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ABSTRACT

This thesis describes the development and implementation of an on-line optimal
predictive controller incorporating a neural network model of a non-linear process.
The scheme 1s based on a Multi-Layer Perceptron neural network as a modelling
tool for a real non-linear, dual tank, liquid level process. A neural network process
model 1s developed and evaluated firstly in simulation studies and then
subsequently on the real process. During the development of the network model,
the ability of the network to predict the process output multiple tune steps ahead
was investigated. This led to investigations into a number of important aspects such
as the network topology, tramning algorithms, period of network training, model
validation and conditioning of the process data. Once the development of the
neural network model had been achieved, i1t was included into a predictive control
scheme where an on-line comparison with a conventional three term controller was
undertaken. Improvements in process control performance that can be achieved in
practice using a neural control scheme are 1llustrated. Additionally, an insight into
the dynamics and stability of the neural control scheme was obtained in a novel
application of linear system identification techniques. The research shows that a
technique of conditioning the process data, called spread encoding, enabled a
neural network to accurately emulate the real process using only process input
information and this facilitated accurate multi-step-ahead predictive control to be
performed. |
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CHAPTER 1

INTRODUCTION

1.1 PROJECT BACKGROUND

In many present day industries there 1s a requirement for the optimal control of
processes for financial, economical and political reasons, which places a very high
requirement on the availability of models describing the dynamic behaviour of
processes. Process models play an important part since the design of efficient
process controllers relies heavily on the accuracy of the models, and in the majority

of cases, without an adequate model of the process to be controlled, the synthesis

of a control algorithm is not possible (FASOL and JORGL, 1980).

In many industries, such as the aerospace industry, processes are usually well
defined and hence the construction of accurate process models to enable design of
controllers 1s sumplified. This research project concentrates on chemical,
biotechnological and food manufacturing industries where 1t 1s typical to have
complex processes that exhibit non-linearities, time variations, disturbances and
uncertainties. Under these conditions the development of accurate dynamic process
models from first principles is a considerably difficult, time consuming and costly
exercise. The resulting models may also be very complex thus, rendering the

subsequent task of controller design an onerous one.

The following sections,‘ 1.2 and 1.3, give a general review of process modelling

and different control strategies available to the process engineer.
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1.2 REVIEYW OF PROCESS MODELS

Mathematical models of processes can be developed in basically three different
ways, these being either purely theoretical, purely empirical or a combination of
both theoretical and empirical methods. When developing a model wvia the
theoretical route, the development of the model will be dependent on natural and
physical laws governing the process, whereas the empirical route will be based on

experimental studies.

Both theoretical and empirical modelling methods have their advantages and
disadvantages and in many cases a process model will be constructed using the
combination of the two methods. If the process under investigation does not
already exist, then empirical modelling 1s not possible and theoretical modelling is
the only way forward to investigate the performance of a priori control structures.
This 1s also the only way forward 1f experiments on an existing process cannot be
carrted out, for various reasons such as safety. A disadvantage of theoretical
modelling when applied to complex processes, such as those found in the chemical
industry, 1s that 1t usually requires an expert with an in depth knowledge of the
physical phenomena occurring in the process in order to obtain a realistic model.
For experimental process investigations, the knowledge is also necessary but not
that important (FASOL and JORGL, 1980). One of the main disadvantages with
the empirical approach is that the resulting models are generally in the form of
input-output equations, and hence this result‘s in a 'black box' model of the process

which 1s difficult to relate back to the original process.

The majority of systems are frequently modelled under the assumption that the

process can either be assumed linear over the operational region of interest or at
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least linearised about the operating point, the resulting process models are then
termed linear models. However, 1n certain circumstances it i1s not realistic to
assuine the process 1s linear over its enfire operating range and 1t 1s advantageous to
obtain a non-linear model description. In this section a review of the most
commonly encountered linear and non-linear models along with any associated

problems 1s given.

1.2.1 Linear process models

When theoretical modelling 1s performed on a linear or linearised system, the
resulting dynamic equations will be either ordinary or partial differential equations
which will usually reduce to algebraic and ordinary differential equations when

only steady state cases are of interest.

When process modelling 1s performed by experimentation, the resulting linear
model or models will be either parametric or nonparametric. The most common
parametric models considered are step response models and time series analysis
models, which result 1n models of the auto-regressive integrated moving average,

ARIMA, type, and other similar linear model structures, such as the ARX and

ARMAX.

For any of the empirical methods there are basically three steps to be taken in order

to obtain a process model:

1) Apply a suitable test signal to the input of the process and collect the input-
output response data;
11) Decide on a suttable form of the model in order to represent the process;

111) Determine the parameters of the postulated model by fitting the model to the
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input-output data.

The step response method 1s a very simple technique but suffers from the problem
that 1f the process 1s non-linear then the size of the step input should be kept as
small as possible so as to maintain an accurate linear model. A disadvantage
associated with the other techniques 1s that of model order selection, which for the

realistic case of the process measurements contaminated with noise, can become

complex. However, model order selection techniques are available to aid in the

design (SODERSTROM and STOICA, 1989).

The popular nonparametric process models are described by the process weighting
function or frequency response. As with the step response metliod, obtaining a
model from the frequency response of a process is largely dependent on the process
being linear over the range of interest, if this is not the case then this method will
result in an maccurate process model. The weighting function of a process can be
determined if the auto-correlation function of the input signal and the cross-
coirelation function of the input and output signal are known. Howéver,
considerable problems occur in interpreting the cross-correlation function in terms

of a process weighting function when there are non-linearities present (GODFREY,

1980).

It 1s evident from the above that if the process under investigation contains non-
linearities then each of the techniques is only capable of modelling the process over
a small linearised region. In certain cases, however, the process non-linearities are
only mild and hence, a linear model can adequately characterise the process. The
advantage of this 1s that the great wealth of linear systems theory, which 1s well

understood, can be used to design a suitable controller. When the process non-
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linearities are such that a linear model is only accurate over a small region of the
total operating range, then linear models can still be used to represent the process
over the whole range by constructing a number of linear models throughout the
operating conditions. An alternative approach is recursive identification where a
linear model of the process 1s estimated at each sample period. This technique 1is

usually coupled to a self tuning control structure, discussed in section 1.3 .

Although many processes are modelled on the above techniques it is, however, a
fact that non-linear process models are a more suitable alternative when

constructing models of real processes.

1.2.2 Non-linear process models

The main problem with non-linear systems theory is that there are no general
methods for the analysis and synthesis of non-linear processes. Unlike linear
processes, the analysis of many non-linear systems results 1n complex
mathematical models that bear little or no resemblance to each other and hence,
this inhibits a widespread methodology for control system design.

As with lmear process models, a theoretical approach can be taken to obtain a non-
linear model of a process and if this is the case then the experimental approach
may not be necessary. However, a number of models have been proposed that use

input-output data from the process to construct the model.

The analysis of a wide range of non-linear processes can be based on the use of
functional series. The Volterra series (VOLTERRA, 1931) can be used to calculate
the process output of a non-linear process. The analysis results in a nonparametric

model and suffers from the problem that the solution 1s extremely difficult when

h
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the mput to the process 1s assumed stochastic (BILLINGS, 1980). A discrete
Volterra series was developed from the continuous series (ALPER, 1965) and used
to analyse non-linear sampled data systems. Both the models proposed by Volterra
and Alper are nonparametric process models and have the disadvantage of a large
number of kernels to be estimated which in turn require a very large number of
mput-output process data to be collected from the process (BILLINGS, 1980). A
parametric model has been derived (HABER and KEVICZKY, 1974) which is
capable of approximating a discrete second order Volterra series. The advantages
of the model are that it has a finite number of parameters and is also linear in the
unknown parameters. From the parametric Volterra model a number of other
models, suitable for the modelling of non-linear processes, have been devised, such
as the generalised Hammerstein and the simple Hammerstein model (ISERMANN
et al., 1992). The simple Hammerstein model consists of a linear transfer function

in series with a non-linearity and both Hammerstein models are of the parametric

type.

Another class of important non-linear process models is based on non-linear
differential equations and results in a model under the name of the non-linear
differential equation, (NDE); model. This model description i1s of importance since
non-linear differential equations often result from natural physical laws governing
the process. Another form of non-linear model structure is termed prediction error
models for non-linear stochastic processes (BILLINGS and LEONARITIS, 1935).
These models are referred to as non-linear auto-regressive moving average
exogenous, NARMAX, models and are a generalisation of the ARMAX model
used in linear system 1idenfification. The main problem with these non-linear
process models 1s that the order of the model has to be chosen correctly and this is

not always an easy task. Also, in the realistic situation of noise disturbing the

6
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process measurements, an over parameterised model will not give a better

description of the process but will give a better {it to the process noise.

1.3 REVIEW OF PROCESS CONTROLLERS

The development of linear controllers for linear systems has been established for
many years and a wide range of designs are available. By far the most widely used

in practice 1s the three term, PID, controller. Other controllers devised over the

years include (OGATA, 1970):

(1) The pole-assignment controller
(11) The model reference controller
(111) The cancellation controller

(1v) The deadbeat controller

The main disadvantages with all the above mentioned controllers, when applied to
real processes, 1s that they are not optimal, an‘d their accuracy 1s dependent on the
process being linear and tune invariant. In reality the majority of processes are non-
linear and the process parameters may vary with time. In an attempt to overcome
the disadvantages, the area of self tuning control was mtroduced. The above

mentioned controllers can be used 1n a self tuning structure and a number of other

typical self tuning controllers include (WELLSTEAD and ZARROP, 1991)

(1) The mimimum variance controller
(11) The generalised predictive controller

(111) The limear quadratic Gaussian controller
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In a self tuning control scheme the controller will adapt according to the changes in
the process and environment in an attempt to produce an optimal or a desired
control. The majority of self tuning schemes still work on the principle of using a
linear model of the process, since this enables the great wealth of linear systems
theory to be applied in the design. A linear model, representing the region in which
the process 1s operating, 1s usually estimated at each sample time and then the
controller 1s updated based on the required control. Disadvantages of the adaptive
control scheme are that it usually requires a considerable amount of on-line
computations, the accuracy of the model 1s also constrained within certain bounds
of the operating point and if the process is required to be operated at another set
poimnt a new model must be estimated. Also, i1f the process returns to an original

operating point the model at that point must be estimated again.

A number of non-linear controller designs have been proposed that use the
information from the non-linear model representing the process in order to select
the controller parameters. However, most of the designs have been based on a
specific process and the 1ssue of excessive cbmputations to be perforined within

the sample time of the process can cause probleins.

1.4 MOTIVATION FOR AN ANN APPROACH

It is evident from the above that the modelling and control of non-linear processes
has proven difficult and, conseque-ntly, although the subject of specific research
projects, the application of non-linear controllers to real plant i1s rare. It has been
shown (NARENDRA and PARTHASARATHY, 1989; ELSELY and SHENG,
1991; NGUYEN and WIDROW, 1990) that neural networks may be used for both

process modelling and control of non-linear systems. They are naturally suited to
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describe the behaviour of systems containing non-linearities, and indeed have been

shown to utilise their own non-linear characteristics to provide robustness against
noisy data. Since the modelling of processes is a very mmportant step in the
understanding of plant operation for process operators, plant designers and control
engineers as well as 1n the design of controllers, a great deal of interest towards

artificial neural networks for process modelling and control has been shown.

1.4.1 Types of Artificial Neural Networks

A large number of artificial neural networks have been proposed over the past few
years and only a list of the most popular types will be mentioned. Many of the

networks not mentioned are found to be closely related to these popular types.

Artificial neural networks can be classed as either supervised or unsupervised
networks, and this refers to whether the network is presented with target output
values during training or if the network is self organising respectively. The basic
difference between the different types of networks i1s in the architecture and the
algorithms used for their training. Some of the characteristics of the different
network architectures are that processing units within a layer can be either fully
interconnected or not interconnected at all, the networks can have a single layer or
a multi-layer of processing units and the flow of data can be from the mput to the
output of the network only or from a processing unit back to itself, in which case
the network is termed recurrent. Of the unsupervised neural networks the most

popular are:

(1) Kohonen network (KOHONEN, 1972),
(i1) Adaptive resonance theory networks ART1 and ART2 (CARPENTER and
GROSSBERG, 1985)
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(111) Boltzmann machine neural networks (HINTON and SEJINOWSKI, 1983)
- (1v) Bi-directional associative memory (BAM) networks (KOSKO, 1987)

The Kohonen and ART2 networks are used with continuous valued data whilst the

ART1, Boltzmann and BAM networks are used with binary valued data.

The most widely accepted supervised neural networks are:

(1) The neocognitron (FUKUSHIMA et al., 1983)

(11) Multi-layer perceptron (RUMELHART et al., 1986)

(111) Radial basis function (RBF) network (MOODY and DARKEN, 1989)

(1v) Cerebellar model articulation controller (CMAC) (ALBUS, 1975)

(v) Discrete and continuous Hopfield networks (HOPFIELD, 1982; HOPFIELD
and TANK, 1985) '

The Hopfield network differs from the other supervised networks in that 1t 1s an

auto associative network.

The most mmportant choice for the neural network used n this research was the
ability of the network to represent non-linear functions and this influenced the
network chosen to be the multi-layer perceptron. It has been proven that the multi-
layer perceptron can approximate any non-linear function (HORNIK et al., 1989;
FUNAHASHI, 1989; CYBENKO, 1989) and also, being a supervised network, it 1s
1deally suited to the task of modelling from input-output process data. A thorough
description of this type of neural network along with 1ts associated tramming

algorithi 1s presented in Chapter 2.

10
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1.5 PROJECT DESCRIPTION

1.5.1 Problem Statement

From the review 1n section 1.2, it is evident that linear process models have their
limitations when used to model real processes and 1t 1s advantageous to use a non-
linear model. However, the complexity behind the majority of the non-linear
models and the problems in choosing the correct structure can cause difficulties
when constructing a process model. Hence, the research project undertaken was to
imvestigate an alternative method of obtaining a non-linear process model and then
using the model for control purposes. The project was split mto two sections,
firstly to investigate the ability of artificial neural networks to model a non-linear
process over a wide operational region, using sampled input-output data obtained
from exciting the process. The second part was then to implement the resulting
neural network model into a suitable control strateéy and investigate control of the
non-linear process using the artificial neural network model based control
structure. The neural network approach was taken in order to examine its feasibility

and benefits when applied to non-linear process modelling and control.

1.5.2 Aims

(1) The overall aim was to develop an on-line artificial neural network model
based control strategy that could be used to accurately control a non-linear
process when subjected to set point changes covering a wide operational
region. The control scheme was to be implemented on a dual tank liquid

level process which had characteristics similar to many industrial

Processes.

11
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(11) To develop a methodology for obtaining an accurate process model using a
neural network. This will enable the accurate modelling of other processes
by following the same procedures for determining the optimum network

topology, training time, etc.

(1) To investigate different types of control structures where a neural network
process model may be used, and ultimately choose a structure that will

exploit the capabilities of the neural network model.

1.6 OVERVIEW_ OF THESIS

An mtroduction to the artificial neural network used throughout the research is
presented i Chapter 2 along with a number of algorithms available for training the
network. The selection of the network topology and length of training is also
considered, and finally a novel method of conditioning the process data presented
to the neural network along with a standard data conditioning method 1s discussed.
Conditioning the process data is investigated in an attempt to achieve an accurate
process model that could operate independently from the process whilst still
accurately predicting process behaviour. Chapter 3 describes the process used
during the research and practical aspects of obtaining a neural network process
model are discussed. The liquid level process was used since it i1s a practical test
bed on which to investigate the proposed techniques before applying them to more
complex processes. An assumed mathematical model of the process was
investigated initially and then a mathematical model of the real laboratory process
was obtained. All the initial process modelling studies were investigated in
stimulation for cases of noise free process data and then for the more realistic case

of simulated process noise included in the process measurements. The Chapter
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presents a comparison between the proposed data conditioning method and the
standard method of encoding the process data to ascertamn if the proposed
technique was a viable alternative. The insights gained in sinulation studies are
then applied to model the real laboratory scale dual tank liquid level process in
Chapter 4 and a correlation based method 1s used to validate the resulting neural
network model along with cross-validation on a number of test signals not used

during network training.

Once the development of an accurate neural network process model was
considered to be achieved, investigations 1n including the model into a control
strategy were undertaken. Chapter 5 describes a number of control strategies that
incorporate a process model as an integral part and the inclusion of a neural
network model nto the control strategies is described. Simulation results of
controlling the process using one of the neural network based strategies are then
presented. The investigations of on-line neural network control of the process are

then presented in Chapter 6.

Finally, conclusions obtained from the research and suggestions for further work,

are presented in Chapter 7.

13



CHAPTER 2

THE MLP NEURAL NETWORK AND RELATED TOPICS

2.1 INTRODUCTION

The first objective of the research was to investigate and develop techniques to
model a non-linear process over a wide non-linear operating region using a neural
network. Such a neural network model has a wide application for simulation
studies of process performance, and more importantly can be used to improve
control strategies that utilise models for predicting future controlled process
responses. The Multi-Layered Perceptron was studied throughout this research
because this network 1s suitable to model non-linear relationships and is straight
forward to mmplement and train. This Chapter describes the structure and the
parameters associated with this type of network and various algorithns that can be
used for training the network. Once the neural network topology has been chosen,
the next stage in the development of a neural network model is to train the network.
Research has shown that 1t 1s possible for these networks to be 'over trained', hence
a method has been developed to determine when a network has had an adequate

amount of training.

In many real processes, dynamic relationships exist between process inputs and
outputs. The MLP neural network 1s a static network and consequently the

characteristics of the process dynamics need to be introduced into the network.
A novel method of conditioning the data presented to the neural network was

considered, which involved taking a single data value and mapping it across a

number of nodes. The coding of the data is described and the accuracy of neural
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networks trained using this method 1s compared to neural networks trained using

the standard method widely used in the field of neural networks.

2.2 THE MULTI-LAYER PERCEPTRON (MLP) NEURAL NETWORK

The MLP neural network has been used for many years successfully in the area of
pattern recognifion (GORMAN et al.,, 1988; SEINOWSKI and ROSENBERG,
1987), and recently has been used for the purpose of modelling and controlling
non-linear processes (NARENDRA and PARTHASARATHY, 1989; ELSELY and
SHENG, 1991; NGUYEN and WIDROW, 1990). Interest in the MLP network
developed because the network 1s well suited to 'learning' non-linear relationships
when little a priori knowledge 1s available. It has been proven that a network with
just one lidden layer can approximate any non-linear function with arbitrary
accuracy provided enough hidden processing units are used (HORNIK et al., 1989;
FUNAHASHI, 1989; CYBENKO, 1989). The basic processing unit of the MLP

neural network 1s based on a model proposed by McCulloch and Pitts,

(McCULLOCH and PITTS, 1943), and is illustrated in Figure 2.1.

W, W
X
Ws
X W
3 out
: Wh
n Neuron Body

Figure 2.1 McCulloch-Pitts neuron model
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Each input Xj, i=1..n, to the neuron body 1s multiplied by a corresponding

weighting value Wj, i=1..n, and the products are summed:

Out =3y X+ (2.1)
= l 1 0

Equation 2.1 has an extra weight W, and this 1s the weight associated with the bias
term in the processing unit, which is used to set the reference level of each
processing unit, and it has also been shown (WRAY and GREEN, 1991) that the
MLP network without bias 1s unable to approximate certain functions. The output
of the unit, y, is obtained by passing the result of equation 2.1 through a non-linear

activation function, as described by equation 2.2:

y = f(Out) | ..(2.2)

f() can be any differentiable continuous function (CYBENKO, 1989), the most
commonly used being the sigmoid illustrated in Figure 2.2, which also illustrates

other commonly used functions.

+1 +1 +1
—‘I{ "': — /'{ —1
Sigmoid Tanh Gaussian

+1[ : +1},
-1 — 1
Threshold Sine

Figure 2.2 Common activation functions
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A single processing unit on its own has Iimited power, and the real usefulness
comes when processing units are connected together in certain configurations. The
configuration of the MLP neural network with one hidden layer 1s shown 1n Figure

2.3.

Input Hidden Output
Layer Layer Layer

- Vi wil
B

O1

TN

NN
l)}\. 4.

O Processing unit

[ ] Bias unit

Oy

Figure 2.3 Multi-layer perceptron with one hidden layer

The MLP network consists of at least three layers of nodes, normally referred to as
an mput layer, one or more hidden layers and an output layer. The mput layer 1s
passive in nature and performs no processing on the data 1t receives, it serves to
pass the input data to the first hidden layer via the connection weights. The hidden
and the output layers are both active, and each processing unit in these layers

performs the operations described by equations 2.1 and 2.2. The outputs of each

unit in the hidden layers are passed onto the next layer, through to the output layer.
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It 1s the presence of the lidden layer(s) and the use of non-linear activation
functions that permits algorithms used to train the MLP neural network (discussed
in section 2.3) to be able to model lnghly non-linear functions. The number of
input and output units used in a MLP neural network 1s generally defined by the
problem being considered. Choices have to be made on how many hidden layers
and processing units 1n these layers should be used. To date there 1s no established

theory to determine these choices, and they are usually determined empirically.

The MLP 1s also known as a feed forward network since data 1s presented to the
network at the input layer, and propagates forward through the hidden layers to the
output of the network, and no data is fed back from one processing unit to another
processing unit in the previous layer or to itself. Once the network structure has

been defined, the next objective is to train the MLP network.

2.3 TRAINING ALGORITHMS

When training the MLP neural network, the objective of the tramning algorithm is to
adjust the networks weights so as to minimise a pre-specified cost function. In
recent years by far the most popular training algorithm 1s the 'back propagation’,
which has certain disadvantages associated with it. To overcome these
disadvantages, modifications to this and other algorithins, for tramning layered
networks, have been developed. The back propagation algorithin was used
throughout this project due to its proven track record. The back propagation
algorithm 1s discussed in detail below, and modifications to the algorithm along

with other training algorithms are discussed in section 2.3.2.
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The development of back propagatioil 1s due to Werbos (1974), Parker (1985),
Rumelhart et al.,, (1986). The algorithm 1s based on gradient descent and is
described with reference to Figure 2.3. The network input is a vector X with
dimension n, the output of the hidden layer 1is stored in a vector V with dimension
s, and the network output 1s a vector O with dimension p. The training data is

represented as follows:

X'(k) = [x (k). (K), % (K),......x (K)] .(2.3)

B 0) = D (B, 3 (6, 3y (), iy ()] L4

Where X(k) 1s the sample input vector at time k, and Y(k) is the required network
output associated with X(k), 1 1s used to index which tramning sample from the total
training samples 1s being presented to the network. The algorithm can be described
in three stages the first of these is to initialise all the network weights randomly to
'small' values. The second stage involves passing a training sample through the
network and producing a corresponding network output vector O, this vector is
computed using equations 2.6, and 2.7, where it is assumed the activation function

for the hidden and output processing units is a sigmoid, equation 2.5

1
f(x) — 'i"_l__'e—-x (25)
vj(k) = f(ii__zllwijxi(k)'kbj) j=12,...,5 ...(2.06)
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](k) f( é uj] j(k)+b) [=12,..,p .(2.7)

where wjj and wj are the weight connections between the mput and hidden layer,

and the hidden and output layer respectively; bj and by represent the bias weights

connected to a constant umit mput and associated with the hidden and the output

layer processing units respectively. The third and final stage of the algorithin

involves adjusting the weights in the network. This 1s achieved by comparing the

network output vector, O, with the required output vector, Yy, to produce an error.

This error 1s back-propagated through the network to determine the adjustments to

be made to the network weights using the following gradient descent equations 2.8

and 2.9. These apply to the weight updates between the hidden and the output

layer, and equations 2.10 and 2.11 to update the weights between the input and the

hidden layer.

where

where

W [(k +1) = uj/(k) + 7}5[01 ...(2.8)

5] =(yrl—o])*f[Jélwﬂvj+b]] ...(2.9)
wij(k+1) = u-'U.(k)+ 7]§j(), ...(2.10)
:f( > wyrj +bj) IZI 51""][ .(2.11)

]7 is the first derivative of the sigmoidal function, and is easily shown to be given

by
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F =f)*1- )] _ ..(2.12)

The bias weights are also updated i the same manner. n 1s an adjustable
parameter, known as the learning rate, which affects the size of the step taken in
the search direction. The choice of a small step size will result 1n a network taking
a long time to train whereas too large a step size may result in oscillations about
the error surface of a minuimum. When the first training example has been passed
through the network and the network weights have been adjusted, another training
sample 1s presented to the network, and the weights adjusted according to the
output error. This sequence continues for the whole of the training data, at the end
of which the mean square error (MSE) between the network predictions and the
required predictions can be computed over the training set. If the resulting MSE 1s
acceptable then traiming of the network can be terminated, otherwise the complete

data set 1s presented to the network again as above.

It 1s well known that gradient descent methods are inefficient when the search
approaches a minitmum, since the back propagation algorithm assumes that the
error surface around the learning rate 1s linear. At points of significant curvature
the algorithin can display divagating behaviour. To prevent this from happening the
learning rate should be set to a small value, resulting in the network taking a long
time to train. In order to overcome this problem an adjustable parameter known as

momentum is added to equations 2.8 and 2.10, resulting in equations 2.13 and 2.14

wjl(k +1) = 11»"].](1() 2t 7](‘)}.0] + a(uf'ﬂ(k) — u«"jl(/( ~1)) ...(2.13)

wij(k +1) = w’.j(k) + z}5j0, + a(wij(k) — Wy (k -1)) .(2.14)

21



The MLP Neural Network And Related Topics

o 1s the momentum term, and this helps to improve the convergence speed.

2.3.1 Alternative training algorithms

The computations involved in the back propagation algorithm are sunple and the
algorithm is parallel in structure. The main draw back of the algorithm 1s its slow
convergence properties and in some cases it can get trapped in local minima, even
with the addition of the momentum term. Attempts have been made to speed up the
back propagation algorithm (FAHLMAN, 1988; SAMAD, 1989), which involved
modifying the derivative, and adding some proportion of the error to the activation

value of each processing unit.

Other algorithms have been developed for training multi-layered networks in order
to overcome the disadvantages associated with back propagation. Bremermann and
Anderson (1989) developed an algorithm referred to as chemotaxis. This algorithin
adjusts the weights in the network by adding Gaussian distributed random values to
the existing weight values. If the error at the output of the network 1s reduced when
the random values are added, then the new weights are retained, otherwise, another
set of random values 1s generated aﬁd added to the original weights and the test
repeated. The addition of these Gaussian distributed random values 1s continued
until the network prediction errors over the training data set are at an acceptable
level. However Bremermann and Anderson concluded from their studies that
although the chemotaxis algorithm gives much better convergence properties for
large networks, it performed less favourably than the back propagation algorithm
for small sized networks. Another algorithm, the directed random search
(MATYAS, 1965; BABA, 1977) can also be used for training the standard feed

forward network. It operates on the same principles as the chemotaxis algorithm by
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adding randomly generated values to existing weights and monitoring the new

overall network error.

A parallel recursive prediction error algorithm was developed by Chen et al.,
(1990) which updates the weights in the network in a parallel manner, similar to
the back propagation algorithin. It has been shown to have superior convergence
properties to that of the back propagation algorithm although tlhis was at the

-expense of a more computationally complex algorithin.

2.4 DYNAMIC STRUCTURES AND TRAINING FOR THE MLP NEURAL
NETWORK

The MLP network 1s a static network, which simply performs a non-linear mapping
from 1ts input layer through to the output layer. Hence, if dynamics are not
mtroduced into the network the ability to accurately model a process will be
impeded. One method of representing the dynamic characteristics suggested by
Terzuolo et al., (1969) and implemented by Willis et al., (1991) 1s that of using a
first order lowpass filter connected at the output of each processing unit in the
neural network, in order to change the output of the unit. The change in the
processing units output is governed by the filter time constants, of which suitable
values cannot be chosen prior to network training. The method used by Willis et
al., 1s to estimate the time constants in a simtlar manner to that of the network
weights as tramning proceeds. This method 1s an attractive one since it enables
process knowledge to be incorporated directly into the network structure. However,
the inclusion of the filter does not allow the networks to be trained using the
standard back propagation algorithm although alternatives such as the chemotaxis

algorithm are suitable.
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Another method of introducing dynamics into the network 1s to use recurrent
networks described by Narendra and Parthasarathy (1988). By far the most popular
method of introducing network dynamics i1s to use past input and output data from
a process as the inputs to the neural network. This enables the neural network to be
trained using the standard back propagation algorithm, and was chosen as the
nieans of mtroducing network dynamics. Using past input and output data results in
a Non-linear AutoRegressive eXogenous (NARX) model configuration for the
neural network, which is described in section 2.4.1. The choice of how many past
inputs and past outputs to be used can seriously affect the perfomlance of the
resulting neural network model. In an attempt to ovecome this a method for

determining a suitable amount i1s described in section 2.5.1.

2.4.1 Non-linear AutoRegressive eXogenous (NARX) model structure

The NARX model 1s a subset of the Non-linear AutoRegressive Moving Average
eXogenous (NARMAX) model (BILLINGS and LEONARITIS, 1985), which 1n
turn 1s a generalisation of the AutoRegressive Moving Average eXogenous

(ARMAX) model for linear systems. The NARMAX and the NARX models are
described mathematically by equations 2.15 and 2.16 respectively.

y(1) = F(y(t —-1),..,.y({—=ny),u(t —k),..,u(t -k —nb),e(t —1),..,e(t —ne))+e(t) ..(2.15)

(1) = Fly(t =1, y(t — 1) u(t = k), .. 11(1 — & -m))re)y (2.16)

Where:
y(t) 1s the sampled process output data,

u(t) 1s the sampled process input data,
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e(t) 1s a Gaussian distributed white noise sequence,

1,4, and nyy is the number of past output and mput data respectively used,
ne 1s the number of past noise values,

k 1s the process dead time,

F() 1s some unknown non-linear function.

The NARX model structure was chosen over the NARMAX structure since 1t does
not depend on past values of the noise sequence and 1s thus easier (0 implement.
Equation 2.16 indicates that past process mput and output values are used in some
unknown non-linear function to estimate the process output at the next sample
time, the objective here being to use the MLP neural network to approximate the

unknowin non-linear function.

2.4.2 Representation of the MLP network in the NARX structure

The implementation of the MLP neural network into the NARX configuration 1s
illustrated in Figure 2.4 where n, past outputs and ng, past inputs are used as the
inputs to the neural network and the output of the neural network 1s the predicted
process oufput at the next sample time; zP 1s the backward shift operator, where
for example z Pu(t) = u(t-p). Figure 2.4 also indicates how the neural network can
be implemented into two different structures. When the switch 1s placed in position
I, then the neural network will be configured as a predictor, and similarly in
position 2 the neural network 1s configured as a model. It 1s possible to develop
neural network process models in either configuration, and the relative methods of
each have been investigated for incorporation in an on-line control strategy. The

two configurations can be defined mathematically by equations 2.17 and 2.18.
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Figure 2.4 Multi-layer perceptron in NARX configuration

50 = F{y(t =1,y —ng)u( =), cu(t =k =m))  (2.17)

() = (3 =1, 9 =)= k)yu(t =k =1 ) ..(2.18)

The difference between the two configurations is in the use of feedback from the
output of the network to its input for the model, and no feedback for the predictor.
Both the predictor and model configurations were mvestigated by Narendra and
Parthasarathy (1990) where they were referred to as the series parallel model for
the case of the predictor structure and the parallel model for the structure

represented by model. In their work they also considered a number of other
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structures which were combinations of linear and non-linear functions of the input
and output of the process. Equation 2.17 mcorporates all the models suggested by
Narendra and Parthasarathy. These two different structures lead to two different
methods for training the neural network to emulate the non-linear process. The
neural network can be trained in a recursive manner where the switch i Figure 2.4
1s in position 2 and hence the neural networks output 1s fed back as mput during
training. The approach used for training the neural networks was to tramn in the
predictor configuration with one step ahead prediction at each sample time. This
structure was used since straightforward back propagation can be applied as a
training algorithm, whereas if training in the recursive mode, new training
algorithms are required (WILLIAMS and ZIPSER, 1989; WERBOS, 1988). A
comparison of four neural network learning methods for the identification of
dynamic systems is given in QIN et al., (1992) where the two methods mentioned

above are considered in what 1s called batch mode and pattern learning mode.

Pattern learning mode is the term used in this research when the weights in the
network are updated after each pass of one sample of data from the training set,
whereas batch mode refers to updating the weights in the neural network after each

pass of the whole training data set.

Once the neural network has been trained to emulate the process, it 1s highly
desirable to be able to use the neural network in the model configuration allowing
the network to operate recurrently to predict the process output from only the input
from the process. This 1s advantageous since the neural network could then be used
to improve existing control strategies that employ multi-step-ahiead predictions.
Furthermore, the network can be operated independently from the process as a

simulation tool to study process performance and characteristics, since it only
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depends on process input values, and not process output values as in the case of the
predictor. It has been found that a major factor affecting the model prediction
accuracy 1s the method by which the data 1s presented to the neural network. In the
model configuration, any error in the predicted output 1s fed back to the network
inputs. Thus, an accumulation of error can occur which significantly degrades the
model performance. To overcome this, a novel method of encoding the data
presented to a neural network has been developed (section 2.7.2) that enables the
neural network to be trained in the predictor configuration and once trained it can

be implemented in a model configuration.

2.9 NETWORK TOPOLOGY SELECTION

Choosing the topology of the neural network 1s an important part in the

development of a neural network representation of a process. The choices that have

to be made are:

(1) The number of network inputs and oufputs,
(11) The number of lndden layers,
(111) The number of processing units in the input, output and hidden layers,

(1v) What activation function should be incorporated into the processing units.

The theorem of Kolmogorov (KOLMOGOROYV, 1957) which stated that any
continuous function of N variables can be represented by using linear summations
and non-linear continuously increasing functions of one variable, was first thought
to give an indication of how many hidden layers and processing umts in these
layers should be used. However GiI;OSi and Poggio (1989) contended that the

usefulness of this theorem is nebulous since it would require a different non-linear
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activation function for each processing unit in the neural network, and the
functions in the hidden layers have to comply to certain undesirable conditions.
One hidden layer was used in the neural network since Hornick et al., (1989),

[Funahashi (1989), and Cybenko (1989) proved that one hidden layer 1s adequate.

The sigmoidal activation function was used in both the hidden and output layers of
the neural network. It was chosen due to its current popularity and reliability and it
was the assumed activation function in the proof by Cybenko (1989). The use of
the sigmoidal function in the output layer of the neural network, requires scaling
the data presented to the network. This point is discussed in section 2.7, where data
conditioning techniques are discussed in detail. The chosen number of processing
units used in the hidden layer was found through experimentation. If too many
processing units were used in the hidden layer, then training the neural network
was slow, and 1ts generalisation properties deteriorated due to over
parameterisation. Furthermore, too few hidden processing units were not able to
represent the required non-linear mapping between the input and the output data

from the process, and the neural network did not converge.

In order to select a suitable number of hidden layer processing units, the network
was successively trained down to a pre-specified suitable MSE for a range of
processing units. It is seen in Figure 2.5 by using this method, that as the number of
hidden processing units 1s increased then the number of iterations required to reach
the specified MSE reduces, until after (in this case) six hidden units when the

number of iterations increases.

One problem with this method i1s that if at the start of training the initial random

network weights are such that the network output error 1s very close to the desired
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error then this will result 1n only a few iterations of the data set, although this

happens rarely.

Number of passes of data set

Network did not converge

35
30
25
20
15
10

o

O

i85 20 30

Number of hidden processing units
Figure 2.5 Selection of the number of hidden processing units

To overcome this possibility a number of sample runs with the same number of
hidden processing units were performed, and the average number of iterations of
the training data was the value noted. The assignment of the network input nodes is

not a straight forward decision, and certain tests were used to decide upon the input

structure.

2.5.1 Sclection of input nodes using a correlation based technique

When developing a neural network model the output structure 1s specified by the

application being considered. However, the choice of the number of input nodes is
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not so easy to specify, and the wrong choice can affect network performance. The
approach 1s similar to the NARX model order selection 1.e. choosing the values for
ng,, N and k m equation 2.17. It is suggested here that process knowledge can be
used to provide an 1nitial starting point, since a process known to exhibit
predominantly nth order characteristics can be represented in the NARX structure
by n past mputs and outputs. As poimnted out by (BILLINGS, 1992), the MLP
neural network does not generate components of higher order lagged process inputs
and outputs which are not specified in the network input nodes, because the output
of the neural network is just a static non-linear expansion of the input nodes. Hence
if a dynamic model of a system 1s represented by certain lagged mputs and outputs
that are not included as inbut to the neural network then the network will be unable
to generate the missing dynamic terms and the resulting neural network model will
be poor. For many industrial processes obtaining a model may be neither cost
effective or practical and in some cases may not be possible, hence the number of
lagged inputs and outputs to be used as inputs to a neural network will not be
straight forward. To overcome this problem correlation based tests devised by
Billings and Voon (1986) were used. These tests detect if the resulting neural
network model provides an adequate fit to the process being modelled. If a model
of a system is adequate then the residuals, equations 2.19, 2.20, 2.21, 2.22, 2.23,
should be un-correlated from all linear and non-linear combinations of past inputs

and outputs. For an adequate model the following tests should hold:

P .o(7) = E|&(t — )&(t) | = 5(7) .(2.19)
B, (7 =L[u(t—)e(t)]=0, Vr ...(2.20)
$ > (D=L (t- -7 (1))e(r)|=0, Yz -(2.21)
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%

!

2,0(D=E[@P (1 - -7 (1)E(1)]=0, Vr (2.22)

¢5(a7:)(f) = E[a(t)s(f —1-2u(t—-1- z')] =0, 720 ...(2.23)

The sampled correlation function between two sequences is calculated using

equation 2.24

j"dr"'f

> (D, (t+7)
| .(2.24)

The tests are improved if all the data 1s normalised to zero mean and unit variance.
For these tests a 95% confidence interval is specified since the correlations will

never be exactly zero, given by equation 2.25

¥ +1.96—— ..(2.25)

JN

with normalised data equation 2.25 results in + 1.96/vN. N is the amount of data
being used 1n the test. If the resulting neural network model is a good one then the
correlations should be within the 95% confidence limit bands. The tests are not
guaranteed to detect all possible non-linear terms that may be part of a neural
network model, but simulation and practical results have indicated that the tests

provide a good indication and are a powerful tool to use.
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2.6 DURATION OF NETWORK TRAINING

When the overall network topology of the neural network has been selected, the
final stage in development of the non-linear process model 1s to train and test the
neural network representation. Training the neural network involves many epochs
of the complete training data set through the network. After each epoch the weights
in the neural network are adjusted in an attempt to map the given input data to the
required output data. It has been found that 1f a neural network 1s trained for too
long on the training data set then the final neural network model will be excellent
at predicting over the range of the training set. However, when required to predict
over a set of data not used to train the network, predictions can be poor. In many
control applications, this aspect of network training is not addressed, and 1t 1s even

suggested to continue network training until all the weights have fully converged

(BHAT et al., 1990).

Figure 2.6 1llustrates the effect on the output MSE of a network if over trained.
Initially the MSE falls but, with further training, the MSE on the test data set
increases, while the neural network still continues to predict accurately over the
tramning set. The reason for the above phienomena is that 1t the weights in the
network carry on being adjusted too long, eventually the weights will be such that
the network has started to memorise the input-output data set pairs, instead of
having weights that describe the overall relationship between the iput-output data
in the training data set. It 1s of paramount 1mportance that the model of a process,
be 1t a neural network or some other form of model, must be able to predict not
only the data that 1t has been trained on, but also a wide range of different data.
The approach that has been taken to overcome this problem 1s to use two different

sets of data generated from the non-linear process bemg modelled. One set of data,
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1s used to train the neural network, and the other set of data 1s used to evaluate the
networks generalisation capability at various stages of the training. The MSE of the
testing data set 1s noted at each stage, and from this information a suitably trained

network is selected.

MSE
Testing set
Training set

Training time

Figure 2.6 Illustration of generalisation during network training

2.7 DATA CONDITIONING

Before the sampled input-output data obtained from the process 1s presented to the
neural network 1t should be checked to remove any undesirable {features associated
with real data. Such features include outliers and disturbances caused by random
fluctuations in process operation. The input-output data 1s then normalised between
upper and lower specified limits. When using a neural network the limits for the
encoded data is usually dependent on the type of activation functions that are being
used. The sigmoidal function has an output range of between zero and one,
consequently the output layer has maximum and minimum outputs of zero and one.
An obvious choice 1s to encode the sampled mput-output data between these

values, but doing so reduces the networks ability to learn the relationship between
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the mput and the output data (HOSKINS and HIMMELBLAU, 1988). This is
explained by considering equation 2.5, which indicates that {(x) only reaches 1its
boundaries as x — * oo so that 1f the data presented to a neural network during the
training stage 1s encoded between zero and one, then 1n order to produce a one or a
zero output the weights between the hidden and output layer must be increased
appropriately. The weights between the lidden and output layer are updated by
equation 2.8 which i1s dependent on the first derivative of the sigmoidal function,
and since as 1(x) — 0 or 1, f(x) —> 0, the updating of the weights stop, and hence
the learning process 1s difficult. This problem was overcome by setting the lower

and upper limits of data encoding to 0.1 and 0.9 respectively. Another method is to

use a linear activation function for each processing unit in the output layer.

The method of conditioning the data presented to the neural network is also crucial
when the network is to be used recurrently as a model, since errors produced at the
output of the network will be fed back into the input of the network, and will result
in poor network performance. In an attempt to obtain an accurate neural network
model representation two data conditioning methods have been investigated. One
method of Single Node Data Mapping (SNDM), which 1s used by the majority of
workers in the neural network field, was compared to a novel method of encoding

the data which has been called Spread Encoding Data Mapping (SEDM).

2.7.1 Single node data mapping (SNDM)

This method of presenting the data to the neural network 1s widely accepted, and
consists of applying each input variable to a single neural network input node, as
illustrated mm Figure 2.7. A single' node 1s also used for each network output
variable. The data is mapped linearly using a straight line relationship as given by

equation 2.20.
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(XS-—O.I) =m(X—-Xmin) ...(2.26)
where
m = 0.9 -0.1 .(2.27)
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Figure 2.7 Single node data mapping, SNDM

combining equations 2.26 and 2.27 results in the overall data mapping equation

given by 2.28

0.8(X-X . )

X = min-_ g1 ...(2.28)
s X - X .
max ik
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where X 1s the scaled value of X and, Xjhax and Xypip are the maximum and

minimum values of X.

To obtain the true value from the encoded value at the output of the neural network

equation 2.28 1s rearranged to give equation 2.29

X -0.D(X -X_.
AT T Ae) |y ..(2.29)

X .
O. 8 imin

2.7.2 Spread encoding data mapping (SEDM)

This forin of coding is illustrated in Figure 2.8 where a vanable, X, with a finite
range [Xmin, Xmax), 1S mapped onto a sliding Gaussian activation pattern of N
network nodes, with additional nodes either side to contain any overspill resulting

from the use of a mapping function with wide support.

"The level of activation for each node is confined as in the previous SNDM method
to the range (0.1 to 0.9). The first stage of the coding is the scaling of the original
data range into a normalised data range represented by re (0, N-2N,) which 1s

achieved using equation 2.30

y = N-2Ng *(X-—-X . ) ...(2.30)
Xmax =X min

where N, is the number of nodes either side of the variable range and X 1s the data

~value to be coded over the N network nodes.
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Figure 2.8 Spread encoding data mapping, SEDM

Once the data has been normalised the excitation level of each node 1s then found.

The excitation of each node 1s defined by

aG+8/2
| ad(a) da
y; =4 - (231
| a.
i
which satisfies the requirement that
N
'Zl a;y; =|ag(a)da=a ...(2.32)
]=
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Each node is assigned a class interval, aj, linearly spaced by a distance 6 and a
discrete map 1s created which represents the mean value of a continuous

probability distribution, ¢(x) within each class interval.

The activation of each node 1s evaluated from equation 2.31 by the use of

integration by parts which leads to equation 2.33

+0/2  a.+0/2

ay,; = [a(p(a):[: — |®(a) da ...(2.33)

-1572 aj,—é'/fZ

where ®(a) 1s a cumulative Gaussian distribution function with ¢(a)=d'(a). The
cumulative Gaussian function was approximated by the sigmoid function.
Throughout the research investigations the integral term in equation 2.33 was

approximated using the first two terms in the trapezium rule which resulted in
V) )
l//l. = (I)(CII +5')—(D(ai—'5) (234)

which was found to provide sufficient accuracy. The steps necessary to code a data

value are now listed

Step 1: Scale the data value to the normalised range using equation 2.30
Step 2: Code the data to the N network nodes using equation 2.34

where

and

]
R cary
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B inversely controls the width of the node excitations and ¢ 1s an offset terin
which shifts the position of the range limits on the nodes.
Step 3: Scale the excitation of each node to the range (0.1,0.9) using a linear

relationship such as equation 2.28.

The method used to retrieve the original coded value 1s to first apply the inverse
scaling procedure used in step 3 above and then to decode the network output back

to the normalised range using equation 2.35

.(2.35)

Finally apply the inverse of the scaling relationship given by equation 2.30 to

obtain the decoded network output.

In the studies performed throughout this research N=6, N,=2, ¢=0.5, 6=1 and =2
were found to provide sufficiently accurate coding and decoding of the process

data.

The spread encoding data mapping technique was investigated 1n order to achieve
better modelling accuracy. Also, in many areas including measurement and process
control the physical variables usually span a wide range of values. When the range
of these values 1s compressed to a single node, the nodal response to small changes
in input 1s limited. The spread encoding method iinproves the network accuracy by

representing variations in input data values as changes in the excitation of several
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input nodes. Also using this method, generation of confidence, or error measures
can be defined by the difference between the width of the activity patterns of the
output nodes and that of the original Gaussian function used to map the target
values. Noise reduction in the reconstruction of the output signal is also achieved,
this reduction 1s by the central limit theorem, in proportion to the reciprocal of the

square root of the number of active nodes.

2.8 SUMMARY

The Multi-Layered Perceptron (MLP) neural network has been described, and a
number of algorithims have been considered to train this type of network. The
standard back propagation algorithm was used in this research, due to the wide
applicability and simplicity of the algorithin. All the neural networks constructed
consisted of an input an output and one single hidden layer of processipg units. The
number of hidden processing units 1s determined empirically, and each of these
units as well as the processing units in the output layer has associated with it a
sigmoidal activation function. Choice of the number of output units is dictated by
the problem under consideration, and the number of input nodes was determined by

the use of process knowledge and correlation based methods.

Dynamics have to be introduced into the structure of the MLP neural network since
the MLP network is a static network and will not itself learn dynamic relationships
between process imputs and outputs. Various methods have been described to
introduce these dynamics, and the method chosen is based on time histories of past

process input-output data.
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Two different methods of training and implementing a trained neural network have
been discussed, namely the model and predictor configuration. The predictor
configuration was chosen for training the MLP neural network because it leads to
more stable convergence properties than the model configuration, when using the

back propagation algorithm.

[t is important to ascertain the required degree of training the neural network must
undergo. It has been shown that over training reduces the generalisation properties
of the neural network. The optimum degree of training was determined by using a
testing data set to determine the networks prediction capabilities at various stages

of the training period.

Conditioning the data presented to the neural network has been considered in
detail, and a novel methbd termed "Spread Encoding Data Mapping", (SEDM) has
been described, whereby each single data value presented to the neural network 1s
spread over a fixed number of network input nodes using a Gaussian spreading
function. This novel method has been considered in an attempt to achieve better
network prediction accuracy when using the trained neural network in a recurrent

model configuration, over the standard method of conditioning the data. The

standard method of conditioning network data has also been described, and this has

been termed Single Node Data Mapping, (SNDM).
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CHAPTER 3

PROCESS MODELLING AND VALIDATION IN SIMULATION

3.1 INTRODUCTION

This chapter describes the procedures taken in obtaining an accurate model of a
non-linear process using a neural network and the techniques used in validating the
resulting neural network model. The initial modelling studies were carried out 1n
simulation, firstly without noise and then for a more realistic case of simulated
noise added to the appropriate variables. The simulations were performed 1n order
to speed up development time and ob-tain indications on the feasibility of the
techniques being used, before attempting to model, using a neural network, a real

laboratory scale non-linear process.

The computer package ACSL (Advanced Continuous Simulation Language) was
used for the simulation studies. ACSL has a range of standard algorithms for
solving non-linear differential equations, and simulating noise. ACSL 1s based on
the Fortran computer language, and user specific subroutines required at run time
were implemented in this language. The non-linear differential equations are solved
using ACSL in order to provide data for the neural network package NeuralWorks
Professional 2, which was used for training and validating the neural networks.
Neural networks of various sizes can be easily constructed using this software
package, and many training algorithms, including the back propagation are bmlt in.
There is also the facility for writing user specific routines in the C programming

language which was used in the development of the neural network model.
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The two methods of conditioning the data (SNDM and SEDM, section 2.7),
presented to the neural network were implemented and a comparison was made by
validating neural networks trained using the two different coding methods on
different test signals to the network traiming signal. The neural networks were

validated 1n both one-step-ahead predictor and recursive model configurations.

3.2 PROCESS DESCRIPTION AND MATHEMATICAL MODELS

Figure 3.1 1llustrates a dual tank non-interacting liquid level process. Although the
process 1s not particularly complex, it was chosen because 1t exhibits features that
are characteristic of many real industrial processes; non-linearity (due to the square
root relationship between the tank outflows and the height of liquid in each tank),
and also the height of liquid in tank one, h, 1s assumed to be unmeasurable, which
1s typical of many industrial processes in which variables are not, or cannot be
measured. The process provides a good test bed on which to investigate the
modelling capability of a neural network. The flow rate of the liquid into tank 1 is
controlled via the pneumatic input to the process valve, and the output of the
process 1s the height of liquid in tank two, hy. The process 1s easily mathematically
modelled from first principles and this enabled a thorough comparison of how well

the trained neural network could emulate the process.

Sinulation studies were carried out on two different but related processes. Initial
investigations were performed on a first principles model obtained from a study by
Gomm (1991), which will be referred to as first principles model 1 (FPMODEL1).
A first principles model was then obtained for the actual physical liquid level

process in order to perform simulation studies on the more realistic model. This

model will be referred to as first principles model 2 (FPMODEL?2). Both first
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principles models are of similar structure, the differences being 1n the parameters

used 1n the models.

U

__’

Inflow from
reservoir

Ky

o
h, I

h,

To reservoir

Figure 3.1 Dual tank liquid level process

3.2.1 First principles model one (FPMODEL]1)

FPMODELI1 describing the dual tank non-interacting liquid level system (Figure
3.1) is described by the well established following non-linear differential

equations:
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717,
—=(g,—q,) (3.1
(dt
dh
C,—*=(q,-q,) ..(3.2)
df
where
(]O = kl‘" ...(3.3)
/2
vV
— (3.4
G =0 (3.4)

A% ey

qo 15 the liquid flow rate into tank 1; q1, qp are the liquid flow rates into and out of
tank 2 respectively, hq and hy are the liquid levels in tanks 1 and 2 respectively, u
and hy are the process mput and oufput, ky, 1s the valve gain, C1, Co are the cross-
sectional areas of tanks 1 and 2 respectively and R, Ry are the outflow pipe
restrictances of the tanks. The initial conditions for the process were hjg and hyg
for tanks 1 and 2 respectively, and ug for the input. The values of the initial
conditions were chosen as hjgp = 1.0 m, hpg = 5.0 m and ug = 0.5. The cross-
sectional areas of both tanks had equal values of 1.0 m2, and the restrictances were
chosen as 5.0 s/m>/2 and 1.0 s/n>2 for tanks 1 and 2 respectively and the value of
the valve gain was set to 10. The values of the restrictances were chosen so that
tank 1 would have a faster reaction time than tank 2. These values were

implemented 1n the ACSL simulation of the mathematical model.

LIVERFOCL JOUN MOCPES UNIVERSITY
LEARNING SERVICES
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3.2.2 First principles model two (FPMODEL?2)

The real laboratory scale dual tank liquid level process is illustrated in Figure 4.1.
First principle methods were performed on the process, and the resulting
mathematical model describing the process dynamics was of similar structure as
FPMODELI1 described by equations 3.1 and 3.2. It was necessary to
experimentally determine the values of the parameters Ry, Ry, Cy, C9, and ky of
the real process, so that a mathematical model of the real process could be obtained
for stmulation studies. Using FPMODELI1 gave an insight into the nature of the
two tank system, and the capabilities of using neural networks for modelling.
However having a mathematical model of the real process gave a more realistic

situation.

The cross-sectional areas of tanks 1 and 2 are equal, and were simply calculated
irom measuring the radius of the tanks, the radius of each tank 1s 0.0685 m which
resulted 1n values for C; and Co of 0.01474 m2. Values for the restrictances of
both tanks R and Ry were obtained by plotting the square roots of the heights of
liquid in each tank against the flow rate for a number of steady states, illustrated in

Figure 3.2. The restrictances were calculated to be 3671.17 s/m? for tank 1 and
3065.58 s/m? for tank 2. The equations representing q (the liquid flow rate into
tank 2) and q7 (the liquid flow rate out of tank 2) were calculated from the data in
Figure 3.2 by fitting a polynomial of degree one in a least-squares sense to the

data, and this resulted in equations 3.6 and 3.7:

hi +0.4939
q, = — —
4 3671.17

..(3.6)
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112 +0.1469
3065.58

q, = ..(3.7)

The mflow rate into tank 1 qq, given by equation 3.3 was obtained in a similar
manner to above by plotting the inflow rate to tank 1 against the value of the input
u. The result of this 1s illustrated in Figure 3.3. The input u to the process valve is a
digital number that takes on integer values between a minimum of 100 and a
maximum of 200, for a digital number of 100 the process valve was closed and the
liquid 1inflow qg was cut off, and for a digital number of 200 the valve was fully
open. The choice of the range of the digital numbers and more detail are given in
section 4.2.1 where the real laboratory process 1s discussed. The liquid flow rate
into tank 1 was calculated in the same manner as for equations 3.6 and 3.7 and is

described by equation 3.8:

g, =—0.00599*10~%»* +3.42483%10 °1—85.83927*10°°  ..(3.8)

A second order polynomial was used to fit the data for qg as this resulted in a
significant increase in accuracy over a first degree polynomial. Initial conditions
for the height of liquid 1n tank 1, hyg, and height of liquid 1n tank 2, hyq, were set
at 0.34 m and 0.56 m respectively, which corresponded to an initial digital number
input, ug, of 150. The parameters for simulating the FPMODEL2 were then

implemented into an ACSL program.
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Figure 3.2 Height of liquid in tanks one and two versus liquid flow rate
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Figure 3.3 Liquid flow rate from pump versus digital number to process valve
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3.2.2.1 Comparison of the laboratory process against FPMODEL?2

To test the accuracy of FPMODEL?2 the response of the real process to a set of
input signals was compared to that of the mathematical model for the same inputs.
[t FPMODEL2 1s a 'good' representation of the laboratory process then the
response of the model should be very similar to that of the process. Two signals
were chosen to evaluate the performance of FPMODEL?2, these were a PRBS input
and a set of step inputs to test the steady state performnance of the model. The
response of the real process to the PRBS input is shown in Figure 3.4 along with
the response of FPMODEL2. It is clearly seen that the output of the.model
accurately follows the liquid level response (the height of liquid n tank 2, hy ),
there are slight but acceptable differences in the accuracy of the model between the
upper and lower levels of the PRBS response. The performance of the real process
together with that of FPMODEL?2 for a set of step inputs is illustrated in Figure
3.5, Again the transient behaviour of the model is in very good agreement with that
of the process, and the lower steady state i1s captured very accurately. A slight
offset occurs at the upper steady state levels, the maximum offset between the
process output and the model being 0.021 m, ]iowever, considering that the real
process 1s subject to time varying dynamics and external disturbances this is a

small acceptable error.

The performance of the FPMODEL?2 compared to that of the laboratory scale dual
tank hquid level process indicates that an accurate model of the process has been
obtained. The use of this model will aid considerably in the simulation studies, and
techniques developed for modelling FPMODEL?2 using a neural network should be

readily applied to the real process without too much difficulty.
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Figure 3.4 Response of process and calculated model for PRBS input signal
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Figure 3.5 Response of process and calculated model for step input signal
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3.3 PRACTICAL ASPECTS OF PROCESS MODELLING

Before simulation studies were performed with FPMODEL1 and FPMODEL?2

certain practical aspects were considered, these are now discussed.

3.3.1 Sampling time selection

The frequency at which the input, u, and output, h», data should be collected from
the process 1s an important factor. Data should be collected at a sufficient rate to
avold aliasing at the maximum frequency of interest. There are a number of

guidelines for choosing the sampling time, one method (ASTROM and
WITTENMARK, 1984) states:

1 ( 0.38%¢1 . ...(3.9)

where Ty is the sampling interval and t;;5,, 15 the smallest time constant of interest.
A method suggested by (SEBORG et al.,, 1986), states that the sampling time
should be approximately one fifth to one tenth of the dominant time constant.
Another guideline for Tg 1s between a fifteenth and one fifth of the ninety five

percent settling time of the process to a step mput (GUSTAVSSON, 1975).

In all of these guidelines the time constants of the process play an important part in
selecting an appropriate sampling interval. Since the process being considered i1s
non-linear in nature there is no single time constant for each of the tanks as there
would be in the case of a linear model. The response time and gain of the process

are dependent upon the operating region of the process. Knowledge about the
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process indicated that the bottom tank (tank 2) had a much slower response time

than the top tank, and hence tank 2 contains the dominant tine constant.

For a Iimear first order system the time constant can be obtained by measuring the
time taken for the measured vanable to reach 63.2% of its final value after the
application of a step mput (BURGHES and GRAHAM, 1980). The approach taken
was to use this fact and small step mnputs (u) were applied to the process over a
number of different operating regions. The time taken for the process output hy to
reach 63.2% of its final value at the different operating regions was monitored. For
small step changes in the input, the process can be assumed to be linear around 1ts
operating point, and the time constant of tank 2 can be estimated. The above was
performed on FPMODELI1 and also on the real laboratory scale process resulting
in a number of time constants for each of the different operating points. From the
range of titne constants obtained the choice for the real process was 3 minutes, and
for the FPMODELI1 5 minutes. The sampling period was taken to be a fifth of the
dominant time constant, resulting in FPMODEL2 having a sampling rate of T¢=0.6

minutes, and for FPMODEL1 T¢=1 minute.

3.3.2 Process excitation

In order to identify the parameters, represented by the weights 1n the neural
network, of a dynamical process model, the training data must contain sufficient
information about the process under consideration. Also the training data set
should be representative of the entire class of inputs that the eventual process
model will be subjected to (NARENDRA, 1990). This will ensure that the process
model will respond in the desired fashion even when an input, not included in the
training set, is applied to it. In general terms, the input signal to the process should

persistently excite the process in all modes of operation. In linear systems theory a
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signal that satisfies the above requirements is a Pseudo Random Binary Sequence
(PRBS) signal (LJUNG and SODERSTROM, 1983), and this was the signal that
was initially used to excite the process in simulation. FPMODELI1 was excited
around the mnitial conditions, with small deviations and a neural network was used
to 1dentify the process around these conditions. The resulting neural network model
gave excellent process predictions within the bounds of which 1t had been trained
on. However as the range over which the process was excited increased the trained
neural networks prediction performance deteriorated (LISBOA et al., 1991). The
neural network was able to predict well on the PRBS signal that 1t had been trained
on, but when required to predict process performance to other PRBS signals not
used during training, the network failed completely. This was believed to be due to
an inappropriate range covered by the input excitation signal, since using the
PRBS, the input 1s always either fully on, or off. Consequently a signal with
untform random amplitude (RAS) was used to obtain an input-output data set for
training purposes. This signal is sufficiently rich in frequency content and excited
the process over different modes of operation. The RAS is described in section
3.4.1 where modelling of the process using a neural network i1s thoroughly

investigated.

3.3.3 Amount of training data

An important aspect that should be considered when obtaining training data from a
process 1s how many samples are required in order to train a neural network. This
point has not been addressed by many workers in the neural network field even
though 1t 1s an important one. For linear system identification using an ARX
modelling approach, the number of observations, K, taken from the process should
be much larger than the number ng+nj, of parameters to be estimated (STREJC,

1981). This seems a reasonable approach to take when obtaining data from the
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process to estunate the weights in the neural network. Another guideline suggested
by Hall and Smith (1992) 1s to obtain as much data as possible, the more data, the
better the solution, and that a reasonable heuristic for many problems is that of 100
data points for each node 1n the hidden layer. They also point out though that many
acceptable results have been demonstrated with relatively small training data sets.

When obtaiming data from the simulation of a process model, the amount of data
available to train and test a neural network 1s of no problem. However when a real
process 1s being investigated the amount of data available may be restricted. These

points should be considered when constructing a neural network process model.

Hence, for all the sumulation studies conducted 1000 input-output data points were

obtained {for training the neural networks.

3.3.4 Network validation

Trained neural networks were validated on a number of test signals in both one-
step-ahead predictor and recursive model configurations. The test excitation signals

chosen to evaluate network performance were:

(a) a different RAS to that used for training;
(b) a PRBS;

(¢) a set of step inputs.

The input levels of each of these signals were such as to excite the liquid level

process over a wide operational region.

Another method used to examine how well the network had learned the process

dynamics, was to obtain frequency responses around central operating points for
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both the process simulations and the trained neural networks, using spectral

analysis techniques (LJUNG, 1987).

3.4 NOISE FREE SIMULATIONS

The mitial noise free investigations were carried out using FPMODELI1 and then
on the calculated mathematical model of the physical process, FPMODEL?2. For
both models, the two forms of conditioning the process data, namely SNDM and
SEDM (section 2.7), were implemented, and the resulting trained neural networks
were validated in both the one-step-ahead predictor and model configurations. The
realisation of the neural network models using the different coding techniques is

now discussed.

3.4.1 FPMODEL]1 using SNDM

FPMODELL1 was implemented into an ACSL program in which the process was
excited by a RAS applied to the process valve, in order to control the liquid inflow
- rate into tank one, qg. The RAS was produced by adding a random value, generated
using a function available in ACSL, between -0.5 and 0.5 to the steady state value
of the process input. The chosen values enable the process output, hy, to be excited

over the desired non-linear region.

Two data sets were generated in the simulation, one of them "data set one" Figure
3.6 was used for training the neural network, and the second "data set two", Figure
3.7 was used to test the neural networks generalisation capabilities at various stages

of the tramning period. Different random amplitude signals were generated by
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mitialising the random number generator in ACSL to distinct values before the start

of the simulation.
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Figure 3.6 Process data set used for training
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Figure 3.7 Process data set used for testing
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3.4.1.1 Neural network structure

As described 1n Chapter 2, the choice of the number of mput nodes can severely
affect the network performance. Since 1t 1s known that the process when linearised
around an operating point has second order dynamics, two past inputs and two past
outputs were used as iput to the neural network configured in the NARX
structure. The objectivé was to develop a neural network that could predict the
height of liquid in the lower tank, hy, and hence this required one processing unit
in the output layer. The nummber of processing units in the hidden layer was chosen
by expertmentation. For each case, the neural network was trained on "data set
one" until the MSE for the complete data set was less than a pre-specified value of
0.0004 which was deemed to be a suitable choice. The number of complete passes

of the data set was noted for each of the networks and 1s illustrated in Figure 3.8.

It can be seen that the neural network converged to the specified MSE {for each of
the number of hidden processing units specified, the optimum number chosen was

eight. The overall network topology was as shown in Table 3.1.

S — - . .

Number of mput nodes Number of hidden nodes Number of output nodes

4 . 8 - - 1

Table 3.1: Neural network topology for FPMODEL]1 using SNDM

With this network topology there was a total of 49 network weights to be

evaluated.
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Figure 3.8 Selection of the number of hidden processing units

3.4.1.2 Training the neural network

Once the overall topology of the neural network had been decided upon, the next
stage was to train the neural network on the data obtained from the simulation of
the process. The two data sets were conditioned using SNDM so that the range of
the data presented to the neural network was within the bounds of the sigmoidal

function.

The weights in the neural network were initialised to random values betwe.en -0.1
and 0.1, and this was the case for every network trained. The initial values of the
learning rate and momentum terms in the back propagation algorithm were set to
values close to 1.0. After a certain amount of training, the values were reduced to
improve the networks convergence. The initial, near unity values enable faster
learning, however, if kept at these values, this will cause oscillations in the network
output error as the network approaches its minimum. The values of the learning

rate and momentum used are illustrated in Table 3.2.
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o A e
A i

Le

i No. of training passes

arning rate n Momentum o

0.9 0.6

0.4 0.15 |

Table 3.2: Values of learning rate and momentum during network training

During the mmitial stmulation studies 1t was discovered that when the neural network
was tested on "data set two" whilst configured in the predictor configuration the

MSE between the predictions of the network and the required process output kept

on reducing as the training proceeded, Figure 3.9.
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Figure 3.9 Termination of network training
In order to evaluate the networks generalisation i1t should be tested in the model

configuration at various stages of the training, the result of this i1s also shown in

‘Figure 3.9, which indicates that there 1s an optimum stage at which to stop network
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training after which the MSE starts to increase. The neural network was considered
to be optimally trained after 700 complete passes of the traiming data set and

network training was terminated.

3.4.1.3 Validation of the trained neural network

The trained neural network was validated on the test signals described in section
3.3.4. Results for the trained network operating in the one-step-ahead predictor

configuration will firstly be presented.

The performance of the trained neural networks predictions compared to the output
of the process, when tested on the training RAS was very accurate as expected. The
prediction perforinance when tested on a different RAS is illustrated in Figure
3.10. Only the first 100 points of the response have been shown in order to
improve clarity. The response of the network accurately matches that of the

process, and this is supported by a small MSE of 0.0017..

Similar accuracy was obtained when the neural network was subjected to a PRBS
input signal, Figure 3.11. When the input signal applied to the network was a set of
steps, there were offsets between the neural network and the required process
output for two of the steady state values although the network had captured the two
other steady state levels accurately, Figure 3.12. The network follows the response
of the process to the set of steps very well and this suggests that the network has

learned the transient behaviour of the process.
The network was then configured in the recursive model configuration and the

signals used above were reapplied to the neural network to evaluate the

perforinance as a recursive model.
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Figure 3.13 1illustrates the response of the process and the neural network
predictions for the test RAS. As a model, the accuracy of the network has

deteriorated, and this is shown by large errors in the networks response.

When tested on the PRBS signal the accuracy was not as good as when the neural
network was configured as a predictor, as the neural network fails to reach the
upper limits of the PRBS response and there are slight errors throughout the
predictions, Figure 3.14. The performance on the set of steps, Figure 3.15, was
very poor, with large offsets occurring between the required steady state values of

the process.
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Figure 3.10 Response of SNDM network tested as a predictor on a random
amplitude signal
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Figure 3.11 Response of SNDM network tested as a predictor on a PRBS signal
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Figure 3.12 Response of SNDM network tested as a predictor on a set of step
input signals
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Figure 3.13 Response of SNDM network tested as a model on a random
amplitude signal
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Figure 3.14 Response of SNDM network tested as a model on PRBS signal
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Lower tank level, metres

| ¥ T | | - T

B T process
i model
|
e ——
I AR G I ]
0 100 200 300 400 500 600 700 800

Sample number

Figure 3.15 Response of SNDM network tested as a model on a set of step
Signals

3.4.2 FPMODEL] using SEDM

The same 1000 input-output data points introduced in section 3.4.1 were again
employed, the difference being that the data, to be presented to the neural network,

was spread over 6 nodes using the SEDM technique.

3.4.2.1 Neural network structure

As for FPMODELI the number of input nodes used was four in order to cater for
the two previous inputs and outputs from the process being used. One output node
was required and since each data value is spread over six nodes the resultant
network had 24 input nodes and six output nodes. Six nodes were used in the

hidden-layer of the network. The overall neural network topology is shown 1n

Table 3.3.

035
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— ____ -
Number off hidden nodes | Number of output nodes
§ l

Table 3.3: Neural network topology for FPMODEL1 using SEDM

Number of input nodes

The network had a total of 192 weights (including bias weights) to be estimated

and the 1000 input-output data points used for training was adequate.

3.4.2.2 Training the neural network

The learning rate and momentun parameters were set to the same values used for
the network trained using SNDM conditioning, Table 3.2. Figure 3.16 indicates
that the optimum amount of traming to give the network was that of 300 complf;te
passes of the training data set, and network training was terminated at this point.
Figure 3.16 also illustrates that if the network is tested in the predictor

configuration during network training that the MSE continues to reduce as was

illustrated for the SNDM network.
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Figure 3.16 Termination of network training

3.4.2.3 Validation of the trained neural network

When tested on the same RAS that the network was trained on, the predictions of

the neural network were very accurate as expected.

Figures 3.17 and 3.18 illustrate the accuracy of the neural network when tested on
a different RAS and a PRBS signal respectively. In both cases the networks
predictions accurately match the response of the simulated dual tank liquid level

systein, with respective MSE of 0.0012 for the RAS and 0.00096 for the PRBS.

The network's output for the set of step inputs is shown in Figure 3.19. The result
is very similar to the one obtained for the SNDM network. Two steady state values
have been learned accurately, but at steady state values at the top and bottom of the
waveform there 1s slight errors between the predicted and actual process steady

state levels, although these errors are smaller than was observed for the SNDM
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network. Figure 3.20 indicates that in the model structure and tested on a new RAS

the predictions are very good.

Figures 3.21 and 3.22 illustrate that the response of the network in the model
structure, when tested on the PRBS and set of steps, 1s virtually the same as when
the network was tested in the predictor structure with a high degree of accuracy
obtained. The steady state offsets for the set of steps Figure 3.22, are much smaller

than that which was observed for the SNDM network 1n the model configuration.
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Figure 3.17 Response of SEDM network tested as a predictor on a random
amplitude signal
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Figure 3.18 Response of SEDM network tested as a predictor on PRBS signal
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Figure 3.19 Response of SEDM network tested as a predictor on a set of step
input signals
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Figure 3.20 Response of SEDM network tested as a model on a random
amplitude signal
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Figure 3.21 Response of SEDM network tested as a model on a PRBS signal
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Figure 3.22 Response of SEDM network tested as a model on a set of step
Inputs

3.4.3 Summary

The ability of a neural network to accurately capture the dynamics of the dual tank
liquid level process has been investigated. Two forms of conditioning the data
presented to the neural network namely SNDM and SEDM were investigated, and
the ability of the trained neural networks to predict the process output in both the
predictor and recursive model configurations were illustrated. It 1s concluded {rom
the above that when the neural networks are configured as a predictor, both the
SNDM and SEDM techniques result in networks that are accurate at predicting the
process performance. However, when configured as recursive models the neural
network trained using the SNDM fails to be able to accurately predict the process
performance, whereas the network trained using the SEDM technique has

comparable results to when it was tested in the predictor structure. Since the use of
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the neural network in the model configuration i1s highly desirable, then using the
SEDM technique is advantageous. Although network complexity is increased using
this method of coding, the network required fewer hidden nodes than the SNDM
network. Also, as shown in Figures 3.9 and 3.16 the network's MSE using the

SEDM method is much smaller than that of the SNDM network, and that the
network had converged i 300 passes compared to 700 passes for the SNDM

network. In view of the above points all future process identification carried out

uses the SEDM method.

The mathematical model of the real laboratory scale process (FPMODEL2) was
then simulated in ACSL to obtain training and testing data sets, and the procedures
described in the above sections to obtain an accurate neural network process model

using SEDM were applied.

3.4.4 FPMODEL?2 using SEDM

FPMODEL?2 was implemented into an ACSL prograin and simulation studies were
carried out. This model was simulated since it has been demonstrated that 1t is a
close match to the real process (section 3.2.2.1), and hence 1f a neural network 1s
capable of modelling FPMODEL?2 then transfer to the real process should be
smooth. The RAS used to excite the process was generated 1n the same way as in
the pi:evious simulations, with random values between -50 and +50 added to the
steady state valve mput of 150. This enabled the digital nuinber to the valve to
range between 100 (fully closed) and 200 (fully open). The period between

successive updates of the RAS was set at one sample.
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3.4.4.1 Neural network structure

The neural network structure used in section 3.4.2.1 was retained, Table 3.3 shows

the number of processing units used.

3.4.4.2 Training the neural network

Data presented to the neural network was conditioned using the SEDM method and
the parameters of the back propagation algorithm were set at 0.9 for the learning
rate and 0.6 for the momentum, and as training proceeded these values were
reduced as shown in Table 3.2. The network's generalisation started to deteriorate
after approximately 350 presentations of 'data set one' and network training was

terminated at this point.

3.4.4.3 Validation of the trained neural network

The neural network was tested as before on the set of test signals listed 1n section
3.3.4, and the prediction performance 1 both the model and one-step-ahead
predictor configurations was lnoted. Figures 3.23 to 3.25 1illustrate the accuracy of
the neural network when tested in the predictor configuration. In each of the three
figures the neural network predictions for the RAS, PRBS and step input are 1n
very accurate agreeiment with the response of the process output.

Configured in the recursive model structure the neural network's predictions of the
process output are illustrated in Figures 3.26 and 3.27 for the RAS and PRBS
respectively and Figure 3.28 for the step input. The accuracy of the predictions 1s
not as accurate as when configured in the predictor structure ‘as indicated by the
MSE of each of the responses, but 1s significantly higher than would be obtainable

using a SNDM network.
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Figure 3.23 Response of SEDM network tested as a predictor on a random
amplitude signal
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Figure 3.24 Response of SEDM network tested as a predictor on a PRBS
signal
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Figure 3.25 Response of SEDM network tested as a predictor on a set of step
input signals
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Figure 3.26 Response of SEDM network tested as a model on a random
amplitude signal
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Figure 3.27 Response of SEDM network tested as a model on a PRBS signal
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Figure 3.28 Response of SEDM network tested as a model on a set of step
Input signals
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3.5 PROCESS SIMULATIONS WITH MEASUREMENT NOISE

The presence of sumulated process noise added to the mecasurement of the height of
liquid 1n tank 2 makes the problem of modelling the process more realistic, since in
practice the measurements taken from the laboratory scale liquid level process, and
in general from most processes will contain noise as an integral piaﬁ of the

measured value.

The sunulated noise added to the process output was Gaussian in nature and was
generated using a function available in ACSL. The signal to noise ratio (SNR), was

calculated using equation 3.9

SNR =20log, | 12 dBs .(3.9)
O-E'

where ofy2 and o are the standard deviations of the process output hy and the
noise. The standard deviation of the noise was chosen so as to obtain a SNR of
20dBs. The studies were carried out on FPMODEL1 using SEDM coding of the
data. - .

3.5.1 FPMODEL1 using SEDM

The simulation data used in the previous sections was generated again and at each
sample period the process output was disturbed with noise. The standard deviation
of the noise in both data sets was the same but the random noise values were made

different by the initialisation of the seed of tlie random number generator available

in ACSL.
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3.5.1.1 Neural network structure and training

The topology of the SEDM network used in section 3.4.2.1., Table 3.3, was
retained. Testing the neural networks generalisation capability at various stages of

the training resulted in the neural network having the training data passed through

1t 600 times, Figure 3.29.
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Figure 3.29 Termination of network training for network trained with noisy
data

3.5.1.2 Validation of the trained neural network

The neural network trained with measurement noise superimposed onto the process
output was evaluated 1n both the predictor and model configurations, on the test
signals. In addition the frequency response of the neural network around linearised
operating points was also investigated and compared to the frequency response of

FPMODELI1 around the same operating points.
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Figures 3.30 to 3.32 show the response of the neural network compared to that of
the true process output (the process output without the noise superimposed), when
in the predictor structure. The predictions of the neural network are slightly less
accurate than the neural network trained without noise, (section 3.4.2), but are still

acceptable.
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Figure 3.30 Response of SEDM network tested as a predictor on a random
amplitude signal
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Figure 3.31 Response of SEDM network tested as a predictor on a PRBS

signal
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Figure 3.32 Response of SEDM network tested as a predictor on a set of step

input signals
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Figure 3.33 Response of SEDM network tested as a model on a random
amplitude signal |
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Figure 3.34 Response of SEDM network tested as a model on a PRBS
signal |
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Figure 3.335 Response of SEDM network tested as a model on a set of step
input signals

As a model, the response of the neural network to the same signals 1s 1llustrated 1n
Figures 3.33 to 3.35. The maximum error between the predicted and actual output
for these tests was 4% which is well below the level of noise in the data and

1llustrates the good noise rejection properties of neural networks.

The frequency responses of FPMODEL! and the neural network around two
operating regions are shown in Figure 3.36. Figure 3.36 illustrates the amplitude
and phase responses for the liquid level in tank two at 5Sm and also when the liquid
level was perturbed around 3.2m. The figure illustrates that both the phase and
amplitude of the neural network are in good agreement with that of the process,
and this further supports the ability of neural networks to i1dentify the non-linear

process.
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Figure 3.36 Frequency and phase responses about linearised operating points

3.6 SUMMARY

The ability of a neural network to represent a simulation of a non-linear dual tank
liquid level system has been demonstrated. It has been shown that SEDM has
greater accuracy over SNDM. A first principle model of the laboratory process was
obtained and validated against the laboratory process by subjecting both to a

number of input test signals and comparing their responses.

A number of practical aspects have been discussed, involving the sampling time

and the process excitation signal required in order to successfully identity a process
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using a neural network. The amount of fraining data required to train a neural
network was also considered, with techniques used in linear systems identification

bemg deliberated.

The more realistic case of process noise disturbing the reading of the height of
liquid 1n tank 2 was investigated, and 1t was demonstrated that a neural network
trained with noisy data using the SEDM technique was still capable of making
accurate predictions in both the one-step-ahead predictor and recursive model
configurations. Frequency responses around linearised operating regions for both
the trained neural network and FPMODEL1 were taken, and the results indicated

that the neural network had learned the process dynamics accurately.
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CHAPTER 4

ANN MODELLING OF THE LABORATORY PROCESS

4.1 INTRODUCTION

Chapter 3 demonstrated the feasibility of using the MLP neural network, in
conjunction with the SEDM method of conditioning the data to obtain an accurate
model of the non-linear dual tank liqud level system over a wide operational
region 1n sumulation. This Chapter applies the techniques used and the insights
gained 1n Chapter 3, to obtain a neural network model of the real dual tank liquid

level system available in the control systems laboratory.

The dual tank liquid level process rig and necessary equipment used in conjunction
1s described. Characteristics associated with real processes, including the liquid-

level process, not present in the simulations are also considered.

The prediction perforinance of trained neural networks is evaluated using the three
test signals used 1n Chapter 3. The correlation based tests described in section 2.5.1
are also mmplemented to further justify the overall network performance. The
practical problem of outliers in the real process data, and the effects that these can

have on the correlation based model validity tests are also addressed.

4.2 THE LABORATORY PROCESS

The dual tank liquid level system available in the laboratory for on-line
investigations is illustrated in Figure 4.1. Both of the process tanks are made of

plexiglass cylinders 1.2 m in height, cross-sectional area 0.01474 mZ and a liquid
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capacity of 20 litres. All of the pipe work is standard 25.4 mm copper, with manual
valves 1nserted at the outlets of each of the tanks (m3+m4), and also at the outlet of
the process pump (m1) in order to set liquid flow rate at these points as required.
The process rig includes industrial standard actuator and sensor equipment which is

described in the following sub-section.

Tank 1
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Computer

INTERFACE

|

P/}

Tank 2 M
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Reservoir Pump
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P1  Pneumatic control valve
I/P Current—to—pressure converter

P/l Pressure—to-current converter

Figure 4.1 The laboratory dual tank liquid Ievel process
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4.2.1 Process equipment

Only the height of liquid 1n tank two 1s measured, the height of liquid 1n tank one is
assumed to be unmeasurable. A differential pressure (D/P) cell measures the
pressure at the bottom of tank two, which 1s linearly related to the height of hiquud.
The pressure reading output from the D/P cell 1s fed into the input of a pressure to
curtent (P/I) converter, and the current 1s then transformmed to a voltage level
between 1volt and Svolts before application to the input of the analogue to digital

converter (ADC) situated in the computer.

The output from the computer 1s a digital number which 1s converted via the DAC
into a voltage between 1 volt and 5 volts. This 1s then changed into a current in
order to drive the current to pressure (I/P) converter. The pressure from the I/P
converter 1s used to activate the pneumatic control valve, which controls the flow
of liquid into the top tank. The I/P converter and process valve were calibrated
such that a digital output number of 100 from the computer closed the process
valve, and a number of 200 fully opened the process valve. The digital numbers

oufput to the process valve were integer values between this range.

The hiquid, contained within a reservoir, 1s pumped into the system by a 'Stuart’
pump which can be operated continuously for a maximum of 3 hours within any 24
hour time period. This manufacturer's time limit on the use of the pump restricts
the amount of data acquisition that can be made in a single process run, and the

implications of this are discussed 1n section 4.2.3.
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4.2.2 Features of the real process

The first principle mathematical model obtained of the real process in Chapter 3,
and used 1n stmulation studies 1to obtaining a neural network model of the process
gives a good sight mto the capabilities of the MLP, but cannot fully justify the
ability of the neural network to accurately model a real non-linear process. This 1s
because for real processes certain phenomena exist that are rarely included in
simulation studies, and in some instances 1t may be very difficult to represent these
phenomena in a simulation program. The dual tank hqud level proccsé, although
not complex in nature, exhibits features that are characteristic of many industrial

processes. These include:

1) Noisy and quantised measurement of the bottom tank level,

2) Non-linearities. These are mainly due to a square root relationship between the
outflow rate and level of liquid 1n each tank, and valve stiction,

3) Disturbances, e.g. occasional fluctuations m the pump speed,

4) Tune variations on a run-to-run basis, €.g. the same process input can cause
different steady state levels in the tanks,

5) Industrial standard actuator and sensor hardware,

6) An unmeasured process state, the level of liquid in the top tank.

The above features enabled a thorough practical investigation of the ability of the

MLP neural network to model real processes.

4.2.3 Data acquisition

Software for data acquisition was written in the Microsoft Quick BASIC

programming language. Routines were developed to transform the digital number
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