecting a

model structure. It is customary to distinguish between three levels of prior knowledge, which

can be encapsulated within the following three models:

2.3.1.1. White box models. White box models are also referred to as physically parameterised

modelling. This is where all the physical insight into the plant is built into the model. It is

possible to construct a complete model entirely from prior knowledge and physical

insight.

Advantages:

The main advantage of this concept may be attributed to the existence of

physical meaning of the parameters arising in the modelling expressions. This

approach often leads to models which are sparse in the number of parameters.
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Limitations:

· The physics of the components are rarely known in such detail that it is possible

to establish the mutual dominance of all physical and technological parameters.

For systems of high complexity the number of such parameters can become so

large that it leads to very complicated models.

· In most cases it is not possible to describe the complete behaviour by one

equation only, having in mind different working regimes of the component [15].

· The equations describing parts of the model frequently become incompatible,

leading to non-analytical overall approximating functions.

· This method requires specialists in various fields and can be a time-consuming

and expensive process.

2.3.1.2. Grey box models. In grey box modelling a specific structure of a model is selected

from physical consideration, and coefficients are established by measurement. Grey box
models can further be sub-dived into:

Physical modelling: In this case the structure of the model can be constructed on a

physical basis, but several parameters remain to be determined from observed

data.

Semi-physical modelling: Physical insight is used to suggest certain nonlinear

combinations of measured data signal. These new signals are then subjected to

model structures of black box character.

2.3.1.3. Black box models: Black box models describe the functional relationships between

system inputs and system outputs. With the black box approach the model is searched

for in a sufficiently flexible model set. Instead of incorporating prior knowledge, the

model contains many parameters so that the unknown function can be approximated

without too large a bias. This approach demands much less engineering time, but is

heavily dependent on the information contained within the data.

Advantages:

· An advantage of black box modelling is related to the fact that the user doesn't

need to have full knowledge of the physics of the device being modelled. In

general there are no limitations in the choice of the approximants. Most

frequently the main restriction is that the approximants need to be analytical
functions.

· The cost of modelling is orders of magnitude smaller than that associated with

the development of mechanistic models.
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Limitations:

A limitation of black box modelling is the difficulty to model the nonlinear and

dynamic behaviour of a device concurrently. The excitation signal activates only

part of the inner properties of the device. This means that the model generated,

based on the measurement, may be inadequate for other signals. It may be

possible to negate the above-mentioned limitation by utilizing a purposely

developed excitation signal.

Models with structures and parameters that are related to real system variables, provide

significant benefits in the understanding of process behaviour (from simulations). However, it is

conceivable that a black box approach could be useful in situations where the input/output

relationships are of overriding importance and the significance of the model parameters are not

under consideration. This situation arguably arises in the control of such processes, where a

fast, workable and robust solution is of more importance than model elegance. The following

section will focus on specific black box structures.

2.3.2. Black box model selection

Black-box models for linear systems have been extensively and successfully handled within

some well known linear black-box structures [16]. Some of the linear black-box structures

include ordinary least squares regression, partial least squares regression, canonical variate

analysis and time series models. With sampled data systems this delineation is, in a sense,

arbitrary.

In practice, however, almost all measured processes are nonlinear to some extent and hence

linear modelling methods turn out to be inadequate in some cases [17]. In order to model

dynamic nonlinear systems, a nonlinear black box structure is proposed. This model structure is

prepared to describe virtually any nonlinear dynamics and became widely applicable in the

1980s with the increase in computer processing speed and data storage. Nonlinear black box

modelling is more complicated than linear modelling and many possible pitfalls exist.

Two approaches that are utilised for the black box modelling of nonlinear systems include state-

space representation based models and input-output based models. A state space

representation is used when the objective is to uncover a sufficient state space representation

of the system so that the neXtstates can be found from the initial state. The difficulty with a state

space representation is that it cannot always be written as a nonlinear input-output model of a

system. However, a nonlinear input-output model can be written as a state space

representation.
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The input-output based models, described below, are used when the temporal behaviour of the

system can be recognised by using past values of system inputs and outputs. Time delayed

inputs and outputs of the system or model are always used in this type of modelling. The black-

box model selection problem can be dissected into two design decisions: the choice of

regressor lp(n) and the choice of the model structuregO. The nonlinear regression model is

represented by:

yen) = g(O,lp(n» (2.2)

where yen) is the system output and 0 is the parameter vector. The parameter vector needs to

be fitted to the data so that the model resembles the input-output behaviour of the system as

accurately as possible. For g(.) to be a nonlinear black-box model, it must contain quite a few

parameters to possess the flexibility to approximate almost any function.

Although it is known that the model structure g(.) is nonlinear, it can often be worthwhile starting

the modelling effort by considering linear models. The reason is that it is easier to experiment

and try different values for lp(n). For linear black-box models the model structure is totally

determined by the choice of regressor. For nonlinear structures this is no longer the case; in

addition to the regressor, the nonlinear mapping needs to be specified. This means that each of

the proposed model labels corresponds to a whole family of nonlinear black-box structures.

Nonlinear models are further classified into different families of models depending on the choice

of regressor in analogy to linear black-box models. Four of these nonlinear model structures are

discussed below.

2.3.2.1. The NARMAX model

The NARMAX model is the most general and widely used input-output model, with a large

number of successful applications and theoretically motivated theorems. The NARMAX model is

defined by:

yen) =g[lp(n)]+e(n) (2.3)

The regressor vector that characterises the NARMAX model is defined as:

lp(n)=(y(n -1),..., yen - k),u(n -l),...,u(n - k), e(n),..., e(n - k») (2.4)

where u(n) is the exogenous (X) variable or system input, k is the number of past values, and
~

e(n) is the moving average (MA) variable or noise, e(n) =y(n)- y(n).

Page 10 of 89

-- -- - ---



Chapter 2: System Modelling

The NARMAX is a structure which is very easy to optimise, because the parameter fitting

problem is a static optimisation problem. The well-known Hammerstein and Wiener models are

special cases of NARMAX models [18]. The NARMAX models can however be overly

complicated and simpler less calculation intensive models may be available that provide the

same accuracy in many cases.

2.3.2.2. The NARX model

The NARX is another widely used model that is a general simplified form of the NARMAX

model. The model computes an output from an input that consists of past process input values

and past process output values. The NARX model is simplified by assuming that the error £(n)

is additive uncorrelated noise with zero-mean. Equation (2.3) still holds, but the regressor is now

defined by:

rp(n) = (y(n -1), ..., y(n - k), u(n -1), ...,u(n - k») (2.5)

Many other model types such as polynomial, Volterra and some neural network models are

covered by NARX model types. The NARX model is preferable to the NARMAX model when the

mapping of gO satisfies pre-defined criteria. It is, however, difficult to determine the model

order, and a large number of parameters need to be determined.

2.3.2.3. NFIR model

The regressor space of the model is defined by:

rp(n) =(u(n -1),..., u(n - k») (2.6)

The NFIR model is useful in some restricted applications, such as approximations for control

applications. The advantage of the NFIR model is that the noise will always be independent of

the input if the noise under consideration is purely additive. The number of regressors under

consideration is considerably more than for the models incorporating delayed outputs and

results in a model with increased complexity.

2.3.2.4. NOE model

The NOE model incorporates model feedback by using the own output of the model in the

regressor space rather than the system output. The system output is still used to optimise the

model. For the NOE model, the regressor is defined by:

rp(n)= (y(n -1), ...,y(n - k), u(n -1), ...,u(n - k), y(n -1), ..., .Y(n- k») (2.7)
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~

where yen) is the model output. A drawback of this model is that no assurance exists that the

parameters of the mapping system will converge. In most cases the NARX or NARMAX models

are superior to this model.

The model structures NOE and NARMAX correspond with recurrent structures, because parts

of the regression vector consist of past outputs from the model. In general, it is more difficult to

work with recurrent models [19], because it is difficulty to assess under what conditions the

obtained predictor model is stable. Furthermore, it takes an extra effort to calculate gradients for

model parameter estimation.

A black box modelling structure that is not discussed in this chapter is artificial neural networks.

The increase in inexpensive computing power and certain powerful theoretical results have led

to the enhanced application of neural networks in model building. The neural network structures

and algorithms will be discussed in detail in Chapter 3.

In order to generate an input-output model of a system, data must be captured. The process of

obtaining data includes the generation of an excitation signal, which is then used to excite the

system under consideration. The response of the system is captured and together with the input

forms the input-output data set. The following section deliberates on the importance of the

excitation signal.

2.4. Excitation signals

The selection of the excitation signal performs a fundamental role in the information contained

within the data. The signal that is used is supposed to excite the system in all its expected

dynamic behaviour. In the same time it is supposed to be able to shorten both the modelling

process and the simulation time. Looking at the direct current characteristic, the excitation signal

needs to have large enough amplitude to activate any nonlinearities.

In addition to this, the signal's spectrum should be able to span the dynamic range of the

component under investigation. Both the amplitude and the spectrum need to be taken into

account when dynamic nonlinear devices are to be modelled.

Traditionally, a stepwise or block signal is used for the modelling of systems. The advantages of

the stepwise or block signal are that they are reasonably easy to inject into systems and are

widely used. The disadvantage is that the signals were initially designed for linear system

modelling and this means that the signals are not able to capture all the dynamics of nonlinear
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systems. Furthermore, the signal's response is not bandwidth limited, due to the presence of an

infinite range of frequencies. For a finite sampling rate the signal is not accurately represented

in the frequency domain, because of the Nyquist criteria.

An alternative to the above-mentioned signals includes a chirp (frequency modulated sinusoidal

waveform) signal [20]. The chirp signal provides a good stand-in to other signals, because it is

able to represent nonlinearities over the whole range of frequencies of which the system must

be characterised. The signal is however limited by not being able to capture direct current
characteristics.

Block, stepwise, random and chirp signals alike, do generate accurate results in most

applications, but are limited in their ability to generate data sets for accurate modelling of

nonlinear dynamic systems. It would seem that the best results may be obtained by combining a

block- and chirp signal. This proposition is investigated in Chapter 5.

In order to quantify the results obtained in the subsequent chapters, some measurement criteria

must be defined. The measures will assist in standardising the results and will provide a basis

for effective comparison. The criteria are summarised in the following section.

2.5. Performance measurement

The establishment of measurement criteria performs a vital role in the validation of experiments

and results. The performance of neural-network simulations is often reported in terms of the

mean-squared-error (MSE), defined by:

(2.8)

where n equals the number of samples in the data, Xi is the desired or target values and Yi

represents the simulated (obtained) values for each value of i. The following measure will be

used to represent the output error in terms of the target signal.

n 2

~)Xi - Yi)
Final Error (FE) = ;=1 n

LXi2
;=1

(2.9)

The obtained error, from Equation (2.9), can also be expressedas a percentage,which is

defined as the final error percentage.
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n 2

~:)x; - y;)
Final Error Percentage (FEP) = ;=1 n X 100% (2.10)

LX;2
;=1

The root-mean-squared-error (RMSE) can now be expressed in terms of Equation (2.11), and is

formalised below:

(2.11 )

An important measure that is used throughout the following chapters is the maximum amplitude

error. It is defined as the amplitude of the maximum error in terms of the maximum amplitude of

the input signal.

MAE =max(x;- y;)
max(x)

(2.12)

Equations (2.8), (2.9) and (2.12) are used to quantify the errors in this study.

2.6. Summary

In this chapter the foundations of modelling and modelling methods were discussed. The black-

box modelling method was selected as the modelling method of choice. The problems with

excitation signals were identified and it is clear that the input signal performs an important role in

accurate modelling. The next chapter focuses exclusively on neural networks.
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Chapter 3: Neural Networks

3.1. Introduction

This chapter commences with a condensed overview of neural networks. It follows with a

description of static networks and focuses on dynamic networks. In the subsequent sections

learning algorithms are discussed and the final section concentrates on considerations in neural

network design, such as generalisation. The subject matter is written under the assumption that

the reader has a fundamental understanding of the terminology concerning neural networks.

The book written by S. Haykin [5] can be consulted for any further information.

3.2. Background

A neural network is an interconnected assembly of simple processing elements, units or nodes,

whose functionality is loosely based on the biological neuron. The processing ability of the

network is stored in the inter-unit connection strengths, or weights, obtained by a process of

adaptation to or learning from a set of training patterns. A great deal of the inspiration for the

discipline of neural networks comes from the desire to produce 'smart' artificial systems. These

systems must be capable of sophisticated computations, similar to those that the human brain

routinely performs. Three definitions of neural networks found in the literature are given below.

Definition 1:

A neural network is a massively parallel distributed processor made up of simple processing

units, which has a natural propensity for storing experiential knowledge and making it available

for use. It resembles the brain in two respects:

1. Knowledge is acquired by the network from its environment through a learning process.

2. Interneuron connection strengths, known as synaptic weights, are used to store the

acquired knowledge [5].

Definition 2:

Artificial neural systems, or neural networks, are physical cellular systems which can acquire,

store, and utilise experiential knowledge [10].

Definition 3:

A neural network is a circuit composed of a vel}llarge number of simple processing elements

that are neurally based. Each element operates only on local information. Furthermore, each

element operates asynchronously; thus there is no overall system clock [21].
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Artificial neural networks can be trained to represent complicated multi-input, multi-output

nonlinear systems. Neural networks are also pattern classifiers, so they provide robustness to

parameter variations and noise. The history as well as fundamental neural network principles

have been omitted in this chapter and are presented in [5] & [10]. In the following sections static

and dynamic topologies are discussed.

3.3. Static neural networks

Static neural networks are static systems that provide a nonlinear mapping of a set of inputs to a

set of outputs. Static neural networks, such as the multilayer perceptron and radial basis

function networks, are widely used because of their simple training and ease of use.

The multUayer perceptron neural network architecture is displayed in Figure 3-1. All data

propagates along the connections in the direction from the network inputs to the network

outputs. This specific neural network consists of three layers. In the first layer no manipulations

of the input data are performed. The data are directly transmitted into the five neurons in the

second (or hidden) layer and then to the final (or output) layer, represented by a solitary unit.

w...
...
'...r ,~

Network
output

Network

~~..

Hidden layer

Figure 3-1: A three-layer feedforward neural network

Each network input-to-unit and unit-to-unit connection (the lines in Figure 3-1) is modified by a

weight. In addition, each unit has an additional input that is assumed to have a constant value

of one. The weight that modifies this additional input is called the bias. Figure 3-2 shows an

example unit with its weights and bias.
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Network
inputs .
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Output

~

Figure 3-2: A unit with weights and bias

For the network described above, the following mathematical equations can be compiled. Let

the total input to neuron j in the hidden layer stage be Yj ,
p

Y . = "wooo. +b.
J L-J JI I J

i=l
(3.1)

where P is the number of units feeding into unit j. The output of unit j is then given by

(3.2)

Let the total input to neuron k in the output stage be Yk'

Q

Yk = L WkjOj +bk
j=1

(3.3)

and the output of unit k

(3.4)

Equations (3.1)-(3.4) describe the multilayer perceptron neural network topology and form the

basis for training the neural network.

Static neural networks have no inherent ability to mimic the dynamics present in a system and

cannot represent a dynamic system by itself since it is a static mapping. Since static neural

networks are inadequate for the task at hand, dynamic neural networks need to be investigated.
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3.4. Dynamic neural networks

Dynamic neural networks are neural networks with dynamics built into their structure. The term

dynamic refers to the temporal behaviour of the process itself, as well as to its parameters.

To follow variations in non-stationary processes, a time-handling structure needs to be

incorporated into the operation of a neural network. There are two methods to incorporate time

into the operation of a neural network.

· Implicit representation. Time is represented by the effect it has on signal processing in

an implicit manner. For example, the input signal being uniformly sampled, and the

sequence of synaptic weights of each neuron connected to the input layer of the neural

network is convolved with a different sequence of input samples. The temporal structure

of the input is therefore embedded in the spatial structure of the network.

· Explicit representation. Time is given its own particular representation. For example,

the echo-location system that a bat uses, which is discussed in Haykin's publication [5],

p.635.

In this study the implicit representation of time is utilised leading to the responsiveness of the

network to the temporal structure of information-bearing signals. Time, in neural networks, is

represented by local and global memory. The global memory is already included in almost all

neural network structures, but only limited structures include local memory. Architectures which

incorporate local and global memory are:

The time-delayed feedforward architecture

· Input-delayed neural networks (IDNN)

· Hidden-delayed neural networks (HDNN)
The recurrent or feedback architecture

· The local feedback architecture or more specifically Elman networks

· The global feedback architecture or more specifically recurrent multilayer

perceptron networks.

Dynamic neural networks have been shown to be more capable of modelling dynamic nonlinear

systems than static neural networks. This is due to the inherent dynamics of the dynamic neural

network [22]. The application of dynamic neural networks has initially been limited due to slow

and insufficient training algorithms. Some of the training and stability issues have subsequently

been addressed in more recent studies [23] & [24]. In the following section time-delayed
feedforward networks and recurrent networks are discussed.
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3.4.1. Time-delayed feedforward neural networks (TDNN)

A method for building local memory into the structure of neural networks is through the use of

time delays, which can be implemented at the synaptic level inside the network or at the input

layer of the network. A time-delay is defined as the time interval between the start of an event at

one point in a system and its resulting action at another point in the system.

In the feedforward architecture the local memory is incorporated by using time delayed

elements in the input or hidden layers of the neural network. The configuration, illustrated in

Figure 3-3, is a fully connected feedforward neural network consisting of p input delay units,

where each unit is characterised by G(z) = Z-I .

Input

..~.
.

.

.
.

..(n)

! ,.

Output

...

Input
layer DN

Figure 3-3: The use of the z-transform representation for time-delays

The use of time-delays implies that the input to any node i consists of the outputs of previous

nodes, not only during the current step n, but also during previous time steps

(n-l,n- 2,...,n- p).

At time n, the signal received at the input layer is therefore equal to:

x(n) = [x(n ),x(n-l),...,x(n- p)] (3.5)
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TDNN is further categorised as:

· Input-delayed neural networks (IDNN): Input-delayed neural networks consist

of a complete memory temporal encoding stage followed by a feedforward neural

network (see Figure 3-3). The IDNN has the advantage that it can be easily

analysed.

· Hidden-delayed neural networks (HDNN) or general TDNNs: The HDNN

architecture includes delays in the input as well as in the hidden layers.

The IDNN architecture and the HDNN architecture are functionally equivalent. They are both

capable of representing essentially the same class of problems, but a specific one might be

better suited for learning a different set of problems. The time-delayed feedforward neural

network structure is capable of modelling dynamic systems, but it is important to be aware of the

following concerns.

The first concern is determining the number of time-delays in the input and hidden layers. Too

many delays could lead to over parameterisation of the model and too few could lead to

insufficient modelling, in terms of accuracy, of the dynamic behaviour of the system.

The second concern, which concurs with the first, is the inability of the TDNN to adapt the

values of the time-delays. Time-delays are fixed initially and remain the same throughout

training. As a result, the neural network may have poor performance due to the inflexibility of

time-delays and a mismatch between the choice of time-delay values and the temporal location

of the important information in the input sequence. The influence of the number of time-delays is

investigated in Chapter 6.

3.4.2. Recurrent neural networks

The second dynamic neural network group is recurrent neural networks. Recurrent neural

networks refer to neural networks that have feedback paths within the network or feedback from

the network outputs to the inputs. In feedback networks, the objective is to achieve an

asymptotically stable solution that is a local minimum of the dissipated energy function. The

feedback loops involve the use of particular branches of unit-delay elements (denoted by Z-I),

which results in dynamic behaviour. With the addition of nonlinear units in the hidden layer of

the neural network, nonlinear dynamic systems can be modelled.

Recurrent networks are inherently more powerful than feedforward networks, because they are

able to dynamically store and use state information indefinitely due to the built-in feedback. The

local and global recurrent neural networks structures are discussed below.
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3.4.2.1. Local recurrent network (Elman network)

In locally recurrent networks the feedback is provided locally around each individual node. Each

node weights a fraction of its own past outputs and node outputs from previous layers. A local

recurrent structure which will be investigated is the Elman network [25].

Figure 3-4: A recurrent neural network with local recurrence

Elman networks are single hidden layer networks, with the addition of an internal feedback

connection from the output of the hidden layer to the input of the hidden layer. The Elman

network has sigmoid neurons in its hidden (recurrent) layer, and linear neurons in its output

layer. This combination is special in that two-layer networks with these transfer functions can

approximate any function (with a finite number of discontinuities) with arbitrary accuracy. The

number of hidden neurons is directly dependent on the complexity of the function being fit.

In addition to the input and the output units, the Elman network has a hidden unit, Xh and a

context unit, xd. The interconnection matrixes are represented bywdfor the context-hidden

layer, wij for the input-hidden layer and wjk for the hidden-output layer.

Input..
Input
layer

Network
output

~~

xd(n+1)
Hidden

layer

Figure 3-5: Block diagram of the Elman network
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The dynamics of the Elman neural network is described by the difference Equation (3.6).

Xh (n + 1)= rpI {WdXd (n + 1) + wijx( n) + bn}

y( n + 1) = rp2{WjkXh (n+ 1)+bn}
(3.6)

where rpl(.) is a sigmoid function and rp2(.) a linear function.

The delays in this configuration stores values from the previous time step, which can be used in

the current time step. Thus, even if two Elman networks, with the same weights and biases, are

given identical inputs at a given time step, their outputs can be different due to different
feedback states.

3.4.2.2. Global recurrent network (Recurrent multilayer perceptron)

In global recurrent networks the output is fed back as the input after the network is in operation.

An example of a global recurrent network is the recurrent multilayer perceptron network.

Figure 3-6: A recurrent neural network with global recurrence

The recurrent multilayer perceptron (RMLP) network combines the topologies of conventional

multilayer perceptron networks with those of general recurrent network structures, such as the

Hopfield network.

The RMLP is constructed, as depicted in Figure 3-7, by connecting successive layers with no

recurrent weight connections between them. The feedback is provided by a connection from the

output neuron to the input layer, via Z-I. In this configuration a time-delayed input layer as well

as additional hidden layers can be integrated.
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Input
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Figure 3-7: Block diagram of a recurrent multilayer perceptron network

Due to the addition of feedback within the recurrent architectures, some difficulties arise. It is

especially difficult to analyse these networks, because of the following reasons:

· Every neuron contributes to the computations within the network through a nonlinear

function, which makes the system as a whole highly nonlinear, and necessitates

sophisticated methods to obtain results regarding its collective behaviour. The network

does not provide any explicit representation; neither of the problem nor of the problem
data.

· Recurrent neural networks are mathematically described by a nonlinear dynamic system

given by a set of differential equations of the first order. In general it is hard to predict

even their qualitative behaviour.

All neural network structures require some type of training or adaptation to provide meaningful

results. The training of neural networks can be an intricate procedure and many different

algorithms and methods have been investigated for this purpose. In the following section some

of the training algorithms are discussed.

3.5. Training algorithms

Learning, in biological systems, involves adjustments to the synaptic connections that exist

between the neurons. The same procedure is used to train artificial neural networks. Learning

typically occurs through exposure to a trusted set of input/output data where the training

algorithm iteratively adjusts the connection weights (synapses). These connection weights store

the knowledge necessary to solve specific problems.
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The training process is usually as follows. First, the training set is injected into the input layer.

The activation values of the input nodes are weighted and accumulated at each node in the first

hidden layer. The summation is then transformed by an activation function. The transformed

product in turn becomes an input into the nodes of the next layer, until the output activation

values are eventually computed. The training algorithm is used to attain the weights that

minimise the overall error. Hence the network training is actually an unconstrained nonlinear

minimisation problem.

The existence of many different optimisation methods provides various alternatives for neural

network training. In the following sections the conventional back-propagation algorithm is

explored and then alternative algorithms are investigated.

3.5.1. The back-propagation algorithm

Back-propagation refers to the method for computing the gradient of the error function with

respect to the weights for a feedforward network. Standard back-propagation can be used for

both batch training and incremental training [26]. In the case of batch training the weights are

updated after processing the entire training set. The details of the back-propagation algorithm is

discussed is Appendix A.

3.5.1.1. Limitations of back-propagation training

The back-propagation algorithm relies on the gradient vector as the only source of local

information concerning the error surface. This has the effect that the back-propagation algorithm

is easily implemented, but it also leads to deficiencies. The deficiencies include:

· The step-size problem. To find the global minimum in the overall error function, the back-

propagation algorithm computes the first derivative of the overall error function with

respect to each weight in the network. If small steps are taken in the direction of the

gradient vector, a substandard local minimum of the error function may be reached and

not the global or optimum minimum. If large steps are taken, then the network could

oscillate around the global or optimum minimum, without reaching it.

· The back-propagation algorithm is based on the assumption that changes in one weight

have no effect on the error gradient of other weights. In reality, when one weight is

changed, the error gradient at other weights varies as well. The algorithm doesn't take

this into consideration, so the descent in the error space may sometimes be wrongly

directed, causing a slowdown in the convergence rate of the algorithm.
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Due to the above-mentioned deficiencies there has been a necessity for research in more

optimal training techniques. Two main research paths have been followed, which include the

use of improvised techniques and the use of standard and second-order numerical optimisation

techniques.

3.5.2. Improvised optimisation techniques

The so-called improvised techniques were developed from an analysis of the performance of

the standard steepest descent algorithm. Some of these techniques include the implementation

of momentum, the resealing of variables and the resilient back-propagation algorithm.

3.5.2.1. Back-propagation with momentum

The original gradient descent method can be improved by including an additional momentum

parameter [27]. Momentum allows a network to respond not only to the local gradient, but also

to recent tendencies in the error surface. Acting like a low-pass filter, momentum allows the

network to disregard minor features on the error surface. Without momentum a network may get

trapped in a shallow local minimum, but with momentum a network may continue to the

optimum minimum (Figure 3-8).

Iteration path

W1

(a) (b)

Figure 3-8: Back-propagation without (a) and with (b) momentum

When back-propagation with momentum is used in a network, with P different weights

wjl' wj2' ..., wjP' the k -th correction for weight wij is given by

dE
LlW..(k )=_1]- + aLlW.. (k -1 )

lj dW.. IJ
lj

(3.7)

where 1] and a are the learning and momentum rates respectively. The adjustment of both

parameters is done by trail-and-error, since the optimal parameters are highly dependant on the

learning task.
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3.5.2.2. Resilient back-propagation

Multilayer networks typically use sigmoid transfer functions in the hidden layers. Sigmoid

functions are characterised by the fact that their slope approaches zero as the input gets large.

This causes a problem when using steepest descent to train a multilayer network with sigmoid

functions, since the gradient can have a very small magnitude, and therefore cause small

changes in the weights and biases, even though the weights and biases are far from their

optimal values.

In order to address this problem, the resilient back-propagation algorithm uses the sign of the

derivative to determine the direction of the weight update; the magnitude of the derivative has

no effect on the weight update.

The size of the weight change is determined by a separate updated value. This accelerates

learning mainly in flat regions of the error function and close to a local minimum. The update

value for each weight and bias is increased by a factor Ymax' whenever the derivative of the

performance function, with respect to that weight, has the same sign for two successive

iterations. The update value is reduced by a factor Yminwhenever the derivative, with respect to

that weight, changes sign from the previous iteration.

If the derivative is zero, then the update value remains the same. Whenever the adjustments of

the weights are oscillating, the weight change will be reduced. If the weight continues to change

in the same direction for several iterations, then the magnitude of the weight change will be

increased. The algorithm envelops all of the weight space with an n -dimensional grid of side

length Ymin and an n -dimensional grid of side length Ymax'

The learning rate is updated in the k -th iteration according to

where the constants u and d satisfy u > 1 and d < 1. When ViE(k) .ViE(k-l) ~ 0, the weight

updates are given by

(3.9)
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otherwise d (k)Wi and V iE(k) are set to zero. In the above equation sgn(.) is defined as

V.E(k) > 0
I

V.E(k) < 0
I

V.E(k) =0I

(3.10)

Resilient back-propagation is generally much faster than the standard steepest descent

algorithm. It also has the functional property that it requires only a modest increase in memory

requirements. It only needs to store the update values for each weight and bias, which is

equivalent to the storage of the gradient.

3.5.3. Numerical optimisation techniques

The most popular standard and second-order numerical optimisation techniques include the

conjugate gradient, quasi-Newton (secant) and Levenberg-Marquardt methods. Conjugate

gradient algorithms are motivated by the desire to accelerate the typically sluggish convergence

associated with the gradient descent method while avoiding the information requirements

associated with the evaluation, storage and inversion of the Hessian matrix as required by the

Newton method. The number of steps, used by the conjugate gradient methods, is in practice

much smaller than that required by the steepest descent applied in classical back-propagation

algorithms.

The quasi-Newton methods are considered to be more efficient than the conjugate gradient

methods, but their storage and computational requirements increase quadratically with an

increase in network size. In order to reduce the memory requirements, some limited memory

quasi-Newton (one step secant) algorithms, which speed up convergence and reduce memory

requirements, have been investigated.

The Broyden-Fletcher-Goldfarb-Shanno (BFGS) quasi-Newton method uses the information of

the gradient of the energy function as the primary factor in the process of updating the weights.

The back-propagation algorithm is employed to calculate the derivatives with respect to the

weight and bias variables. The BFGS algorithm is computational intensive and involves storage

of an NxN matrix and O(PN2) in computation requirements. A more detailed discussion of

quasi-Newton and BFGS algorithms can be found in [28]. In the following section the

Levenberg-Marquardt algorithm is described.
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3.5.3.1. The Levenberg-Marquardt algorithm

The Levenberg-Marquardt algorithm, as with the quasi-Newton methods, was designed to

approach second-order training speed without having to compute the Hessian matrix. When the

performance function has the form of a sum of squares (as is typical in training feedforward

networks), then the Hessian matrix can be approximated as

(3.11)

and the gradient vector can be computed as

(3.12)

where J is the Jacobian matrix that contains first derivatives of the network errors with respect

to the weights and biases, and e is a vector of network errors. The Jacobian matrix is less

computation intensive than computing the Hessian matrix as can be seen from Equation (3.11).

The Levenberg-Marquardt algorithm uses this approximation to the Hessian matrix in the

following Newton-like update:

[
T

J

-I

Xk+1 = xk - J J +pI JTe (3.13)

When scalar J.1is large, Equation (3.13) becomesthegradientdescentmethodwitha smallstep

size. When the scalar J.1is equal to zero, Equation (3.13) becomesthe Newtonmethod,using
the approximate Hessian matrix. Newton's method is faster and more accurate near an error

minimum, so the aim is to shift towards Newton's method as promptly as possible. Thus, J.1is

decreased after each successful step, thus reducing the performance function. Scalar J.1is

increased only when a tentative step would increase the performance function. In this way, the

performance function will always be reduced at each iteration of the algorithm.

The main drawback of the Levenberg-Marquardt algorithm is that it requires the storage of some

matrixes that can be quite large for certain problems. Martin T. Hagan and Mohammed B.

Menjah [29] found that the Marquardt algorithm is very efficient when training networks that

have up to a few hundred weights. The memory requirements needed by very large networks

made it impractical for using more that a few hundred weights on most computers in 1994.

Fortunately modern day computers (available in 2004) are much more powerful and have large

memory systems. This means that it is possible to relate their findings to networks with a larger

number of weights. Martin T. Hagan and Mohammed B. Menjah found that, in many cases, the

Marquardt algorithm converged when the conjugate gradient and variable learning rate

algorithms failed to converge.
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3.5.4. Recurrent neural network training

The presence of feedback loops has a profound impact on the learning capabilities of the

network and on its performance. Recurrent neural network training is in principal more difficult

than training feedforward networks. The main difficulty in the recursive training of recurrent
networks can be summarised as follows:

The output of the recurrent network and its partial derivatives, with respect to the coefficients,

depend on the values of the inputs from the beginning of the training process and on the initial

state of the network. Therefore, a rigorous computation of the gradient for the training function

would imply taking into account all the past inputs, as well as related desired outputs. This is not

practical for two reasons: firstly, it would require ever increasing computation times; secondly, in

the case of the modelling or control of a non-stationary process, taking the whole past into

account would not make sense, since a large section of the past might be irrelevant.

Several training algorithms have been proposed to adjust the weight values in recurrent
networks. These methods include:

· Dynamic back-propagation from Narendra and Parthasarathy (discussed in [30]), and

back-propagation through time (BTT) (discussed in [31]). In the case of BTT the back-

propagation algorithm is applied through a window of time for the real-time recurrent

learning, and the error gradient is calculated similar to the one in feedforward networks.

· Real-Time recurrent learning: This algorithm is computationally very expensive. The

number of weights equal 0 (N4 + L2), where N is the number of recurrent neurons and

L the number of layers.

· Another possibility is the standard gradient descent method. In this case the error

gradient can decay or increase exponentially in time, leading to a more difficult

implementation than in the case of feedforward networks. The convergence rate

depends critically on the choice of network topology, initial weights, and the choice of

training samples.

· Conjugate gradient algorithms, in their standard form, are not applicable on recurrent

networks. This is due to the near optimal choice of the learning rate during each

iteration. The convergence rate of conjugate gradient algorithms, with respect to the

number of iterations used, is much better than that of gradient descent algorithms.

However, it can often be observed that on-line gradient descent beats more
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sophisticated second-order algorithms on large redundant problems. The second-order

algorithms require large computational resources.

An interesting field, that is part of dynamic neural network studies, is the advancement in

genetic training algorithms. Genetic algorithms are not described in this study, but some

information may be found in [32].

The neural network topologies, in Section 3.4, are all dependent on several adjustable

parameters. The following section will focus on some of the measures for optimal neural

network design.

3.6. Considerations for neural network design

Predicting the optimal topology of a neural network for a particular problem is a difficult task,

since choosing the optimal neural architecture requires some previous knowledge of such

problems and/or supposes many trial-and-error runs. Moreover, the topology of the neural

network directly affects two of the most important factors of neural network training,

generalisation and training time.

3.6.1. Generalisation

The data, used for performing benchmarks on neural networks, must be divided into at least two

parts, called the training and test data sets, respectively. The network is trained using the

training set and its generalisation ability is measured using the test set. The performance of the

network, using the test set, indicates typical performance in real implementation.

y

Computed Approximation,

x

Figure 3-9: Over-fitting a polynomial approximation (poor generalisation)
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One of the problems that occur during neural network training is called over-fitting (Figure 3-9).

Over-fitting occurs when the network is blindly trained to a minimum error, using the training set.

This means that the network has memorised the training examples, but it has not learned to

generalise to unknown situations. Generalisation can therefore be seen as the ability to capture

underlying characteristics.

One method of improving network generalisation is using a network that is just large enough

to provide an adequate fit. If the number of parameters in the network is much less than the

total number of points in the training set, then there is little or no chance of over-fitting.

Some neural network architectures provide better generalisation, while certain methods

such as regularization and early stopping are available to address over-fitting.

Regularisation involves constraining or penalizing the solution of the estimation problem to

improve generalisation by smoothing the predictions. Common neural network methods for

regularisation include weight decay and addition of noise to the inputs during training. The

more popular method is called the early stopping method [33]. Early stopping is widely used

because it is simple to understand and implement and has been reported to be superior to

regularization methods in many cases [34]. The early stopping method is utilised in section
5.6.3.

3.6.2. Normal isation

Normalization is required to prevent larger input vectors from biasing many of the

processing elements so that weaker value input sets can be correctly classified. Data

normalization is performed before the training process begins and some of these methods

are summarised by Azoff [35]. The following formulae are used to normalise data:

. linear transformation to [a,b]:

xn = (b-a)(xo -xmin)/(xmax-xmin) +a (3.14)

. statistical normalization:

(3.15)

· simple normalization:

(3.16)

where xn and Xo represent the normalized and original data, xmin ' xmax ' x and s are the

minimum, maximum, mean, and standard deviation along columns or rows, respectively.
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In this study the linear transformation equation (3.14) is used to normalise the input data

within the interval [-1, 1].

3.6.3. The network architecture

A brief description is given below of some methods that appear in the literature for obtaining the

optimum topology:

· Some methods use a process of natural selection such as genetic algorithms [36], which

choose the best network from a population of networks using some objective function.

. Pruning [37] or destructive methods attempt to increase the generalisation capability of

the neural network by starting out with a large network and then removing unnecessary

connections or units, based on the intermittent test outcome.

· Finally, in constructive methods the networks start out small and increase as required.

The advantage of these methods is that they require fewer computations than the

destructive methods.

The above-mentioned methods are usually quite complicated and are difficult to implement,

while the constructive and destructive methods are also vulnerable to being trapped in local

minima. In addition, none of these methods can guarantee the optimal solution for all problems.

Currently there is no simple, clear-cut method for determining the optimum topology. Guidelines

are either heuristic or based on simulations derived from limited experiments. Hence the design

of an artificial neural network is more of an art than a science.

Due to the shortcomings of the above mentioned methods, this study will focus on trial-and-error

methods. With trail-and-error methods, different sizes of neural networks are trained and the

smallest network that provides the best generalisation is selected. The trial-and-error

methodology, for specific problems, is generally adopted by most researchers, but this has led

to inconsistencies found in the literature [38]. The aim of the following chapters will be to

generate some clear-cut criteria, which will be universally applicable, in the selection of neural

network parameters.

In designing neural networks, one must determine the following parameters:

· The topology of the network, including the number of input nodes, hidden nodes, output

nodes and hidden layers.

· The interconnections and transfer functions of the neurons.

The number of input nodes is dependent on the input data sample size. Given a certain level of

accuracy, more samples are required as the underlying relationship between inputs and outputs
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becomes more complicated or as noise in the data increases. The number of the input samples

is probably the most critical decision parameter for a modelling problem since it contains the

important information concerning the system under investigation. The remaining design

decisions are summarised below.

3.6.3.1. The number of hidden layers

Influenced by theoretical work [10] which shows that a single hidden layer is sufficient for ANNs

to approximate any complex nonlinear function with any accuracy, most studies focus on using

only one hidden layer for most purposes. However, one hidden layer networks may require a

very large number of hidden nodes. This is not desirable in that the training time will escalate

and computational complexity will increase. A network with two hidden layers may provide

better results for some type of problems.

3.6.3.2. Number of hidden nodes

The issue of determining the optimum number of hidden nodes is a crucial yet complicated one.

It is the hidden nodes that allow neural networks to perform complicated nonlinear mapping

between input and output variables. In general, networks with fewer hidden nodes are

preferable as they usually have better generalisation ability and require less computational time.

The most common way of determining the number of hidden nodes is through trial-and-error

experiments.

3.6.3.3. The interconnection of the nodes

The network architecture is characterised by the interconnections between the nodes and layers

in a network. The connections between nodes in a network fundamentally determine the

behaviour of the network. For most modelling purposes the networks are fully connected in that

all nodes of one layer are all connected to all the nodes in the next layer. A fully connected

network promotes learning and increases the complexity of patterns which can be learned

without adding additional processing elements.

3.6.3.4. Activation functions

The activation function, also called the transfer function, determines the relationship between

the inputs and output of a node. The generally used activation functions are bound,

monotonically increasing, and differentiable. The activation functions used within this study are:

· The logarithmic sigmoid transfer function (Iog5ig),given by:

1
j(x)=

-+e
(3.17)
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. The hyperbolic tangent (tanh) function:

(3.18)

The tansig function, used in MATLAB@,has the same shape as tanh and is mathematically

equivalent but operates faster. The tansig function, in Equation (3.19), provides a good trade-off

for neural networks, where speed is of more importance than the exact shape of the transfer
function.

[

2

]
-1

f (x ) = 1+ e-2x
(3.19)

These nonlinear activation functions have the squashing role in restricting the possible output

from a node to [0,1] for a logistic and [-1,1] for a hyperbolic tangent function. These functions

are good choices because they, as well as their derivatives, are continuous. Continues functions

allow the computation of the Jacobian and Hessian matrixes.

3.7. Summary

This chapter presented the theory of neural networks. The neural network topologies, including

time-delayed feedforward neural networks and recurrent structures, were discussed. The

training algorithms were presented and the limitations of back-propagation were emphasised.

Section 3.6 focused on considerations in neural network design. The next chapter discusses the
PBMR and the PBMM.
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Chapter 4: The PBMR and the PBMM

4.1. Introduction

In this chapter the Pebble Bed Modular Reactor (PBMR) and the Pebble Bed Micro Model

(PBMM) are discussed. A summary of the PBMR is given and the Main Power System (MPS),

utilising a recuperative Brayton cycle, is described. The prototype of the PMBR, the PBMM, is

also described with specific reference to the compressors, which will be modelled. The static

and nonlinear performance of the compressors is also examined.

4.2. Background

The PBMR concept is currently being developed in South Africa. The PBMR is a nuclear

reactor, but its design differs in a number of ways from conventional superheated steam nuclear

reactors. The design differences result in the PBMR being an inherently safe, stable, efficient

and economical power plant. The inherent safety is a result of the design, the materials used,

the fuel and the physics involved rather than the active safety systems present in conventional
nuclear reactor.

The PBMR has inherent salient safety features that require no human intervention. The safety

features cannot be by-passed or rendered ineffective in any way. The safety features are

presented below.

The PBMR uses coated uranium particles (shown in Figure 4-1) encased in graphite to form a

fuel sphere (60 mm in diameter). The fuel particles (kernels) consist of uranium dioxide. Each

kernel is coated with a layer of porous carbon, two high-density layers of pyrolytic carbon (a

very dense form of heat-treated carbon) with a layer of silicon carbide between the two pyrolytic

carbon layers. The silicon carbide coatings that surround the uranium fuel particles form a

miniature pressure vessel. This pressure vessel provides a highly efficient barrier against the

release of fission products during operation. The effective containment of radioactivity at the

source results in low levels of contamination in the primary circuit.

The PBMR design makes use of helium as the coolant and energy transfer medium in a closed

gas cycle. Helium is chemically inert and cannot combine with other chemicals, is non-

combustible and cannot become radioactive when passed through the reactor core.

Furthermore helium does not react with the graphite or the metallic core components.
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Figure 4-1: The coated particles in the fuel elements [39]

The graphite used as a moderator and structural material within the reactor remains stable to a

maximum temperature of 2800 ee, while the maximum temperature during normal operation is

equal to 1200 ee. A potential maximum temperature of 1600 ee is reached during the

depressurized loss of forced cooling events. This implies that the moderation and configuration

of the fuel elements within the reactor cannot change under any circumstances. This in turn

implies that a core melt scenario is not possible and can be ruled out.

The PBMR core has a low power density in comparison with other nuclear reactors. The low

core power density, along with the good thermal conductivity of the graphite, ensures that the

fuel element temperature does not exceed 1600 ee.

The high thermal inertia of the core ensures that any temperature transients are slow. The low

temperature transients, in conjunction with the good heat transfer from the core, ensure that the

maximum temperature that could be reached in the core will not exceed 1600 ee.

The PBMR consists of two separate entities.

· The reactor, where thermal energy is generated by a nuclear reaction.

· The power system, where the thermal energy is converted to mechanical power and

then to electrical energy by means of a thermodynamic cycle and a generator.

The compressors, under investigation, form part of the power system. The power system is

described in the following section, but a description of the reactor will be omitted. The detail of

the reactor can be found in [39].
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4.3. Main power system of the PBMR

The Main Power System (MPS) of the PBMR is based on a recuperative Brayton cycle with

helium as the working fluid. The layout of the power system is presented in Figure 4-2 and the

temperature-entropy diagram of this cycle is shown in Figure 4-3.
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Figure 4-2: Layout of the PBMR recuperative Brayton cycle [39]
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Figure 4-3: Temperature-entropy diagram of the Brayton cycle
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The functioning of the closed-loop recuperative Brayton power conversion cycle is described

next.

· Starting at 1, helium at a relatively low pressure and temperature is compressed by a

low pressure compressor (LPC) to an intermediate pressure (2), after which it is cooled

in an inter-cooler to state 3. The cooling between the two multistage compressors

improves the overall cycle efficiency.

· A high pressure compressor then compresses the helium to state 4. From 4 to 5, the

helium is preheated in the recuperator. The recuperator uses heat, from the cooling

process that would otherwise be lost to the ultimate heat sink, to heat the gas before it

enters the reactor. The helium coolant enters the core at a temperature of about 500°C

and a pressure of about 8.4 MPa. The helium gas is then heated to a temperature of

about 900°C (state 6).

· After the stages it has gone through in the reactor, the high pressure helium is expanded

in a high-pressure turbine to state 7. The helium is further expanded in a low pressure

turbine to state 8 and then in the power turbine to state 9. The pressure value at state 9

is approximately the same as the pressure at 10 and 1.

· The high-pressure turbine drives the high pressure compressor while the low-pressure

turbine drives the low pressure compressor. The power turbine drives the electrical

generator. The generator is connected to a resistor bank that may be required to

dissipate power in the case of a sudden load rejection scenario.

· The helium coolant leaves the last turbine at a temperature of about 500°C and a

pressure of about 2.6 MPa. From 9 to 10, the helium is cooled in the recuperator, after

which it is further cooled in the pre-cooler to state 1. The cooling process increases the

density of the helium and improves the efficiency of the compressors. This completes

the cycle [40].

The PBMR is still in a development phase and therefore this study focuses on the Pebble Bed

Micro Model (PBMM).
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4.4. The PBMM

The PBMM is a functional model of the PBMR with the same control topology. The main

purposes of the PBMM project were to provide evidence that a three shaft recuperated Brayton

cycle can be sustained and controlled, that it renders a stable operation configuration and to

prove code certification [41]. The PBMM (shown in Figure 4-4) was built by the Faculty of

Engineering at the North-West University (Potchefstroom Campus).

Figure 4-4: The PBMM plant

It is relatively straightforward to predict the steady-state performance of a plant such as the

PMBR, but the prediction of the dynamic behaviour of the PBMR, which is required for the

design of the control system, presents unique challenges. The dynamic modelling tool that was

utilised to address these challenges was a software package called Flownet [12]. Flownet is a

thermal-fluid simulation software package that has the ability to simulate the steady-state and

transient operation of the integrated system, making use of the performance characteristics of

the individual components. The Flownet solver is based on the implicit pressure correction

method (IPCM) and solves the conservation of mass and energy at all nodes, as well as

momentum in all elements in the network. Flownet has been extensively validated against other

software and experimental data [41].

The PBMM is able to demonstrate the operational procedures of the PBMR, including start-up,

load-following operation and load rejection. The main differences that exist between the PBMR

and PBMM are summarised below:

· The heat source in the PBMM is a high temperature electrical resistance heater of 420

kW instead of the pebble bed nuclear reactor.
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· The turbo machines are off-the-shelf single-stage centrifugal turbochargers rather than

purpose-designed multi-stage axial flow machines. The reasoning behind this can be

found in [11].

· The working fluid of the model is nitrogen rather than helium.

· The load on the power turbine shaft is an external load compressor rather than an

electrical generator as is the case in the PBMR plant.

The PBMM has been started up on several occasions and an indication of the behaviour of the

plant has been obtained. There is a good agreement between measured data and the simulated

data. Specific characteristics of the compressors are highlighted in the following section.

4.5. PBMM compressor characteristics

The data for the high and low pressure compressors is obtained from Flownet when the PBMM

is operated with no compressor bypass compensation. The compressor bypass valves are

therefore fully closed. The speed of the HPG and LPG is equal to 60733 rpm and 29750 rpm

respectively. The specifications of the compressors, which are of most significance to this study,
are summarised in Table 4-1 and Table 4-2.

Table 4-1: Specifications of the HPG for the input pressure signal

Variable ~ Initial rMinimiJm l1Maximumo

Table 4-2: Specifications of the LPG for the input pressure signal

Variabl~

To establish the nonlinear characteristics of the PBMM, the following analysis is made.
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Input Pressure (kPa) I 233.54 I 193.38 I 273.53

Output Pressure (kpa) I 443.17 I 367.94 I 518.32

Input Temperature (QC) I 23.20 I 21.12 I 24.97

Output Temperature (QC) I 100.87 I 78.13 I 121.91

Input Mass flow (kg/s) I 0.6519 I 0.5367 I 0.7630

Output Mass flow (kg/s) I 0.6519 I 0.5367 I 0.7630

Input Pressure (kPa) I 118.56 I 78.81 I 157.93

Output Pressure (kPa) I 236.24 I 165.12 I 305.12

Input Temperature (QC) I 23.20 I 20.86 I 24.63

Output Temperature (QC) I 108.43 I 81.23 I 140.89

Input Mass flow (kg/s) I 0.6519 I 0.4552 I 0.8393

Output Mass flow (kg/s) I 0.6519 I 0.4552 I 0.8393
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4.5.1. Static nonlinearities

The static operating conditions of the high pressure compressor are found by using a specific

pressure signal of the high-pressure compressor (solid signal in Figure 4-5) and obtaining its

response (dashed signal in Figure 4-5). Figure 4-6 and Figure 4-8 are constructed from the

input pressure versus the output pressure at specific time values after the transients have

decayed. The specific time values are denoted on the x-axis in Figure 4-5 and Figure 4-7.
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the LPC

The graphs (Figure 4-6 and Figure 4-8) illustrate that small static nonlinearities exist within the

system.
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Chapter 4: The PBMR and the PBMM

4.5.2. Dynamic nonlinearities

A typical profile of the high-pressure compressor with input pressure versus output pressure is

plotted in Figure 4-9. From this profile it can be concluded that the model contains dynamic

nonlinearities. The input-output relationship of a linear dynamic system possesses a perfect oval

profile, but in a nonlinear case some other profile is obtained. The highlighted block shows the

data which was used to generate Figure 4-10 and Figure 4-12 respectively.
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Section 4.5.1 and Section 4.5.2 emphasise the static and dynamic nonlinearities found within

the compressors. The need for an accurate nonlinear dynamic modelling method is accentuated

by the above generated results.
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Chapter 4: The PBMR and the PBMM

4.6. Summary

In this chapter the PBMR and the PBMM were discussed. The main power system was

described and the characteristics of the compressors were investigated. In the following chapter

the methodology is presented.
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Chapter 5: Methodology

5.1. Introduction

In this chapter the methods are described and implemented. The topics that are discussed are

the following:

· The data simulation system, which includes the excitation signals. One of the excitation

signals is used for training and five signals are used for testing.

· The need for a controller, its design and the quantification of the controller error.

· Data sub-sampling.

· Computation of the time-delays.

· The configuration of the neural networks, including network structures and training

strategy.

The initial section focuses on the system that is used to capture the data.

5.2. The data simulation system

The data simulation system is used to generate the data used in this study. The data simulation

system consists of three subsystems or components, which is summarized below:

· The M400-model of the PBMM executed in Flownet: The M400 is a model, built in

Flownet, of the PBMM plant. All the characteristics of the compressors, turbines and

subsystems of the PBMM are implemented within this model.

· Simulink@: Simulink@is a software package, integrated into Matlab@,for modelling,

simulating and analyzing dynamic systems. It supports linear and nonlinear systems,

modelled in continuous time, sampled time or a hybrid of the two.

· Simulink-Flownet interface: The Simulink-Flownet interface is used for the concurrent

execution of the Simulink@ and Flownet solvers. The interface is readily used in

manipulation, optimization and testing. The interface includes the following
functionalities:

o Events in Flownet can be triggered from Simulink@through the interface.

o The time step length used by the Flownet solver can be set and adjusted from
Simulink@.
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o All the data passed between Simulink@and Flownet as well as the simulation time

can be saved in a Matlab@workspace matrix. Because the whole procedure is

described in [42], it will not receive attention here.

In order to generate optimal training and test data, appropriate excitation signals must be

utilised. These excitation signals are discussed in the following section.

5.2.1. Excitation signals

Six different excitation signals were injected into the data simulation system, resulting in six

distinctive data sets. The specific criteria for choosing the above-mentioned signals were

discussed in Chapter 2 and are summarized below. The criteria are:

· The minimum and maximum amplitude of the training signal should be equal to or larger

than the minimum and maximum amplitude of the test signals.

· The training signal should contain minimum and maximum direct current components of

whichthe periodsare longerthanthe lengthof the time-delays.

· The training signal must contain changing, non-repetitive frequencies and must be able

to include the entire frequency range under investigation. The training signal should also

incorporate higher and lower frequencies than the test signals.

A study completed by D.W. Ackermann [43] found that the training signal in Figure 5.1,

generated from Equation (5.1), exhibits the characteristics to effectively model the nonlinearities

within a system. The training signal is able to map all the testing signals in the input-output

space. The input range of all the input signals are in the interval 0 to 8000 seconds with a 10Hz

sampling rate. The signals' frequency range is below 0.0125 Hz.

The equation of the training signal is provided below, where t = [0,0.1,0.2,0.3,...,8000].

y = 0.05[(1 + tanh (5t -10) )sin (O.4(t _10)3) + tanh (50(t -0.4))-

tanh (50(t -0.8)) - tanh (50( t -1.2)) + tanh (50(t-1.6)) ]
(5.1)
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The following equations are used to generate the test signals in Figure 5-2 to Figure 5-6.
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Figure 5-1: Trainingsignal Figure 5-2: Test signal 1

. Test signal 1

y =0.1(sin[lOO7l"(l-O.Scos(O.l1U)J) (5.2)

. Test signal 2

y =0.1 [1- e(t2-looj]sin (2t2 )
(5.3)

. Test signal 3

y =O.OS[1- tanh(2t-18)Jsin( 0.2t3) (5.4)

. Test signal 4

y =0.1[ e-t'5Jsin( 4t2) (5.5)

. Test signal 5

y =O.OS[tanh(SO(t-1)) - tanh(SO(t -3)) - tanh(SO(t-4))+ tanh(SO(t-6)) ] (5.6)
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The six excitation signals need to be injected at node 10 and node 30 to model the LPG and

HPG compressors. The injecting procedure and following controller design is described in the

following section.
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5.3. The controller

In order to model specific components, such as the HPG and LPG compressors, the input

directly before the component and immediately there after is used. In the case of the HPG, the

pressure signal needs to be injected at node 30 and extracted at node 31. For the LPG, the

pressure signal is injected at node 10 and extracted at node 11. A simplified diagram of the

Pebble Bed Micro Model is presented in Figure S-7as reference.
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Figure 5-7: Simplified diagram of the Pebble Bed Micro Model

In the case of the constructed PBMM plant, the nitrogen gas is injected or extracted as follows:

· The nitrogen gas is injected at the point of lowest pressure, therefore just before the pre-

cooler (node 100 in Figure 5-7). The reason for injecting the gas at node 100 is to

minimize the amount of energy needed for the injection.

· The nitrogen extraction is realized at a point of high pressure in order to ease extraction

(node34).

In acquiring data from the software simulated PBMM, nitrogen is injected and extracted at the

low-pressure side (node 100). Extracting nitrogen at the low-pressure side is, however, not

physically possible, as mass will never be extracted at this point, but it should be done in order

to form a model of the response. From the description above it is obvious that no direct

manipulation (injecting or extraction) of the pressure or mass flow signals are possible directly

before the compressors (at node 10and node 30, see Figure 5-7).
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will be very difficult or impossible to obtain a specific pressure signal at the input of the

compressors. This is due to the distortion of the pressure signal throughout the system caused

by the embedded delays and characteristics of the other components. A controller is therefore
,_ :_..J: a. :_:__.a.:__ _6. :1:_ =.L :__ " __I.

compressors.

5.3.1. Controller design

The purpose of the controller is to control the mass flow rate at node 100 so that the desired

optimal pressure signal can be obtained at node 10 or node 30. The controller must be able to

provide a small error (FEP<O.1%) between the desired and obtained pressure signal.

.---------------------------
: 1,,,
:<:=
:C1ock1
I,,,,,,
, Wolkpoint1______---------------------

Obtained masstl ow signal.---------- I
:1 I:,

FlOWNET

:1 I:
I Flownet link :
L _ _ _ _3 _ _ _ _:

Constant

i ~ ~~nitdelay 4 '~ Obtained pressure signal

Figure 5-8: The controller Simulink model

The following procedure is followed for the HPC (summarised in Figure 5-8):

· The desired excitation signal is induced into Simulink. The predefined excitation signals,

discussed in Section 5.2.1, are resealed in terms of amplitude to produce a pressure

signal.

· The pressure signal is injected into the controller (Gc) and then converted into a mass

flow signal by the converter (G) (discussed in Section 5.3.1.1).

· The mass flow signal is inserted into the Flownet block. The Flownet block incorporates

the Simulink/Flownet interface. For each time-step the following ensue: Flownet

executes the PBMM simulation (M400 model) and generates a response. The response

includes the following (refer to Figure 5-9):

o Input and output pressures of the HPC and LPC compressors

o Input and output temperature of the HPC and LPC compressors
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o Input and output mass flow rate of the HPC and LPC compressors

o Status flag value of 0 or 1. If an error occurred, during simulation, the status flag

value would be equal to zero, but during a successful simulation equal to one.

Flownet

from
Simulink

Input and Output
Pressure

Input and Output
Temcerature

to

Input and Output Simulink
massflow

M400
model

Status flag

Figure 5-9: The FlownetiSimulink interface

· The input pressure of the HPC is reintroduced in the control loop through a unit delay.

The unit delay is necessary to solve the algebraic loop.

· The controller generated pressure signal is then deducted from the desired pressure

signal and the result is injected into the control loop. The whole process continues for

80000 iterations, where the time period is equal to 8000 seconds and the sampling rate

is equal to 0.1 seconds. This particular sampling rate was selected because it is the

largest permissible value, for the specific amplitude and injection rates, of the predefined

Flownet input signals. The accuracy of the controller was also enhanced by using a large

number of data points and small time-steps.

The amplitude and injection time period of the input mass flow signal is restricted, with the

amplitude limited to [-0.2, 0.2]. The injected mass flow signal must have a small enough

amplitude and short injection or extraction duration to ensure that the power output is not driven

beyond the ranges of normal operation. The controlled mass flow signals, for both the HPC and

the LPC, are presented in Figure 5-10 and Figure 5-11. The detail of the combined controller is

provided in the following section.
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The Controlled MassFlow Signal for the HPC
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Figure 5-10: The controlled mass flow
signal for the HPC

5.3.1.1. The controller in detail

The Controlled MassFlow Signal for the LPC
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Figure 5-11: The controlled mass flow
signal of the LPC

The combined controller consists of the proportional plus integral controller (Gc) and the unit

converter (Gconverter)'highlighted in Figure 5-12.

Controller
- - -- - - - - - - - - - - - - - - -1

Gc Gconverter

P ref(s)
s

O.ls+ 0.08 s

3.083s+0.155
I~ Flownet

Link

.-------..-.-------.....

Figure 5-12: Diagram of the controller

. Proportional plus Integral (PI) Controller

The transfer"function of the PI controller is defined as:

(5.7)

where the values for K p = 0.1 and KJ = 0.08 is obtained by trial-and-error.
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. Converter

The purpose of the converter is to convert pressure (kPa) into mass flow (kg/s). In order

to design an effective controller, its frequency must be higher than the highest frequency

of the applied signal.

f =1..= 1
T 250 = 0.004Hz

(5.8)

where T is the period and f is the highest frequency of the applied signal. In order to

satisfy the Nyquist criteria, the sampling rate must be:

Ole~ 2 (21t f) = 0.050265rad / s (5.9)

and this leads to

1
T=-= 19.894s/ rad

Ole
(5.10)

From the above computations, the equation for the unit converter is defined as:

s s s
G (s)= = = (5.11)

converter 0.155(ST+l) 0.155(19.894s+1) 3.083s+0.155

. Combined controller

If the converter and controller are combined to produce only one controller, the

combined equation is defined as:

0.ls2 + 0.08s

G (s) = Gc(s) Gconverter(s) 3.083s2 + 0.155s
(5.12)

5.3.2. Quantification of the controller error

The performance measures of Chapter 2 are used to quantify the errors of the controller. Figure

5-13 and Figure 5-15 present the target (solid line) and controlled (dashed line) outputs of the

HPC and LPC respectively. No divergence is observable between the target and controlled

outputs in both Figure 5-13 and Figure 5-15. The small error values are summarised in Figure

5-14, Figure 5-16 and Table 5-1.
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Error obtained for the HPC
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Figure 5-14: Error obtained for the HPC
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Figure 5-16: Error obtained for the LPC

Table 5-1: Controller values

5.3.3. Controller summary

The controller presents the desired pressure signal at node 10 or node 30 and is able to

generate a final error percentage smaller than 0.1%. The controller therefore satisfies the

predefined criteria and the design can therefore be defined as being successful.
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Component Pressure Pressure Pressure FEP (%) MAE
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HPC 235.4799 195.2294 275.4700 0.0092 0.0023

LPC 118.0112 77.7594 158.0003 0.0117 0.0018
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5.4. Sub-sampling

It was an initial target of this study to utilize a data set containing 2000 data points. The reason

for utilizing this number of data points is to enable a comparison with previous experiments

[43]. In order to reduce the data from 80000 data points, generated by the controller, to 2000

data points, every 40thdata point in the data set is sampled.

After taking every 40thdata point of the original data, the time intervals equal 4 seconds and the

number of data points equals 2000. Because the nitrogen gas propagates slowly through the

entire PBMM, the 4-second intervals provide a more relevant choice in capturing data. The

reduction in data samples and larger time intervals lead to a reduction in the number of time-

delays within the system. A very large number of time-delays would lead to a substantial

increase in neural network memory requirements. The method that is used to compute the

number of time-delays is summarised below.

5.5. Time-delays

To establish the number of time-delays for training a neural network, the following method is

used.

. A square wave pressure signal is generated at the input of the HPC (node 30) by using

the controller.

. The response as well as the injected square wave is then normalised within the interval

[-1, 1]. A close-up version of the part of the signal of interest is provided in Figure 5-17.

The two dashed horizontal lines are within 1% of the minimum and maximum pressure

values.

· The number of time-delays depends on the delay time of a system response due to a

stimulus. The delay time is defined here as the time from the start of a stepped stimulus

to when the response is within 1% of its final value. This is shown in Equation (5.13).

The number of time-delays is calculated as follows:

Time Delays = Delay Time 654 - 588
Sampling Time 1 66

(5.13)
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Input and output pressure of the HPC
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Figure 5-17: Input and output pressure of the HPC

The computed time-delay value is used in all configurations, but some alternative time-delay

values are also investigated to validate the computed value. After the required data has been

generated and pre-processed, the configuration of the neural networks can commence.

5.6. Neural network configurations

The neural network configuration stage consists of testing and comparing different neural

network architectures. In order to generate criteria for further neural network studies, it is

important to investigate and optimize all the different variables involved with the neural

networks. Some of these variables include the conception of the optimal number of hidden

layers, nodes and time-delays.

5.6.1. Network structure

The employed neural networks consist of one or two hidden layers. The effect of the number of

layers and nodes is investigated and various different configurations are tested.

· Time-delay settings: The input time-delay value of 66 is fixed in Section 5.5, but to

validate the number of time-delays some other values are investigated. The number of
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time-delays in the hidden layers is also investigated. The recurrent structure normally

has only one delay in its feedback loops, but some alternative settings are also

examined.

. Transfer functions: The same transfer functions are used for the time-delayed

feedforward networks and the recurrent networks. The transfer functions for all the

hidden layers are the tansig function and for the output layer the purelin function.

5.6.2. Training algorithms

Six different training algorithms are used in the final comparisons. Many other algorithms were

tested, but their results were omitted due to their inability to reach required goals or lack of

applicability. The algorithms that are used, for both the time-delayed feedforward and recurrent

networks, are summarised in Table 5-2.

Table 5-2: The training algorithms

5.6.3. Training strategy

During the training process the error decreases with an increasing number of epoch. The

training error starts off at a large value, decreases rapidly, and then continues to decrease

slowly as the network continues to a minimum on the error surface. To obtain sufficient

generalization in terms of accuracy, it is important to stop the training process at some stage to

reduce over-fitting and to optimize testing. The early-stopping procedure is demonstrated below.
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Algorithm Description

Broyden-Fletcher-Goldfarb-Shanno BFGS standard numerical optimization technique using

quasi-Newton method (BFGS) Quasi-Newton optimization.

Gradient descent back-propagation
Basic back-propagation training algorithm.

(GO)

Gradient descent back-propagation Basic back-propagation training algorithm with

with momentum (GDM) momentum.

Levenberg-Marquardt (LM)
Standard numerical optimization technique using the

Levenberg-Marquardt optimization.

One step secant (aSS)
ass standard numerical optimization techniques using

Quasi-Newton optimization.

Resilient back-propagation (RP) Heuristic technique using Resilient back-propagation.
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Figure 5-18 and Table 5-3 present the results obtained for a neural network with 10 nodes in its

first hidden layer and 30 nodes in its second hidden layer, using the Levenberg-Marquardt

algorithm. The two curves represent the training error and the testing error. The training curve

decreases monotonically for an increasing number of epoch in the conventional manner. In

contrast, the testing learning curve decreases monotonically to a minimum at epoch equal to 18

and then remains almost stationary with a slight increase in error as the training continues. The

network is essentially learning noise contained in the training data beyond the minimum point.

Final Error vs Epochs

.- Training(1030) - ..- - Validation(1030)

'ill'"!,, '*.w_.. .. _.. . _.. . _.. . -8_8 041_"
- --'--_.- ---~-~ ~ ~..._.-.-.-.......

- --

3 5 7 9 11 13 15 17 19 21 23 25 27 29

Epoch

Figure 5-18: The training versus the testing curve

Table 5-3: Training and testing errors versus epoch

The same method is used for the recurrent networks and in that case an epoch value of 15

provided the best results.
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Epoch values FE training set FE testing set Time (Seconds)

1 0.8311 0.95428 90.639

5 0.1947 0.26425 170.088

10 0.0071 0.00973 296.535

15 3.6302E-5 3.2428E-03 405.078

18 5.9081E-6 3.2086E-03 477.794

20 4.3962E-6 3.2431E-03 517.216

25 3.2536E-6 3.2440E-03 643.425
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5.7. Summary

In this chapter the data simulation system was described and the controller designed. The

neural networks were configured and different settings were investigated. The results are

presented and discussed in the following chapter.
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Chapter 6: Results and Discussion

6.1. Introduction

In this chapter the topologies and algorithms described in Chapter 5 are implemented and the

results are tabulated and compared. The results concentrate on the establishment of optimal

neural network configurations. The findings can be subdivided into 4 sections. In Section 6.2 the

findings of the time-delayed feedforward networks are presented. Section 6.3 and Section 6.4

focus on the recurrent structures. In Section 6.5 the optimal feedforward and optimal recurrent

structures, which are determined in Sections 6.2, 6.3 and 6.4, are compared.

Sections 6.2, 6.3 and Section 6.4 can be subdivided into three parts, in particular:

. the effect of the number of hidden layers and nodes on the final error;

. the effect of the number of time-delays on the final error and training time; and

. a comparison of the previously defined training algorithms.

In order to attain the optimal topology, the variables involved must be optimized. The FE, MAE

and finally the MSE testing errors were used as the targets in optimising the networks. Some

topologies could immediately be removed from further tests due to insufficient accuracy. The

errors for the topologies are plotted and the error surfaces are then compared. Some topologies

provide large errors for certain parts of a signal, but small errors for others, while some

structures provide reasonable errors over the complete error surface. The training time and

number of epochs are also compared.

6.2. Time-delayed feedforward network results

In this section the input and output pressure of the high pressure compressor is used as the

input-output data. As discussed in Chapter 5, the utilization of only one hidden layer does not

lead to a decrease in training time as expected. A single hidden layer, in comparison with a two

hidden layer network, may not be optimal in the sense of training time, ease of implementation

or generalization.

6.2.1. Results for different numbers of hidden nodes and layers

In Figure 6-1 and Figure 6-2 the effect of using too few or too many hidden nodes on the final

error (FE) is emphasised. The first figure (Figure 6-1) shows the effect of the number of nodes,
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in a single hidden layer network, on the final training and testing errors. The epoch value equal

to 18 is selected in accordance with the early stopping method.

Final Error (FE) vs Number of Hidden Nodes

Training - Testing

"-
...., . - -

...- - - - ... - - -8- - -.- - -8-- - . - - . - - . ... - -

5 10 15 20 25 30 35 40 45 50 55

Number of Nodes in Single Hidden Layer

Figure 6-1: The effect of the number of nodes in a single hidden layer network

Final Error (FE) vs Number of Hidden Nodes

Training(10) . Testing (10)
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5 10 15 20

Number of Nodes in First Hidden Layer

25

Figure 6-2: The effect of the number of nodes in a two hidden layer network

In Figure 6-1,30 nodes in the hidden layer provide the optimum setting in terms of the test error.

The training error decreases for an increase in the number of hidden neurons, but the test error

decreases up to a minimum point and then increases. This means that the use of too many
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hidden nodes have the same negative effect on the test error as using too few hidden nodes.

The same trends are emphasised in Figure 6-2, where the effect of the number of nodes in a

two hidden layer network, is shown.

For a topology, represented by a single training and testing graph in Figure 6-2, the number of

nodes in the second hidden layer is set to 10, 30 and 60. Figure 6-2 is then generated by

varying the number of nodes in the first hidden layer. For the two hidden layer network the

optimal setting is obtained for 10 nodes in the first hidden layer. The different values, for the

number of nodes in the second hidden layer, produces nearly the same testing errors, but a

value of 30 produces the best results by a small margin. The MAE results are presented in

Appendix B.

In Figure 6-3 the training time of different networks is compared. Each of the four graphs

represents a different set of hidden layer and node configurations. The number of nodes in the

hidden layer of the single hidden layer network is varied from 1 to 55, in increments of 5. The

number of hidden nodes in the second hidden layer, for the two hidden layer network, is fixed at

values of 10, 30 and 60, where the number of hidden nodes in the first hidden layer is varied

from 1-25 in increments of 5.

Training Time vs Number of Hidden Nodes
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Figure 6-3: The effect of the number of hidden nodes on the training time
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The training time for the same number of hidden nodes is much less in networks where the

nodes are expanded into two layers. The problem with using a single hidden layer is that the

neurons therein tend to interact with one another globally. In complex situations this interaction

makes it difficult to improve the approximation at one point without worsening it at some other

point. This phenomenon is remedied by using two hidden layers. The best single and two layer

feedforward networks are selected and their results are summarised below.

Comparison of Testing Errors

-
" --~-~-------_..-

I I

(1030) FE (30) FE (10 30) MAE (30) MAE

Testing Configuration

- Maximum Error - Minimum Error. Average Error

Figure 6-4: Comparison of the testing errors for different hidden layer networks

Table 6-1: Comparison of the two hidden layer network and the single hidden network
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Measure Two hidden layers (10 30) Single hidden layer (30)

FE error 3.21E-03 3.0SE-03

Minimum FE testing error 4.88E-OS 1.34E-OS

Maximum FE testing error 7.26E-03 7.19E-03

MAE error 4.73E-02 4.60E-02

Minimum MAE testing error 1.2SE-02 1.63E-02

Maximum MAE testing error 7.S3E-02 7.20E-02

Training time (seconds) 477.79 2373.96

Epoch 18 18
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From Figure 6-4, generated from the data in Table 6-1, it can be seen that the FE and MAE

errors of the single layer network is only marginally smaller than for the two layer network. The

only significant difference between the single and two layer networks is the training time.

Because of this the two hidden layer network is preferred and therefore represents the optimal

feedforward network.

6.2.2. Results for different time-delay values in the input layer

The method of obtaining the number of input delays is provided in Chapter 5. In order to verify

this method Table 6-2 presents the results when different input delay values are used (shown in

Figure 6-5). The Levenberg-Marquardt algorithm (for a network with 10 nodes in the first hidden

layer, 30 nodes in the second hidden layer and 18 epochs) is used to generate the results. It

must be emphasised that the epoch number of 18 was selected after several comparisons for all

the different configurations were made. It provided the best results in all the test cases.

Comparison of the Number of Input Time-Delays
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Figure 6-5: Comparison of different time-delay settings in the input layer
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Table 6-2: Comparison of different time-delay settings in the input layer

The optimal FE test error is obtained for 66 input time-delays and this number of time-delays

concurs with the result obtained in Chapter 5. The test error increases as the number of input

time-delays is more than or less than 66.

6.2.3. Comparison of the training algorithms

The epoch, training time and number of hidden nodes that provides the best test errors for each

algorithm is used to generate Table 6-3. The number of nodes in the first hidden layer is equal

to 10 and the number of nodes in the second hidden layer is equal to 30 in all cases. Training

was done with learning-rate values equal to 0.005, 0.01, 0.05, 0.1, 0.5 and 1. A value of 0.05

presented the optimal results, in terms of test error, in all the cases.

Table 6-3: Comparison of training algorithms
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Time-Delay Time
FE training FE MAE

Settings (seconds)

1 0.32567 0.46094 0.83809 92.38

20 0.00227 0.03894 0.21773 174.45

40 5.5135e-05 0.00507 0.06582 273.16

50 9.7046e-06 0.00414 0.05532 337.96

60 1.2673e-06 0.00391 0.04876 392.73

66 5.9081e-06 0.00320 0.04732 477.79

70 2.8315e-06 0.00357 0.05008 557.11

80 3.6341e-06 0.00372 0.04278 696.48

100 2.1141e-06 0.00445 0.06094 830.71

125 5.8641e-06 0.00646 0.09495 1123.51

150 2.202ge-06 0.00702 0.09659 1515.38

Measures Epoch
Training Time Training FE testing MAE testing

(seconds) error error error

LM 18 477.79 5.91E-06 0.003201 0.04732

BFGS 186 957.88 0.00762 0.031876 0.22424

RP 394 347.82 0.00528 0.019134 0.19571

ass 1522 1783.64 0.00293 0.017075 0.21905

GDM 1841 812.33 0.06030 0.117018 0.43043

GD 1952 1036.77 0.10662 0.204187 0.52543
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The gradient descent with momentum algorithm required an additional momentum value.

Training was done with momentum values equal to 0.001, 0.005, 0.01, 0.05, 0.1, 0.3, 0.6, 0.9, 1

and 1.5. A momentum value of 0.9 provided the best result.

From the table the followingremarks can be made:

. Levenberg-Marquardt algorithmuses the least number of iterations (epoch).

. RP algorithmtrainsthe fastest to its minimumtesterror.

. Levenberg-Marquardtalgorithmprovidesthe smallesttest errors(FEandMAEerrors).

The Levenberg-Marquardt algorithm provides the best results in almost all categories. The RP

algorithm is faster than the rest, but cannot provide error values that can compete with the LM

algorithm. The GD algorithm provides the worst results by some margin, but it is expected (as

discussed in Chapter 2). The advantage of more optimized training algorithms, compared to the

standard gradient descent algorithm, is clearly illustrated by these results. The LM algorithm is

superior to the rest and is therefore selected as the algorithm to train feedforward network in

any further comparisons.

6.2.4. Optimal feedforward network results

The optimimum time-delayed feedforward network consists of three layers, where:

. the first hidden layer contains 10 hyperbolic tangent processing elements;

. the second hidden layer contains 30 hyperbolic tangent processing elements; and

. the output layer contains only 1 linear processing element.

The input time-delay value is equal to 66, the number of epoch equal to 18 and the training

algorithm is the Levenberg-Marquardt algorithm. The complete modelling results for the high

pressure compressor with the optimal feedforward neural network are provided in Table 6-4.

Table 6-4: Results for the HPC compressor
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Pressure (kPa) Temperature (OC) Mass flow (kgls)

Testing errors FE MAE FE MAE FE MAE

Training set 5.908e-6 0.00390 0.00114 0.07743 0.00010 0.03905

Test set 1 0.00654 0.07527 0.00189 0.09304 0.00055 0.05010

Test set 2 0.00147 0.05230 0.00116 0.09373 0.00040 0.08337

Test set 3 0.00072 0.02495 0.00243 0.08242 0.00054 0.06289

Test set 4 0.00726 0.07160 0.00928 0.09418 0.00068 0.06465

Test set 5 4.87E-5 0.01245 0.00066 0.08175 0.00018 0.02765

Training Time (s) 477.79 499.81 482.29
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In Table 6-4 the input to the neural networks is the pressure signal at node 30 and the targets

for the neural network is the pressure, temperature and mass flow rate at node 31. The results

for the pressure signal as input and the pressure response of the HPC are presented in the

following figures.

Input and Output Signals of the HPC Mean Squared Error Training Curve of the Neural Network
101550

200

1500 1000 2000 3000 4000 5000 6000 7000 8000
Time (5)

-7
10 0 2 4 6 8 10 12 14 16 18

Epoch

Figure 6-6: Input and output pressure

signals of the HPC

Figure 6-7: Mean-squared-error training

curve of the neural network

Page 66 of 89

-- --

HPC Target and Neural Network Response Training Error, FE =5.9095tH106
520, A

1- Output' I

, 8

500r II 6- NeuralNetOutput

480 4

e 460 e

2

i : i
-4

380 -6

3600 1000 2000 3000 4000 5000 6000 7000 8000 -80 1000 2000 3000 4000 5000 6000 7000 8000
Time(a) Time(a)

Figure 6-8: Targetandneuralnetwork Figure 6-9: Neural network error for the

response signals for the training signal training signal



Chapter 6: Results and Discussion

HPC Target and Neural Network Response

- Output- NeuralNetOutput

1000 2000 3000 4000 5000 6000 7000 8000
Time (s)

Figure 6-10: Target and neural network

response signals for test signal 1

Figure 6-11: Neural network error for test

signal 1

- ----
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Figure 6-12: Target and neural network Figure 6-13: Neural network error for test

response signals for test signal 2 signal 2
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HPC Target and Neural Network Response Error for Test Set 4, FE =0.0072573
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Figure 6-16: Target and neural network

response signals for test signal 4
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Figure 6-18: Target and neural network

response signals for test signal 5
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Figure 6-17: Neural network error for test

signal 4

Figure 6-19: Neural network error for test

signal 5

Table 6-5: Results for the LPG compressor

mperature eC)

T~~;tingerrors

Training set

Test set 1

Test set 2

Test set 3

Test set 4

Test set 5

Training Time (s)

0.000019 0.00359

0.003904 0.02208

0.001260 0.01659

0.000799 0.01301

0.006614 0.02360

0.000302 0.01024

465.46

0.00025 0.01148

0.00108 0.01944

0.00665 0.02436

0.00172 0.02675

0.00379 0.01886

0.00923 0.01849

455.31

FE!

0.000216 0.00999

0.003886 0.02521

0.001536 0.01647

0.001606 0.01652

0.001049 0.02549

0.000222 0.01114

481.85

Figures that compare the pressure in-temperature out and pressure in-mass flow-out results are

omitted due to similarity with the figures (Figure 6-6 to Figure 6-19) as presented above. Similar
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results were also obtained for the LPG and the results are presented in Table 6-5, where the

input is the pressure signal at node 10and outputs at node 11.The results obtained for the LPG

compressor is comparable with the results of the HPG, in terms of FE, MAE and training time.

6.3. Global recurrent neural network results

In this section the first of two recurrent neural network structures are investigated. The global

recurrent network should provide slower training than the feedforward networks because of the

feedback loops. The results for the number of hidden nodes, number of time-delays and training

algorithms are presented in this section.

6.3.1. Results for different numbers of hidden nodes

The following figures emphasise the effect of using too few or too many hidden nodes on the

final error (FE). The number of hidden layers is fixed at one hidden layer. Figure 6-20

demonstrates the effect of the number of hidden nodes on the final training and testing errors.

The epoch value is equal to 1 and is selected in accordance with the early stopping method. For

this experiment, 66 time-delays were used.

Final Error (FE)vs number of hidden nodes

5 10 15 20 25 30 35 40

Numberof hidden nodes

Figure 6-20: Theeffectof thenumberof nodeson trainingand testingerrors

From Figure 6-20 it is clear that the optimum number of hidden nodes is equal to 5. The training

error decreases with an increase in the number of hidden nodes, while the test error decreases

up to five hidden nodes.
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6.3.2. Comparison of different time-delay values in the recurrent layer

To investigate whether the same time-delay value of 66, established in Chapter 5, might also be

applicable for a recurrent network the followingcomparison is made in Figure6-21.

Comparison of Number of Recurrent Time-Delays

1
+-- TrainingFE

- ___- Testing FE a"9

..- TestingFE min

- .~ . - Testing FE max0.1
~

g
w

C'CI

c

i!
0.01 -f-%""::':::::tm ,~'r:""'YDW:~'

0.001

1 5 10 20 30 40 50 60 66 70 80

Number of Time-Delays

Figure 6-21: Comparison of different time-delay settings in the recurrent layer

Table 6-6: Comparison of different time-delay settings in the recurrent layer
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Tlmpelay
FE trainil19 Fltf!stih9 iiI_....:: TI,{Q@:.

$tting$
.v.",,",, ..., .: "'. to

, ,

1 0.37051 0.50282 0.81375 77.20

5 0.20226 0.29251 0.66107 81.96

10 0.11082 0.17376 0.52299 85.68

20 0.03521 0.06591 0.42947 91.50

30 0.01594 0.03551 0.37907 97.28

40 0.01197 0.03004 0.35752 103.35

50 0.01115 0.02991 0.34232 109.17

60 0.01090 0.02979 0.31984 115.80

66 0.01066 0.02949 0.29491 116.83

70 0.01052 0.02977 0.29536 121.92

80 0.00996 0.03136 0.30776 132.17
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The Levenberg-Marquardt algorithm (for a network with 5 hidden nodes and 1 epoch) is used to

generate the results in Table 6-6. It must once again be emphasised that the epoch value is

selected after several comparisons for all the different configurations have been made. The

optimal FE testing error is obtained for a recurrent time-delay value of 66. The number of time-

delays calculated for a feedforward network is therefore also applicable for a global recurrent

network. The number of time-delays has a direct influence on the training time as shown in
Table 6-6.

6.3.3. Comparison of the training algorithms

Table 6-7 was generated from the epoch value, training time and hidden layer setting that

provide the best testing errors. The number of nodes in the hidden layer is equal to 5. The

results for the standard gradient descent algorithm are omitted in Table 6-7 due to inconclusive

results.

Measures

Table 6-7: Comparison of training algorithms

...r~lnlijg

.

. Training IIFJ:!t~§~jng
Titne(~eQ9nd~} e.rror ~ error

116.83 0.01065 0.02949

5159.75 0.01092 0.02960

4235.11 0.03231 0.05405

37955.43 0.01081 0.02988

38605.90 . 0.03098 0.06048

Epoch

LM

BFGS

RP

ass

GDM

1

109

206

679

1732

MAEtesting

0.20662

0.30683

0.43246

0.32041

0.35373

The results in the table can be summarised as follow:

· The Levenberg-Marquardt algorithm uses the least number of iterations (epoch).

· The Levenberg-Marquardt algorithm trains the fastest to its minimum testing error.

· The Levenberg-Marquardt algorithm provides the smallest testing errors (FE and

MAE errors).

The Levenberg-Marquardt algorithm provides the best results in all the categories. The BFGS

and ass algorithms were able to provide similar testing error values, but required a

considerable number of epochs and training time. The LM algorithm is selected as the algorithm

to represent the global recurrent networks.
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6.3.4. Optimal global recurrent network results

The recurrent neural network consists of a single hidden layer with feedback, where the hidden

layer contains 5 hyperbolic tangent processing elements and the output layer contains only 1

linear processing element. The global feedback time-delay value is equal to 66.

The complete modelling results for the high pressure compressor with the global recurrent

neural network are provided in Table 6-8. In this table the Input to the neural networks is the

pressure signal at node 30 and the targets for the neural network is the pressure, temperature
and mass flow rate at node 31.

l"e~ti09 errol's-
Training set

Test set 1

Test set 2

Test set 3

Test set 4

Test set 5

Training Time (s)

Table 6-8: Results for the HPC compressor

PressLJ..~.(kPa)

FE M

0.010659 0.15581

0.035538 0.22048

0.027435 0.22620

0.033871 0.22718

0.043237 0.23991

0.007373 0.11935

116.832

~r~1ur9.(~C)..

MAE

0.007793 0.17753

0.006358 0.14727

0.008745 0.17182

0.014151 0.17139

0.094481 0.36645

0.078499 0.31959

115.032

FE-
0.024458 0.23954

0.033529 0.26921

0.041273 0.33061

0.062443 0.32914

0.098426 0.31890

0.022378 0.23505

116.471

The results for the pressure signal as input and the output pressure response are presented in

the following figures.

550
Input and Output Signals of the HPC Mean Squared Error Training Curve of the Neural Network

101

200

1- Input IOutput

t
I
u
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Tlme(s)

0.2

Figure 6-22: Input and output pressure

signals of the HPC

0.4 0.6
Epoch

0.8

Figure 6-23: Mean-squared-error training

curve of the global recurrent network
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Figure 6-24: Target and neural network

response signals for training signal
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Figure 6-26: Target and neural network

response signals for test signal 1
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Figure 6-28: Target and neural network

response signals for test signal 2
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Figure 6-25: Neural network error for

training signal
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Figure 6-27: Neural network error for test

signal 1
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Figure 6-29: Neural network error for test

signal 2
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HPC Target and Neural Network Response Error tor Test Set 3, FE = 0.033871
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Figure 6-30: Target and neural network

response signals for test signal 3
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Figure 6-32: Target and neural network

response signals for test signal 4
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Figure 6-34: Target and neural network

response signals for test signal 5
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Figure 6-31: Neural network error for test

signal 3

Figure 6-33: Neural network error for test

signal 4
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Figure 6-35: Neural network error for test

signal 5
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Figures for comparison were obtained for the pressure in-temperature out and pressure in-mass

flow-out configurations, but are omitted due to similarity with the above presented figures. The

findings for the LPG are summarised within Table 6-9, where the input is the pressure signal at

node 10and outputs are obtained at node 11.

Testing errors

Training set

Test set 1

Test set 2

Test set 3

Test set 4

Test set 5

Training Time (s)

Table 6-9: Results for the LPG compressor

Pressure (kPa) I ]~roP!9ra'

FE II MAE II FE

0.008271 0.13086

0.056193 0.30402

0.041622 0.28038

0.039839 0.25888

0.084511 0.32726

0.011699 0.15871

123.34

0.010082 0.2157

0.017337 0.23939

0.014703 0.23227

0.027527 0.25464

0.042812 0.23826

0.106840 0.20491

129.72

0.017427 0.17549

0.085833 0.39407

0.074583 0.36607

0.083466 0.36944

0.135350 0.39477

0.028724 0.20515

121.873

The results obtained for the LPG compressor is comparable with the results of the HPG in terms

of FE, MAE and training time.

6.4. Local (Elman) recurrent network results

The local (Elman) recurrent network is summarised briefly because it provides similar results as

for the global recurrent network. A presentation of the number of hidden nodes and time-delays

is omitted, but a comparison of the learning algorithms is presented in Table 6-10 . After the

necessary comparisons of hidden nodes and time-delay values were made, it was found that a

local recurrent network with 5 hidden nodes and 10 recurrent feedback delays provided the best

results. Throughout the various comparisons it was found that the local recurrent network was

plagued by instability, and various configurations could not provide accurate results.

6.4.1. Comparison of the training algorithms

The specific local recurrent network that was used in comparing the training algorithms makes

use of 5 hidden nodes and 10 recurrent feedback delays. The RP algorithm provided the best

results in terms of training error, FE and MAE testing errors. The LM algorithm was the best

algorithm in terms of training time and number of epochs. The LM as well as BFGS algorithms

were plagued by memory problems, even for medium sized networks. Better results might have

been obtained for a LM-based network with more hidden layer nodes and delays. To investigate
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this, some experiments were run on a higher specification computer but memory problems

persisted. The mean-sQuared-errorgraph of the RP algorithm is presented in Figure 6-36.

Table 6-10: Comparison of learning algorithms

Mean-Squared-Error Training Curve of the Neural Network
101

I
B
M

50 100 150 200 250 300
Epoch

Figure 6-36: Mean-squared-error training curve of the Elman network

The in-detail HPC and LPC results were similar to those generated by the global recurrent

network and are not reported here. The comparison of the feedforward and recurrent networks

is presented in the following section.

6.5. Summary

In the previous sections time-delayed feedforward networks, global recurrent networks and local

recurrent networks were discussed. The summarised results for these networks are presented
in Table 6-11.

The most important results for comparison are the magnitude of the FE, MAE and MSE errors

obtained. The feedforward network provides the best results in terms of training and testing
errors.
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MeasUres I;poch
Trainihg Training I7l;te$ing MI.Etestitll

Ti1m!(econd$) error errar error

LM 8 470.35 0.03088 0.07227 0.39667

BFGS 31 1598.28 0.10808 0.24022 0.62381

RP 311 5911.51 0.00762 0.01481 0.29006

ass 284 12957.86 0.07624 0.13632 0.51177

GDM 1459 11803.35 0.04223 0.31814 0.61466
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Table 6-11: Final Topology Comparison

Another important comparison criterion is the training ability of the neural network algorithms. It

has already been established in Sections 6.2, 6.3 and 6.4 that not all the algorithms tested

reached the required accuracy. The training time, epochs used and convergence rate of the

neural network algorithm influence the training ability of such an algorithm.

The global recurrent network is the optimum network topology in terms of training time and

number of epochs used, but the generated errors are not comparable with the accuracy

obtained by the feedforward network. The algorithm that provided the best results in the

previous sections was used for each topology in the test cases. The LM algorithm uses the least

number of epochs and provides the best results for the feedforward networks. The other

algorithms are not able to match the performance of LM even if the Elman network makes use

of the RP algorithm.

To summarise, the following remarks can be made:

· For accurate modelling, the optimal choice of the number of hidden nodes plays a vital

role for a compromise between memorisation and generalisation.

· Of all the topologies tested, time-delayed feedforward neural networks provided superior

modelling in terms of accuracy.

· Several training algorithms were investigated. The training algorithm which provided the

smallest modelling errors was the Levenberg-Marquardt algorithm.

The conclusion and recommendations to this study are provided in Chapter 7.
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Cqmparispnfila Feedforward Global Recurrent [,ocalBeourrent

Nodesinfirst hiddenlayer 10 5 5

Nodesin secondhiddenlayer 30 - -

Inputtime-delays 66 - -

Recurrent time-delays - 66 10

Training algorithm LM LM RP

Number of epoch 18 1 301

FE Training error 5.91E-06 0.010659 0.007629

FE testing error 0.00321 0.02949 0.01462

MAE testing error 0.0473 0.206620 0.290061

MSE training error 9.47E-07 0.001707 0.001296

MSE testing error 3.04E-04 0.003712 0.001719

Training time (seconds) 477.79 116.83 2912.22
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Chapter 7: Conclusion and Recommendations

7.1. Introduction

In the first section of this chapter the work conducted in this study is summarized and

conclusions are presented. Feedforward neural networks with time-delays, global recurrent and

local (Elman) recurrent neural networks were chosen as the dynamic modelling tools used in

this study. Various different training algorithms were investigated and comparisons were made.

This chapter also states the contributions of the study and suggestions for future research.

7.2. Conclusion

In this study artificial neural networks were used to model the high and low pressure

compressors of the PBMR. Various neural network configurations and topologies were

compared so that the best configurations and topologies could be selected. From the

comparisons it was found that the time-delayed feedforward neural network provided the

smallest errors and best generalization by a considerable margin. It is therefore the best

topology to use and provide a distinct advantage over other topologies and configurations that
were tested.

The final error percentage (FEP), obtained for the feedforward neural networks in conjunction

with the Levenberg-Marquardt (LM) algorithm, are smaller than 0.322%. The mean-squared-

error (MSE) is determined to be equal to 0.0003. The small test errors emphasise the high level

of model accuracy that was achieved. The generalisation ability of the feedforward neural

network is emphasised by the small error differences that have been obtained for the different

data sets (test set 1-5 in Table 6.4).

The modelling accuracy of the recurrent networks is inferior to the feedforward network, but a

final error percentage smaller than 3% and mean-squared-error smaller than 0.004 are still

regarded as acceptable results. The chosen topologies provided very accurate models for the

HPC and LPC compressors of the PBMM. This study emphasises that neural networks can

successfully be used for nonlinear system modelling and that accurate results can be

generated. The study also supports the concept of utilising specific waveforms for the modelling

of nonlinear dynamic systems.
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7.3. Contribution of study

All the compared topologies were able to provide small modelling errors (FEP smaller than 3%

and MSE smaller than 0.004). From the accurate modelling of the LPC and HPC, the

conclusion can be made that neural networks provide a viable alternative to conventional

modelling methods for nonlinear dynamic systems. After a full comparison it was shown that the

time-delayed feedforward neural networks are able to model systems with dynamic nonlinear

characteristics more accurately than recurrent networks.

It is expected that the same results should be found for other nonlinear dynamic systems such

as other components of the PBMR. The feedforward neural network in conjunction with the LM

algorithm should provide the most accurate results.

The discussed methods can also be used in further predictions and scenarios. It is possible to

use the results obtained in this study and to change some of the parameters of the topologies to

model other nonlinear systems, such as transport and control systems.

7.4. Recommendations for future research

The time-delayed feedforward neural networks provided the best results in this study, but a

variety of alternative topologies can be investigated. Various different neural network topologies

and learning algorithms exist and therefore comparative results may be obtained by using these

other topologies and algorithms. Some of the topologies and algorithms that could be used in

future studies include genetic algorithms, counter-propagation and probabilistic neural networks.

The data used to generate models for the PBMM was obtained from Flownet. To ensure that the

models are indeed optimized, the models might be tested on specific data generated by the

actual PBMM plant. In future, when the PBMR plant has been constructed, further testing can
be conducted.

Artificial neural networks are powerful tools which can model a wide variety of systems. It is,

however, important to define the problem beforehand and to specify the accuracy that is

required. This has a major impact on the selection of an appropriate neural network topology.
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APPENDIX A: The back-propagation algorithm

The back-propagation algorithm is derived by assuming that the error of the output units needs

to be minimised. The error E is found by using the formula:

(A.1)

where K is the number of units in the output layer, 1'" is the desired network output and Ok is

the actual output corresponding to the current output layer. The constant Y2 is used in the

derivation of back-propagation and is included in the total squared error calculation.

The training process is repeated until a specified error value is obtained. Each time all the

patterns in the problem have been used once, it will be referred to as an iteration. The back-

propagation algorithm is summarised in Figure A-1 and the formulae that are used to adjust the

weights are provided below.

.--------------------------------
I
I
I
I
I
I
I
I

Output
neurons

---------------------------------

Multilayer feedforward network

Figure A-1: The back-propagation training algorithm [5]

The formula for the error 8k is provided in Equation (A.2), where / (computed in Equation

(A.4) is thederivativeof the sigmoidactivationfunction,givenin Equation(A.3).

(A.2)
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(A.3)

(A4)

The formula to change the weight, wjk between the output unit, k , and unit j is:

(A5)

where 17is some relatively small positive constant called the learning rate. The formula for

computing the error 8j for a hidden unit, j, is:

(A6)

The weight change formula for a weight wij' which exists between the hidden unit j and the

input unit i , is essentially the same as before:

W.. ~ Woo+118.0.
I) I) ',) I (A.7)

Now, the error for the output unit is firstly computed by (AB) and the weight adjustments, for

units leading into the output layer, by (A9).

(A8)

(A9)

The same procedure can be used to compute the errors for consecutive hidden layers. Equation

(A 10) is used to compute the error and the formula to change the weights is provided in (A 11).

After Equation (A 11),all or most of the weights will have dissimilar values.

8j =OJ(1-Oj)2:8kwkj
k

(A10)

Llw.. = "8.0.
I) ',) I (A11 )

Referencing Equation (A 9), the learning rate controls how swiftly and precisely the network

converges to a particular solution.
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APPENDIX B: Maximum amplitude errors for the feedforward network

The MAE results for the time-delayed feedforward networks are summarised below. The

same trends as in the final error figures in Section 6.2 are obtained. The smallest MAE

errors are obtained in the case for a single hidden layer network with 30 hidden nodes and a

two hidden layer network with 10 and 30 nodes in the first and second layer respectively.

Maximum Amplitude Error vs Number of Hidden Nodes
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Figure A-2: Maximum amplitude error versus number of hidden nodes (single layer)

Maximum Amplitude Error (MAE) vs Number of Hidden Nodes
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Figure A-3: Maximum amplitude errorversus the number of hidden nodes
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APPENDIX C: Time-delays in the input and hidden layer

In the majority of the tests a feedforward neural network with only input layer time-delays is

used. Table A-1 is created to emphasise that feedforward networks with input layer delays

generate the best results. In Table A-1 the results for feedforward networks with input and

hidden layer delays are summarised. The neural network consists of 10 nodes in the first hidden

layer and 30 nodes in the second hidden layer. The number of epoch is equal to 18 and the

training algorithm is the Levenberg-Marquardt algorithm.

Table A-1: Delays in both the input and hidden layer

Networks with input and hidden layer delays do not provide good results in comparison with

input-delay networks. The delays in the input and hidden layer provide no advantages in terms

of the final error and MAE testing errors. The input and hidden time-delay configurations only

lead to an increase in the training time and therefore provide no viable option for this

application.
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Inp..,tdelays
Hidden layr

FE .tl'alljl09 FE MAE
;rIme

delayS (sn)
1 1 0.291791 0.472926 1.01982 831.16

1 66
Insufficient Memory

2 66
Insufficient Memory

5 10 0.004484 0.089688 0.40813 7062.47
10 4 0.014282 0.061315 0.31768 2304.14
20 1 0.003467 0.040583 0.22477 2469.77
20 2 0.002921 0.045732 0.23821 1328.07
22 3 0.001145 0.021026 0.14982 1440.21
66 1 0.003138 0.021553 0.16153 1218.05
66 2 0.000656 0.010699 0.11618 1827.14
66 4 0.017426 0.054603 0.29414 2406.60
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APPENDIX D: Programming-code on CD-Rom

Table A-2: Programming code for the time-delayed feedforward network
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-- -

GeneralfeedfonNsrd .networkifil$

FF_program_1Iayer.m Core program for the single hidden layer time-delayed feedforward

neural network. The number of time-delays, epoch values, training

algorithms and hidden nodes can be modified. The neural networks

are trained and the results are generated.

FF_program_2Iayer.m Core program for the two hidden layer time-delayed feedforward

neural network, with the same structure as 'FF_program_1Iayer.m'.

MiJltPlbop.files .
FF_Loop_func1.m Program that is used to repeatedly call the multi-loop main program

('FF_program_1100p.m')and then save the different results in a set of

data files.

FF_program_1100p.m Multi-loop main program for the single hidden layer time-delayed

feedforward neural network. The number of time-delays, epoch

values, training algorithms and hidden nodes can be modified. The

neural networks are trained and the results are generated.

FF_Loop_func2.m Program that is used to repeatedly call the multi-loop main program

('FF_program_2100p.m').

FF_program_2100p.m Multi-loop main program for the two hidden layer time-delayed
feedforward neural network, with the same structure as

'FF_program_1100p.m'.

rrinlngandt;tlngfUe

The following test files (functions) are used in conjunction with all the above programs and the

FE, MSE, and MAE errors are generated for the different data sets in each program. The error

graphs are also produced.

Train_FF.m The neural network, trained in the main program, uses the training set

to simulate the predefined network.

TesCFF_1.m The neural network uses test set 1 to simulate the network.

TesCFF_2.m The neural network simulates the network by using test set 2.

Test_FF_3.m The neural network simulates the network by using test set 3.

TesCFF _4.m The neural network, trained in the main program, uses test set 4 to

simulate the predefined network.

Test_FF_5.m The neural network, trained in the main program, uses test set 5 to

simulate the predefined network.
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Table A-3: Programming code for the global recurrent network
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---

Genetalg'QI)'te,QQtl'eDlg1:W.QI't<file

GR_program_layer.m Main program for the global recurrent neural network. The number of

time-delays, epoch values, training algorithms and hidden nodes can

be modified. The neural networks are trained and the results are

generated.

l\IIulfl-loop files

GR_Loop_func1.m Program that is used to repeatedly call the multi-loop main program

('FF_program_1100p.m')and then save the different results in a set of

data files.

GR_program_loop.m Multi-loop main program for the single hidden layer time-delayed

feedforward neural network. The number of time-delays, epoch

values, training algorithms and hidden nodes can be modified. The

neural networks are trained and the results are generated.

"I"1'ltl'Qg.ag<l.e,.§lgg.file,§

The following test files (functions) are used in conjunction with all the above programs and the

FE, MSE, and MAE errors are generated for the different data sets in each program. The error

graphs are also produced.

Train_global.m The neural network, trained in the main program, uses the training set

to simulate the predefined network.

Test_globaL 1.m The neural network, trained in the main program, uses test set 1 to

simulate the predefined network.

TesCglobaL2.m The neural network, trained in the main program, uses test set 2 to

simulate the predefined network.

TesCglobaL3.m The neural network, trained in the main program, uses test set 3 to

simulate the predefined network.

Test_globaL 4.m The neural network, trained in the main program, uses test set 4 to

simulate the predefined network. The training error, in terms of the

FE, MSE, and MAE errors are generated. The error graphs are also

generated.

TesCglobaL5.m The neural network, trained in the main program, uses test set 5 to

simulate the predefined network. The training error, in terms of the

FE, MSE, and MAE errors are generated. The error graphs are also

generated.
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Table A-4: Programmingcode for the local recurrent network

All of the data used in this study is provided in the <data> directory and include the original data

obtained from the controller (80001 data points), the controlled mass flow signal and the

reduced data (2001 data points). The data of the HPC and LPC are presented in separate
directories.
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--

Generallocalrecurren(networkflle

LR_program_layer.m Main program for the global recurrent neural network. The number of

time-delays, epoch values, training algorithms and hidden nodes can

be modified. The neural networks are trained and the results are

generated.

Multiloop flies

LR_Loop_func1.m Program that is used to repeatedly call the multi-loop main program

("FF_program_1100p.m')and then save the different results in a set of

data files.

LR_program_loop.m Multi-loop main program for the single hidden layer time-delayed

feedforward neural network. The number of time-delays, epoch

values, training algorithms and hidden nodes can be modified. The

neural networks are trained and the results are generated.

]rlijl"gnd.test'ng files .........

...

The following test files (functions) are used in conjunction with all the above programs and the

FE, MSE, and MAE errors are generated for the different data sets in each program. The error

graphs are also produced.

Train_local.m The neural network, trained in the main program, uses the training set

to simulate the predefined network.

TesUocaL 1.m The neural network, trained in the main program, uses test set 1 to

simulate the predefined network.

TesUocaL2.m The neural network, trained in the main program, uses test set 2 to

simulate the predefined network.

TesUocaL3.m The neural network, trained in the main program, uses test set 3 to

simulate the predefined network.

TesUocaL 4.m The neural network, trained in the main program, uses test set 4 to

simulate the predefined network.

TesUocaL5.m The neural network, trained in the main program, uses test set 5 to

simulate the predefined network.


